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TgStore: An Efficient Storage System for
Large Time-Evolving Graphs
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Abstract—Existing graph systems focus mainly on the execution
efficiency of the graph analysis tasks, often ignoring the importance
and efficiency of time-evolving graph storage. However, to effec-
tively mine the potential application values, an efficient storage sys-
tem is important for time-evolving graphs whose storage require-
ment scales with the increasing number of snapshots. Storage cost
and snapshot access speed are the two most important performance
indicators for a time-evolving graph storage system, which are chal-
lenging for designers of such systems because they are conflicting
goals. In this article, we address these challenges by proposing an
efficient storage scheme for the large time-evolving graphs. We
first design a Snapshot-level Data Deduplication (SLDD) strategy to
eliminate the large number of repeated vertices and edges among
the snapshots, and then a Structure-Changing Graph Representation
(SCGR) to significantly improve the snapshot access speed. We im-
plement an efficient time-evolving graph storage system, TgStore,
based on this scheme to effectively store large-scale time-evolving
graphs, aiming to efficiently support the time-evolving graph analy-
sis tasks. Experimental results show that TgStore can obtain a high
compression ratio of 43.03:1 when storing 100 snapshots of Twitter,
while with an average snapshot access speedup of 16 x. Efficient
storage scheme enables TgStore to efficiently support time-evolving
graph algorithms. For example, when executing the Pagerank algo-
rithm on the time-evolving graph of Twitter, TgStore outperforms
Graphone, a state-of-the-art time-evolving graph storage system,
by 15.9 X in algorithm execution speed and 1.45 X in memory usage.
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I. INTRODUCTION

VER the past decade, many graph systems have been built
O to support complex graph analysis tasks, such as Pregel [1]
from Google. Most of them focus mainly on execution efficiency
of the graph analysis tasks, while ignoring the importance and
efficiency of graph storage. However, the sudden outbreak of
Coronavirus Disease 2019 (COVID-19) has revealed that well-
designed time-evolving graph storage systems are also very
important and a key to efficient graph computation systems. A
graph representing real-world applications usually evolves over
time as the vertices and edges change, which can be captured by
a series of snapshots, each reflecting the state of the graph for
a certain time point. The set of these snapshots of a real-world
graph is defined as a time-evolving graph. Specifically, an effi-
cient graph storage system is necessary to store the large number
of snapshots obtained frequently and continuously during the
evolution of the pandemic. Each snapshot, typically, can be used
to model persons and the relationships among them at a certain
time point. For example, Guo et al. [2] model time-evolving
graph of COVID as follows. The time interval between any two
consecutive snapshots is 14 days. In each snapshot, each vertex
represents one person. An edge means that two persons are in
contact. Vertices are divided into five risk levels as follows. (1)
Test positive: infected persons; (2) RL-1: 1-hop neighbors of
test positive persons; (3) RL-2: 2-hop neighbors of test positive
persons; (4) RL-3: 3-hop neighbors of test positive persons; (5)
Safety: risk-free persons. By using the collected and stored data
of snapshots, evolution of the pandemic can be tracked in real
time, and trend prediction algorithms can also be designed by
using the computation results of historical snapshots [3].

More recently, it is encouraging to note that some scholars
and major corporations have begun to focus on graph storage
systems and their efficeincy, due to the increasing application
requirements from industrial projects [4]. However, there is
still a hard and long way to go for the technology of graph
storage system to reach a maturity level like that of relational
database management systems (DBMS), due to some stumbling
blocks that need to be overcome and key techniques that require
improvement. This paper focuses mainly on the challenges of
storage cost and snapshot access speed facing graph storage
systems that are designed to support graph analysis.
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Storage cost and snapshot access speed are the two most im-
portant performance indicators when designing a time-evolving
graph storage system. Because reducing storage cost requires
graph data compression that often renders accessing individual
snapshots difficult and time-consuming, they can be conflicting
design goals and difficult for designers to stride a good balance
between them. That is, on the one hand, time-evolving graph
storage techniques, such as graph compression, should be well
designed to collect and store the large number of snapshots
obtained frequently and continuously from the external busi-
ness system, with a sufficiently low per-snapshot storage cost.
This helps storage systems efficiently support the time-evolving
graph analysis task that usually needs to process many snapshots
simultaneously. On the other hand, low storage cost usually
comes at the expense of low snapshot access speed when adding
the new snapshots into the graph storage system and loading the
stored snapshots into memory to support analysis tasks.

In this paper, we present an efficient time-evolving graph
storage system, called TgStore, that provides an ecosystem to
manage the large number of snapshots of a time-evolving graph,
with low storage cost and high access speed of snapshots. This
efficiency stems from two key designs, that is, the Snapshot-level
Data Deduplication (SLDD) and the Structure-Changing Graph
Representation (SCGR). SLDD, as the name implies, is designed
to remove duplicate objects (vertex or edge) by first obtaining
a union of all snapshots, set (SU), so that each object (vertex
or edge) that would otherwise appear repeatedly in different
snapshots occurs only once in set (SU). This method is inspired
by Huo and Tsotras [5] who use snapshot union set to design
shortest path algorithm where the snapshot union set is employed
to compute the lower limit of the shortest path value among the
snapshots. Different from them, we employ snapshot union set
to reduce the average per-snapshot storage cost, aiming to design
an efficient time-evolving graph storage system. Experimental
results show that this method can significantly reduce the storage
cost of an average snapshot. The benefit of this method is based
on the high snapshot similarity of real-world time-evolving
graphs, e.g., only about 0.09% of edges between any two consec-
utive snapshots of the Weibo dataset! are different. The higher
snapshot similarity between any two consecutive snapshots
means that the difference between them is smaller, resulting in a
smaller snapshot union set (SU) of a time-evolving graph. Each
object (vertex or edge) in the snapshot union is associated with a
bitmap with bits indicating the object’s presence/absence (1/0) in
all snapshots. By using these bitmaps, any snapshot can be easily
reconstructed based on the presence/absence of an object in the
snapshot, without any costly decompression operation, resulting
in a high speed of snapshot reconstructing. Like bitmap-based
designs for other purposes, the bitmap-based TgStore will be
space-efficient [6], [7] where only one bit is needed to represent
a repeated object in a snapshot.

However, it is nontrivial to design an efficient data structure
for Snapshot-level Data Deduplication. The reason is that, com-
paring with the static graph, the graph structure of the snapshot
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union set (SU) of a time-evolving graph is dynamically chang-
ing with the added vertices or edges of each newly appended
snapshot. To append a new snapshot, the storage method for
the structure-changing graph usually needs to execute many
data movement operations on disk files [8], resulting in a long
appending time.

In order to address this challenge, we design an efficient
data structure for the structure-changing SU by improving the
log-based graph data representation [9], [10]. The log-based
approach stores a time-evolving graph by using log structure
built on a baseline snapshot, which logs changes to the baseline
that come from the external business system. The log records all
the deleted and added vertices and edges from the last snapshot
to represent a new snapshot, without any data movement oper-
ations. However, log-based method has two limitations. First,
there are still many repeated vertices and edges in the log since
vertices and edges can be removed from one snapshot and added
back in one of the subsequent snapshots. Second, it requires
a long time to reconstruct a snapshot by using the baseline
snapshot and the log segment between the baseline and the
targeted snapshot. Like the log-based graph data representation,
our method also obtains the new snapshot by logging changes
from the external business system, since it is easy for the external
business system to record the changes [11]. Unlike the log-based
graph data representation, however, we process a log segment
differently when appending a new snapshot, as follows. We
create an incremental edge data block for the new snapshot,
which only stores the new edges that are not included in snapshot
union set SU. We do not store the deleted edges in the new edge
data block; instead, for each deleted edge we first lookup its
location in the edge data block of the baseline snapshot or one
of the incremental edge data blocks, and then append a bit with
the value of O to the bitmap of this edge. This indicates that this
edge is moved from the new snapshot. For each added edge, if
it has existed in the old snapshot union set SU, similar to the
case of a deleted edge, a bit with the value of 1 is appended to
the bitmap of this edge, indicating that this edge was deleted in
one of the previous snapshots but is added back in the current
snapshot. Otherwise, the added edge will be added to the new
edge data block, where a new bitmap will be created for this
brand-new edge with the last bit being set to 1 while all other
bits to 0.

The Structure-Changing Graph Representation has a high
speed of appending snapshots since the difference between any
two consecutive snapshots is usually small, needing only a small
number of lookups, each requiring one random access. There
may be exceptions to this norm. Take the COVID-19 pandemic
as an example, a large number of vertices and edges can be
removed or deleted from a new snapshot because of the rapid
development of the pandemic. To address this problem, we
improve our method by traversing the edge data block of the
baseline snapshot, the incremental edge data blocks and the new
log segment, to execute the task of appending a new snapshot. It
is more efficient if the number of the added and removed edges
is sufficiently large, since sequential accesses are faster than
random accesses in both disk and memory. TgStore adaptively
adopts one of the two methods to obtain an optimal speed of
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snapshot appending by evaluating the number of the removed
and added edges.

TgStore, an efficient storage system for time-evolving graphs,
has been designed and implemented in this paper to sup-
port single-node and in-memory time-evolving graph analysis
tasks [4], [12]. Although we believe that it can also be built on a
distributed system [13], [14], it is beyond the scope of this paper
and we leave it as a topic of future study.

This paper makes the following contributions:

® An efficient storage scheme for time-evolving graphs: we
first design Snapshot-level Data Deduplication (SLDD)
to reduce the per-snapshot storage cost, which also en-
ables high-speed snapshot reconstruction. We then design
Structure-Changing Graph Representation (SCGR) to ad-
dress the data movement problem of SLDD, resulting in
high-speed snapshot appending. SCGR also optimizes the
edge storage, further reducing the per-snapshot storage
cost.

o [mplementation of TgStore: we implement TgStore based
on the storage scheme, with about 5000 lines of C code.
Experimental results show that TgStore has a high com-
pression ratio of 43.03:1 when storing 100 snapshots of
Twitter. The reduced storage cost further speeds up average
snapshot loading by 16x.

The rest of the paper is structured as follows. Background and
motivation are presented in Section II. Section III introduces
the system design of TgStore. Experimental evaluations of the
TgStore prototype are presented in Section IV. We discuss
related work in Section V and conclude the paper in Section VI.

II. BACKGROUND AND MOTIVATION

In this section, we first introduce the time-evolving graphs in
Section II-A. We then discuss single-snapshot oriented methods
in Section II-B and multiple-snapshots oriented methods in
Section II-C. The discussion and analysis motivate us to present
TgStore.

A. Time-Evolving Graphs

A time-evolving graph (TEG) consists of a series of snapshots,
which can be represented as TEG = {S; } where i is an increasing
integer from 0. Each snapshot .S; = (V;, E;) represents the state
of the graph at a specific time point during the evolution process,
where V; is the vertex set of S;, E; is the directed edge set of S;.
For example, the time-evolving graph in Fig. 1 has three snap-
shots. Time-evolving graphs can be used to predict future trends
in the real world, such as the trend of the epidemic and pandemic,
by mining the inherent law among the historic snapshots of the
real-world graph [3]. A TEG analysis algorithm typically works
in two steps: (1) executing a same static graph algorithm on
each snapshot separately; (2) using a certain machine learning
algorithm, based on the computation results of the snapshots, to
study the development law of real world and predict the future
trend.

In order to support the TEG analysis algorithms efficiently, an
efficient time-evolving graph storage system is very important,
which should be well designed to collect and store the large
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Fig. 1. Time-evolving graph with three snapshots.

number of snapshots generated continuously as time evolves, in
a way similar to the case of relational database (DBMS). Storage
cost and snapshot access speed are the two most important and
usually conflicting indicators when designing a time-evolving
graph storage system [4]. In Sections II-B and II-C, we will
discuss the previous works that are most relevant to TgStore.

B. Single-Snapshot Oriented Methods

Google published its graph analysis system Pregel [1]in 2010.
Since then, there has been a surge of interest in graph analysis
systems in both academia and industry. Most of them, such as
Pregel [1], GraphChi [15] and BlizG [14], aim to speed up the
analysis task of static graph, by improving the efficiencies of
computation, Disk I/O and communication. Usually, we call
these systems static graph analysis systems.

A static graph is essentially a snapshot of a time-evolving
graph at a certain time point. There are three key limitations
when a static graph analysis system executes a time-evolving
graph analysis task. First, each snapshot is stored independently
by using a certain data structure, typically, the edgelist [4]. How-
ever, in order to support the time-evolving graph analysis task,
a large number of snapshots should be collected continuously
from the external business systems, resulting in a very high space
cost. Second, when executing a time-evolving graph analysis
task, each snapshot needs to be loaded into memory indepen-
dently, leading to a long loading time for disk I/Os. Third, the
high per-snapshot storage cost limits the number of snapshots
that can be loaded into memory simultaneously, reducing the
performance of some efficient computation methods [3].

C. Multiple-Snapshots Oriented Methods

Storing a time-ordered sequence of snapshots naively, e.g.,
as in Yang’s model [16], and Rossi’s model [17], would clearly
require a prohibitively large storage capability. A few recent pa-
pers address the issues of storage and retrieval in time-evolving
graphs. DeltaGraph [18] designs an index data structure that
compactly stores the history of all changes in a dynamic graph
and provides efficient snapshot reconstruction. It represents
each snapshot by storing the incremental data difference (Delta)
between the baseline and the current snapshots, aiming to reduce
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the average snapshot storage cost. Variants of this strategy
have been presented in Koloniari’s model [9], [10], Khurana’s
model [11] and Chronos’ model [3]. However, there are still a
large number of vertices and edges that are stored repeatedly in
Deltas, since vertices and edges can be deleted and then recov-
ered in any subsequent snapshots. G¥*[19] compresses dynamic
graph data based on commonalities among the graphs in the
series for deduplicated storage on multiple servers. However, it
was designed mainly to support complex queries on large graphs.
LLAMA [12] uses multiversioned arrays to represent a mutating
graph, but their focus is primarily on in-memory representation.
There is also recent work on streaming analytics over dynamic
graph data [20], [21], but it typically focuses on analyzing only
the recent activities in the network.

Another challenge to designing a time-evolving graph storage
system is the data structure that organizes the data for storage and
retrieval, since it should support the appending of new snapshots
efficiently. APMA [8] introduces an adaptive packed-memory
array to deploy time-evolving graphs. It handles this problem
by reserving storage space for the vertices and edges of the new
snapshot. This comes at the storage cost for the reserved storage
space. The efficiency of new snapshot appending is also the
problem that the recent work Graphone is facing when the edge
log data of the new snapshot is moved to the adjacency store
to create a new adjacency list version [4]. This process is time-
consuming [8].

D. Motivation

In summary, for large time-evolving graphs, most existing
graph systems store and process each snapshot separately, re-
sulting in costly storage overhead of average snapshot and long
time for loading and computing. They are inefficient in terms of
storage capacity. Several storage-oriented graph systems have
been proposed to address the problems, by using different meth-
ods. However, key challenges, such as average snapshot storage
cost and snapshot access speed, remain inadequately addressed.

The discussion and analysis above motivate us to present
TgStore that can effectively support analysis tasks for large
time-evolving graphs by efficiently storing a large number of
snapshots obtained continuously from external business sys-
tems.

III. SYSTEM DESIGN AND IMPLEMENTATION

We first introduce the snapshot-level data deduplication
of TgStore in Section III-A. The efficient representation of
structure-changing of the snapshot-level data deduplication in
Section III-B. We further present the optimizations in Sec-
tion III-D, and present several functions designed to facilitate
the design of time-evolving graph algorithms over TgStore in
Section III-E and a summary in Section III-F.

A. Snapshot-Level Data Deduplication

Investigation of Time-evolving Graphs: Real-world time-
evolving graphs have an important feature of snapshot similarity
that has been reported in several recent studies [22]. However,

most of their results have been derived from the time-evolving
graph datasets that were generated artificially based on the static
graphs [4], [12]. This method does not help us study the features
of real-world time-evolving graphs, further hindering the design
and implementation of efficient time-evolving graph storage
systems.

To address this problem, we collect three types of datasets,
that is, the social network Weibo dataset, the web U.K. dataset?:3
and the collaboration network Coauthor dataset.* Weibo has 27
snapshots with an average 4.18 x 10 edges per snapshot; U.K.
has 31 snapshots with an average 3.72 x 10° edges per snapshot;
Coauthor has 27 snapshots with an average 2.12 x 10° edges per
snapshot. The time interval between any two consecutive snap-
shots is one day, one day and one year respectively for Weibo,
U.K. and Coauthor. By analyzing the datasets, we find that the
difference between any two consecutive snapshots is small. For
the case of Weibo, the difference any two consecutive snapshots
isonly about 0.09%. This leads to a high ratio of repeated vertices
and edges among the snapshots of a time-evolving graph. Since
the number of publicly available time-evolving graph datasets
is extremely small, some related works, such as LLAMA [12],
resorted to generating snapshots based on static graphs. Like
LLAMA, we also generate a time-evolving graph dataset with
100 snapshots based on the static graph Twitter.> The difference
between any two consecutive snapshots is less than 0.22%,
which is larger than the case of Weibo dataset.

Snapshot Union Set: Log-based method is effective to avoid
the repeated vertices and edges between any two consecutive
snapshots [9], [10]. Since the log can be easily obtained from
the external business system by recording the deleted and added
vertices and edges relative to the last snapshot. However, by
analyzing the datasets, we find that there are still a large number
of repeated vertices and edges in the log since vertices and edges
can be removed from one snapshot and added back soon in one
of the subsequent snapshots. Furthermore, it requires a long time
to reconstruct a snapshot by using the baseline snapshot and the
log between them.

Different from Log-based methods, we employ snapshot
union set (SU) [5] to represent a time-evolving graph. As shown
in Fig. 2, the snapshot union set (SU) can be obtained by execut-
ing the union operation on all the snapshots of the time-evolving
graph. The union operation eliminates all the repeated vertices
and edges among the snapshots, resulting in a very low storage
overhead of an average snapshot. As shown in Table I, the
snapshot union set (SU) of Weibo is only 1.012x larger than
the average snapshot of the original time-evolving graph. This
method is inspired by W. Huo and V. J. Tsotras [5] who use
snapshot union set to compute the lower limit of the shortest
path value of the snapshots. Different from them, we employ
snapshot union set to reduce the storage cost of an average
snapshot, aiming to design an efficient time-evolving graph
storage system. In Table I, the expansion of edges is defined as

2[Online]. Available: https://law.di.unimi.it/webdata/ UK-2007-03/
3[Online]. Available: https://law.di.unimi.it/webdata/UK-2007-04/
#[Online]. Available: https://www.aminer.cn/

5[Online]. Available: http://konect.cc/networks/twitter/
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(a)Time-evolving graph

Fig. 2.

Snapshot union set (SU) with bitmaps.

(b)Snapshot Union Set(S U ) with bitmaps

TABLE I
INVESTIGATION OF TIME-EVOLVING GRAPHS

| DataSet Weibo UK Coauthor Twitter
Type Social Net. Web Collab. net. Social Net.
# of snapshots 27 31 27 100
Interval 1 day 1 day 1 year -
Edges/snapshot 4.18x108 3.72x10° 2.12x 106 1.32x10°
Edges (total) 1.129x 1010 1.153x 101! 5.724x107 1.334x 1011
Vertices/snapshot 1.78x 106 1.07x 108 1.62x 106 4.16x107
Vertices (total) 4.80x107 3.31x10° 4.37x107 4.46x10°
Edges (union set) 4.23x108 7.36x10° 6.72x 106 1.47x10°
Expansion (times) 1.012x 1.980 x 3.170x 1.111x
Vertices (union set) 1.78x 106 1.07x 103 1.63x 106 4.16x107
Expansion (times) 1.000 x 1.000 x 1.006 x 1.000 x

the ratio of the number of edges of the snapshot union set to the
number edges of an average snapshot. Similarly, the expansion
of vertices is defined as the ratio of the number of vertices of
the snapshot union set to the number vertices of an average
snapshot.

Snapshots Reconstructing: A time-evolving graph storage
system should support the application algorithms to obtain any
snapshots from the system rapidly. In order to achieve this goal,
we design a bitmap for each vertex or edge of the snapshot
union set (SU), as shown in Fig. 2. Each bit of the bitmap for
a vertex/edge corresponds to a snapshot and indicates the pres-
ence/absence (1/0) of this vertex/edge in the snapshot, making it
very efficient (with a simple operation) to determine if a vertex or
edge belongs to a certain snapshot or not. Furthermore, as shown
in Table I, the snapshot union set (SU) is only slightly larger than
an average snapshot. As aresult, facilitated by the snapshot union
set (SU), very few irrelevant vertices and edges will be accessed
when reconstructing multiple snapshots to load into memory, a
requirement by most time-evolving graph algorithms, leading a
high speed of snapshot accesses.

Challenges: By using the snapshot union set (SU) with the
bitmaps, we can store time-evolving graphs with a very low
storage overhead and reconstruct snapshots at a high speed.
However, the graph structure of the snapshot union set (SU) is
dynamically changing when it is appended with new snapshots
that come from the external business system. In order to append
a new snapshot, a typical data structure for the snapshot union

set (SU) representing a dynamically changing graph usually
needs to move or reconstruct data, resulting in a long append-
ing time [8]. Let us assume that we use the data structure of
edgelist [4] to store the snapshot union set (SU). When the new
edges from the new snapshot arrive, a number of old edges in the
edgelist file need to be moved to accommodate the new edges
in such a way that the edges of the edgelist file are kept in order,
reducing the speed of the snapshot appending. The ordered edges
make it easy for each deleted edge to locate its exact position in
its bitmap where a bit of the value of 0 will be appended.

B. Efficient Representation of Structure-Changing SU

In order to address the challenges identified above, we propose
an efficient representation for the snapshot union set (SU), as
shown in Fig. 3.

Design of Data Structure: A new snapshot coming from the
external business system is captured in TgStore by using a logfile
that records the deleted and added vertices and edges from the
last snapshot. The reason we adopt this method is that recording
the difference between the last snapshot and the new snapshot
is easily done by the external business system [8].

A Fundamental Edge Data Block (FEDB) is created first
for a time-evolving graph when executing the first operation
of appending a snapshot. Different from subsequent operations
of snapshot appending, we need to store all the edges of the
initial snapshot (Sp) into the FEDB. Each edge is stored together
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with its bitmap. We do not store the vertices since they are
implied by the information on edges. When the time-evolving
graph analysis algorithms load the edges of SU into memory,
information on vertices can be recovered to construct any data
structure in the memory according to the algorithms.

A New Edge Data Block (NEDB) is created when a new
snapshot arrives with the new logfile. It updates the snapshot
union set, together with the bitmaps of FEDB and its previous
NEDBs. The NEDB only stores the edges that do not exist in the
old snapshot union set since each deleted or recovered edge has
existed in the FEDB or one of the previous NEDBs. For each
deleted edge, we only need to locate the edge, and then append to
the corresponding bitmap a bit with the value of 0. For the edge
that has existed in the old snapshot union set and is recovered
in the new snapshot, we only need to locate the edge, and then
append a bit with the value of 1 to the bitmap. Our method is
different from the log-based method [8] and DeltaGraph [18]
that need to store the difference between the new snapshot and
the last snapshot. For each of other edges that do not change, we
only need to append a bit to its bitmap, with the same value of
the last bit.

By using the above design, we do not need to move any edges
when a new snapshot is appended.

C. Snapshot Appending

As a time-evolving graph storage system, the most important
role of TgStore is to store states (snapshots) of the graph at
different time points, and provide the states to time-evolving
graph algorithms. With the time evolving, the time-evolving
graph is updated by appending new snapshots. The efficiency
is important for TgStore. We discuss the snapshot appending in
this Section.

In-Memory Snapshot Appending: TgStore represents a time-
evolving graph with N snapshots by using one FEDB and N-1
NEDBs. They are stored in external storage, typically, the disk.
When appending a new snapshot, the new logfile includes two
types of operation, that is, deleting and adding an edge. For each
deleted edge, we need to locate the edge in the FEDB or one of
the NEDBs, and then set the new bit of the bitmap of this edge as
0. This introduces one random access to search the first position
of the edge group of source vertex of the deleted edge, and then
a number of random accesses to search the exact position in the
edge group. For each added edge, we need to check whether the
edge has existed in the old snapshot union set (SU). Random

(b)Data Structure

accesses also occur in the case of deleted edge. This slows down
the snapshot appending if the number of added and deleted edges
is sufficiently large.

To address this problem, we execute the task of snapshot
appending in memory. When a new logfile arrives, we load the
FEDB, NEDBs and the logfile into the memory together. We
separate the edge bitmaps from the FEDB and NEDBs by using
edge bitmap files that are also loaded into the memory. This
design improves the snapshot appending speed significantly.
Since we only need to load FEDB and NEDBs from disk to
build the indexes that help find the bitmap position of an added
or deleted edge. The loaded FEDB and NEDBs need not to
be written back to disk since they are not changed during the
snapshot appending. We only need to write the bitmap blocks
and the new NEDB back to the disk. This process is efficient
since the bitmap blocks and the new NEDB are small. More
importantly, they are written back sequentially.

Self-Adaptive Snapshot Appending: The design of in-memory
snapshot appending can speed up the process of snapshot ap-
pending significantly. However, the problem of random accesses
still exists in the memory. When the number of added and deleted
edges in the logfile is large, the efficiency of snapshot appending
is still limited. Since random accesses in memory is 10x slower
than their sequential counterparts [23].

Hence, we further optimize TgStore for the case of large
numbers of deleted and added edges as follows. Each block
of FEDB, NEDBs and logfile has a pointer that points to the
first position respectively. The edges in each block are ordered
according to the source vertex and then the destination vertex.
This can be easily done by keeping the edges of each logfile
in order. We compare the current edge of the logfile block with
other edges pointed to by other pointers; if we find one edge
that is “equal” to the current edge of logfile block, only one
operation is needed to set the bit value to 0 or 1, depending on
whether the edge is deleted or added, and then the pointer of
the logfile block moves to next position; if the current edge of
logfile block is “less than” any of the edges pointed to by other
pointers, again only one operation is needed to append this edge
to the new NEDB, indicating that this edge does not exist in
the old snapshot union; otherwise, the pointers of FEDB and
NEDBs move to the next position. This process is repeated until
each of the added or deleted edge in the logfile block has been
processed.

This method needs to access the entire blocks of FEDB,
NEDBs and logfile. TgStore first evaluates the time that this
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process takes. It also evaluates the time for processing one edge
in the logfile by using the random access mode. By using the
two evaluation values, we can calculate a threshold 6. When the
number of added and deleted edges in the logfile block is less
than 6, TgStore adopts the random access mode, otherwise the
batched access mode.

Single Updating: As discussed before, the time-evolving
graph is batch updated when appending a new snapshot. The
appended snapshots represent the historic states of the graph.
Hence, the case rarely happens to update the historic snapshots,
including the graph structure of the snapshot and the values of
the vertices and edges. however, in some cases, updating is also
needed for historic snapshots. For example, wrong value of one
vertex was introduced before the snapshot appending. Hence,
TgStore can also update the state of one object (vertex/edge)
in one snapshot, by moving or adding the object and updating
the value of the object. Specifically, when users need to update
one object, TgStore only needs to locate the object and then
updates the bit of the bitmap for the object according to the
adding operation and the deleting operation, or updates the value
of the object directly.

Traditional relational database management systems (DBMS)
usually adopt the checkpoint idea which guarantees that all the
operations (insert, update and delete) between any two consec-
utive checkpoints can be written back to the disk successfully.
Each checkpoint represents a state of the relational database
management system. The process of snapshot appending in
TgStore is similar to the checkpoint idea. TgStore appends a
new snapshot according to a logfile that records the deleted and
added vertices and edges from the last snapshot. Each snapshot
represents a state of the time-evolving graph. In order to save
storage space, a logfile can be deleted after being used to create
a new snapshot.

D. Optimizations

We further optimize TgStore as follows.

Design of Edge Data Structure: We initially adopt the edge-
list [4] structure to store edge data. The advantage of the edgelist
structure is that each edge data with source vertex and destination
vertex has the same size, making it easy to locate each edge. As
mentioned before, the edges in each block of FEDB, NEDBs and
logfile are sorted by the source vertex and then destination vertex.
However, the source vertex is stored repeatedly in each edge
group. To address this problem, we remove the source vertices
from the data blocks, by using a pointer for each group to identify
the first position of the edge group. This method is simple but
effective, which further reduces the storage cost of an average
snapshot, and similar to the compressed sparse row (CSR) or
linked list [4].

Balancing Storage Cost and Snapshot Access Speed: For
most time-evolving graphs, such as social networks, the size
of the snapshot union (SU) increases slowly when the business
reaches a steady state. However, for some other time-evolving
graphs, such as web graph, the size of the snapshot union (SU)
increases continuously at a certain rate because new webpages
and links are generated continuously at a steady pace. In this
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case, the snapshot access will slow down with time, including
the snapshot appending and reconstructing.

To address this problem, TgStore allows users to split the
snapshots of a time-evolving graph into snapshot segments,
according to the features of business. Each segment with consec-
utive snapshots is stored by using the storage scheme discussed
above. The last segment is responsible for the newly appended
snapshot until a new segment is generated.

E. Facilitating Functions

TgStore is a time-evolving graph storage system that has been
designed and implemented to efficiently support time-evolving
graph algorithms. We present several functions designed to
facilitate the design of time-evolving graph algorithms over
TgStore.

Snapshots Loading: This API helps time-evolving graph al-
gorithms load a snapshot subset of a time-evolving graph into
memory. The bitmap files of FEDB and NEDBs are first loaded
into memory. To improve the memory usage, irrelevant bits in
each bitmap are removed. Then, a vertex list with N elements
is created in memory, where N is the number of vertices of
the snapshot union (SU) of the loaded snapshots. This helps
algorithms locate each vertex easily, according to the vertex ID.
Finally, this API begins to load each relevant edge whose bitmap
contains at least one bit with value of 1. During this process, each
vertex obtains an address that points to its first edge. This API
also evaluates the needed memory space of the snapshot subset.
If the memory capacity is insufficient, the snapshot subset will
be divided into smaller subsets. In this case, the execution task
of the time-evolving graph algorithm will also be divided into
tasks corresponding to the number of the smaller subsets.

At this point, the memory data of the needed snapshots is
ready for the time-evolving graph algorithm.

Snapshot-Level Incremental Computing: Like several time-
evolving graph analysis systems, such as Chronos [3], TgStore
also supports snapshot-level incremental computing to obtain a
higher execution speed of the time-evolving graph algorithm that
regularly needs to execute the same static graph algorithm on
different snapshots. In this case, the baseline snapshot, typically,
the first snapshot Sy or the snapshot intersection (SN) [3], is
selected first, and then executed by using a certain static graph
algorithm. Other snapshots can be executed based on the com-
putation result of the baseline snapshot to speed up the algorithm
convergence.

Computation Models: Like many graph systems, TgStore
adopts the bulk synchronous parallel (BSP) computation
model [1], that is, all the vertices are executed in parallel. When
executing each vertex, there are two alternative modes, i.e., push
and pull [24]. The push mode and pull mode are suitable for
different graph algorithms. The pull mode is efficient for the
graph algorithms, such as Pagerank [25], where most vertices
need to interact with its neighbors. The push mode is efficient
for the graph algorithms, such as Single Source Shortest Paths
(SSSP) [26], where only a small number of vertices need to
interact with its neighbors.
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Algorithm Implementations: We implemented several time-
evolving graph algorithms, including SSSP [26] and Pager-
ank [25], to evaluate Tgstore. The SSSP algorithm computes the
distance of the shortest path from a given source vertex u to each
other vertex in each snapshot. The PageRank algorithm is used
to rank websites in each snapshot. Algorithm 1 illustrates the
execution process of SSSP. The input of the time-evolving graph
algorithm of SSSPis a snapshot set TEG = {So, S1, ..., SN-1}-
Each snapshot can be defined as S; = (V;, F;), where 0 <i <N,
V; is the vertex set of S;, F; is the directed edge set of .S;. After
the snapshot set has been loaded into memory, the first task is
to execute the baseline snapshot (the snapshot intersection SN)
(Lines 2—18). In the initialization stage (Lines 2-7), the value
of source vertex vs is set to 0, the values of other vertices that
belong to the baseline snapshot are set to 4-oo; this means that the
distance from the source vertex vs to any one of other vertices is
currently unknown. In the computation stage, the computation
task proceeds with a number of supersteps (Lines 8~18); in each
superstep, all vertices (excluding vs) that belong to the baseline
snapshot are executed in parallel (Lines 9~16); when executing
each vertex v (Lines 9~17), there is one push operation for
each outgoing neighbor v'; the push operation updates the value
of v’ if a shorter path has been received; the updated values
of v' will be used in next superstep by its outgoing neighbors.
The graph computation job ends at the superstep where each
vertex does not receive a shorter distance. After the execution of
baseline snapshot finished, each of other snapshots is initialized
by using the computation results of the baseline snapshot (Lines
19-34). Then, each snapshot with the computation results of
baseline snapshot is executed to obtain the single source paths
(Lines 35-50).

E Summary

To sum up, TgStore is an efficient time-evolving graph storage
system. We first design the Snapshot-level Data Deduplication
(SLDD) to reduce the per-snapshot storage cost, by using a
union of all snapshots with one bitmap for each object (vertex
or edge) to avoid the repeated objects among snapshots of the
time-evolving graph. We then design the Structure-Changing
Graph Representation (SCGR) to address the data movement
problem of SLDD, by using two key data structures of Fun-
damental Edge Data Block (FEDB) and New Edge Data Block
(NEDB). This design results in high-speed snapshot appending.
To the best of our knowledge, there is no existing work that uses
these techniques to design and implement a time-evolving graph
storage system.

IV. EXPERIMENTAL EVALUATION

A. Experimental Setup

In this section, we conduct extensive experiments to evaluate
the performance of TgStore. Experiments are conducted on the
Intel machine that has 48 E5-2650 cores with 256 GB of RAM.
We study TgStore in terms of storage costs, snapshot access
speed and the execution efficiency of algorithms.

Algorithm 1: Time-Evolving Graph Algorithm of SSSP.

Input: N; TEG = {S;|0 < i<N};

Output: sssps of each snapshot S;

/* S; is ith snapshot of TEG */

Loading(Sy, S1,...,Sn-1);

/* Run sssp on snapshot intersection SN
(baseline snapshot) */

/% SU is the snapshot union of TEG x/

2 for each vertex v € SU do

3 | if each v.bitmaplil ==1, 0 <i < N then

4 | voufb] = 4oo;

5 end

6 end

7

8

9

-

v0.u[b] = 0;
while S N has active vertices do
for each vertex v € SN and v.active = 1 do
10 v.active = 0;
11 for each outgoing vertex v’ of v do
12 if v".u[b] > v.ulb] + e.u[b] then
13 v".ulb] = v.ulb] + e.uld];
14 v'.active = 1;
15 end
16 end
17 end
18 end
/* Run sssp on Snapshot(S;) based on the
computation result of baseline x/
19 for each vertexr v € SU do

20 fori=0;i < N;i+ + do
21 if v.bitmapli] == 0 then
22 ‘ Continue;

23 end

24 if v € SN then

25 | v.uli] = vuld];

26 end

27 else

28 | v.uli] = +oo;

29 end

30 end

31 end

32 fori=0;¢ < N;i+ + do

33 | v0.uli] =0;

34 end

35 fori =0;i < N;i+ + do

36 while S; has active vertices do

37 convergenceFlag = 1;

38 for each vertexr v € S U and v.active = 1 do

39 v.active = 0;

40 if v.bitmap|i] == 1 then

41 for cach outgoing vertex v' of v do

a2 if v.bitmap|i] == 1 and v .uli] >
v.uli] 4 e.u[i] then

43 v'uli] = v.uli] + e.uld];

14 v'.active = 1;

45 end

16 end

47 end

48 end

49 end

50 end

Datasets:We use four time-evolving graph datasets that are
summarized in Table I. Weibo is a social network, which has 27
snapshots with an average 1.78 x 106 vertices and 4.18 x 108
edges per snapshot; The time interval between two consecu-
tive snapshots of Weibo is one day. U.K. is a Web dataset,
which has 31 snapshots with an average 1.07 x 108 vertices
and 3.72 x 10° edges per snapshot; The time interval between
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two consecutive snapshots of U.K. is one day. Coauthor is a
collaborative network, which has 27 snapshots with an average
1.62 x 108 vertices and 2.12 x 105 edges per snapshot; The
time interval between two consecutive snapshots of Coauthor
is one year. As mentioned in Section III, since the number of
publicly available time-evolving graph datasets is extremely
small, some related works, such as LLAMA [12], resorted to
generating snapshots based on static graphs. Like LLAMA, we
also generate a time-evolving graph dataset with 100 snapshots
based on the static graph Twitter [27]. The difference between
any two consecutive snapshots is less than 0.22%, which is larger
than the case of Weibo dataset (0.09%).

Algorithms and Baselines: We implement three typical time-
evolving graph algorithms that are used frequently by recent
studies, PageRank (PR) [25], Single Source Shortest Paths
(SSSP) [26] and Breadth First Search (BFS) [28], to evaluate
algorithm execution efficiency of TgStore. The PageRank al-
gorithm is used by Google Search to rank websites in their
search engine. The SSSP algorithm computes the distance of the
shortest path from a given source vertex u to each other vertex ina
graph. The BFS algorithm is a building block of more advanced
algorithms that involve graph traversals, such as betweenness
centrality and community detection. In this part, we compare Tg-
Store with two state-of-the-art in-memory time-evolving graph
processing systems, Graphone [4] and LLAMA [12].

B. Storage Costs

Ratio of Repeated Edges: We first study the ratio of repeated
edges of real-world time-evolving graph datasets. Vertices are
not discussed since their numbers are small in all the three
datasets, compared with their edge counterparts. By analyzing
the three real-world time-evolving graph datasets, we find that
any two consecutive snapshots have a high similarity. We define
the similarity of two snapshots, S; and S;, as follows.

. _ NG(S,;OSj)XQ
S’Lm(SZ,S]) o NE(SZ) + Ne(Sj)

where Ne(S;) and Ne(S;) are the numbers of edges of snap-
shots S; and S; respectively. Ne(S; N.S;) is the number of the
common edges of S; and S;. Experimental results show that
real-world time-evolving graphs have high snapshot similarity.
For the case of Weibo, the snapshot similarity of any two
consecutive snapshots, Sim(S;, S;+1), is over 99%, with an
average of 99.9%. The average snapshot similarity of U.K. is
over 96.5%, which is slightly lower than Weibo. The reason
is that, for the web graph U.K., web pages and links among
them are generated continuously at a steady pace. The snapshot
similarity for Coauthor is 90.8%, and lower than both Weibo
and U.K., because the time interval of any two consecutive
snapshots in the former is one year, much longer than that in
the latter. The high snapshot similarity indicates that there are
a large number of repeated edges among the snapshots of the
real-world time-evolving graphs.

Effectiveness of Snapshot-Level Data Deduplication: We con-
duct experiments to study the effectiveness of Snapshot-level
Data Deduplication by using the collected datasets of real-world
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time-evolving graphs. For each dataset, we record the number
of edges of the snapshot union set (SU) with the number of
snapshots ranging from 1 to the number of the snapshots of the
dataset, that is, 27, 31, 27 and 100 respectively for Weibo, U.K.,
Coauthor and Twitter. We take the number of edges of average
snapshot as baseline storage cost, without the Snapshot-level
Data Deduplication. By using the Snapshot-level Data Dedu-
plication, we divide the number of edges of the snapshot union
set (SU) by the number of snapshots, together with the additional
storage cost of bitmaps, to obtain the average snapshot storage
cost.

Experimental results indicate that, for the case of Weibo,
the size of the snapshot union (SU) is increasing slowly with
the number of snapshots, with a trend of convergence. The
size of SU is only 1.012x larger than the size of the average
snapshot of the original time-evolving graph when the number
of snapshots is 27, resulting the compression ratio of 26.68:1.
There is a slight difference for the U.K.. In this case, the size
of the snapshot union set (SU) is increasing slowly with the
number of snapshots with a ratio. When the number of snapshots
reaches 31, the size of the snapshot union set (SU) is also only
1.980x larger than the size of the average snapshot of the original
time-evolving graph, resulting in a compression ratio of 15.65:1.
As mentioned in Section III, we initially store the edges of the
snapshot union set (SU) of a time-evolving graph by using the
edgelist data structure that is usually employed by many graph
analysis systems [15]. When computing the storage cost of each
original snapshot to obtain the compression ratio, edgelist data
structure is used for fair comparison. In fact, the compression
ratio is dominated mainly by the number of the repeated vertices
and edges among the snapshots. The reason is that, for the same
representation of graph, the storage cost of an average edge is
also the same. Similarly, as shown in Table II, the compression
ratio of Coauthor is 8.52:1. Compared with the three datasets
above, the time-evolving graph Twitter has a higher compression
ratio of 37.42:1. The reason is that it has a larger number of
snapshots with a slightly higher similarity.

Effectiveness of Structure-Changing Graph Representation:
As mentioned in Section III, by using the edgelist data structure,
the source vertex of the snapshot union set (SU) is stored
repeatedly in each edge group. In order to address this problem,
we remove the source vertices from the data blocks, by using a
pointer for each group to identify the first position of the edge
group. We also conduct experiments to evaluate the effectiveness
of this optimization.

This method is similar to the compressed sparse row (CSR)
or linked list [4], which can theoretically compress the snapshot
union set (SU) by a ratio of near 2:1. However, experimental
results show that it obtains a compression ratio of 1.48:1 on the
dataset of Weibo. Since the gain of the reduced storage space
depends on the number of the out-edge neighbors of each source
vertex. If a source vertex has no out-edge neighbors, the gain
is negative since there is a fixed cost for each edge group to
store the first position. The compression ratio is 1.19:1 in case
of the dataset U.K.. The reason is that, compared with Weibo,
the snapshot union set (SU) of U.K. has a larger number edges,
requiring a larger space (8 bytes) to store the pointer for each
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TABLE II
COMPRESSION RATIO & AND AVERAGE EDGE COST

DataSet | Weibo UK Coauthor Twitter
Comp. ratio (union set) 26.68:1 15.65:1 8.52:1 37.42:1
Comp. ratio (opt.) 1.48:1 1.19:1 11 1.15:1
Comp. ratio (total) 39.49:1 18.62:1 8.52:1 43.03:1
Av. edge cost 2.81 bits 5.21 bits 8.69 bits 1.48 bits

edge group. The compression ratio of Coauthor is 1:1. Since the 2.0

gain is negative in this case, TgStore abandons this optimization. | [ Random mode  [___] Batched mode

Experimental results also show that Twitter has a compression 1.5

of 1.15:1. )

Total Compression Ratio: By combining Snapshot-level Data '9'3 1.0

Deduplication and the optimization of edge data structure, Tg- &

store obtains a high compression ratio. As shown in Table II, the 0.5

compression ratio of Twitter is 43.03:1, with an average edge

storage cost of 1.48 bits. Graphone and LLAMA are excluded 00

in these experiments, since they store the snapshots of the
time-evolving graph without compression. We do not think it
is appropriate to compare them with TgStore in terms of storage
cost. Hence, we use the total compression ratio to study the
storage cost of TgStore here.

C. Snapshot Access Speed

We study the snapshot access speed of TgStore in terms of
snapshot appending and loading.

Snapshot Appending: Experiments are conducted on the
datasets of Weibo, U.K., Coauthor and Twitter. We first created
the snapshot union set (SU) and the bitmaps of each dataset
using the first snapshot. New snapshots then are appended to
the snapshot union set (SU) one by one. The number of new
snapshots is 26, 30, 26 and 99, respectively for the datasets
of Weibo, U.K., Coauthor and Twitter. In order to study the
effectiveness of the self-adaptive appending, each experiment
is repeated by using the random access mode and batched
access mode. Experimental results show that, for the Weibo, the
average snapshot appending time of the random access mode
is 20.38 seconds, and the time is 20.49 seconds for the batched
access mode. The experimental results indicate that the random
access mode is slightly faster than the batched access mode.
For the Twitter, the batched access mode is 1.06x faster than
the random access mode. However, for the U.K., the average
snapshot appending time of the random access mode is 437.17
seconds, and the time is 348.05 seconds for the batched access
mode. In this case, the batched access mode is 1.26 x faster than
the random access mode. The reason is that, compared with
Weibo, the log of each new snapshot has a larger number of
added and deleted edges, enabling the batched access mode to
work well. As shown in Fig. 4, for the Coauthor, the batched
access mode is 1.56x faster than the random access mode. The
experimental results indicate that the batched access mode is
effective.

When we append a new snapshot to the snapshot union set
(SU), the time of an average update (adding or deleting an edge)
is only 1.8us for the random access mode, and 1.43us for the
batched access mode. The high speed of TgStore stems from

Weibo UK Coauthor Twitter

Fig. 4. Speed of snapshot appending.

two parts, i.e., the Structure-Changing Graph Representation
and the batched access mode.

Snapshots Loading: For a graph analysis task, the total ex-
ecution time is dominated heavily by the loading time [15].
Hence, we conducted experiments to study TgStore in terms
of the speed of snapshots loading, by using the time-evolving
graphs of Weibo and Twitter that have been stored in TgStore.

Experiment is conducted repeatedly by loading the snapshots
from the time-evolving graph of Weibo, with the number of
snapshots varying from 1 to 27. We compare TgStore with
LLAMA [12] and Graphone [4], two state-of-the-art graph stor-
age systems. When loading the first snapshot of Weibo, the load-
ing time is 276.77 seconds, 78.15 seconds and 11.00 seconds for
Graphone, LLAMA and TgStore respectively. Tgstore is 25.2x
and 7.1 x faster than Graphone and LLAMA respectively. It also
obtains a significant performance improvement over Graphone
and LLAMA. As shown Fig. 5(a), at the point of 27 snapshots,
TgStore is 5.9x and 21.3x faster than LLAMA and Graphone
respectively. Experiment is also conducted repeatedly by loading
the snapshots from the time-evolving graph of Twitter, with
the number of snapshots varying from 1 to 100. As shown
in Fig. 5(d), TgStore also obtains a significant performance
improvement over Graphone and LLAMA. For example, at the
point of 100 snapshots, Tgstore is 16.5x and 6.3x faster than
Graphone and LLAMA respectively.

We further conducted experiment repeatedly by loading the
snapshots from the time-evolving graph of U.K., with the num-
ber of snapshots varying from 1 to 31. As shown in Fig. 5(b),
TgStore also obtains a significant performance improvement
over Graphone and LLAMA. Experiment is also conducted
repeatedly by loading the snapshots from the time-evolving
graph of Coauthor, with the number of snapshots varying from
1 to 27. As shown in Fig. 5(c), at the point of one snapshot,
the loading time is 0.06 seconds, 0.56 seconds and 0.17 seconds
for Graphone, LLAMA and TgStore respectively. TgStore is
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3.29x faster than LLAMA, and 2.83 x slower than Graphone.
However, the loading efficiency of Graphone is reduced signifi-
cantly with the number of snapshots varying from 9 to 27. Dif-
ferent from Graphone, TgStore can obtain a high performance
when loading more snapshots. At the point of 27 snapshots,
Tgstore is 2.38x faster than Graphone and LLAMA. The ex-
perimental results show that our time-evolving graph storage
scheme is effective, which can provide a high speed of snapshots
loading.

D. Execution Efficiency of Algorithms

We study the algorithm execution efficiency that is provided
by TgStore, in terms of memory usage, algorithm execution
speed and the effectiveness of incremental computing, by com-
paring with two state-of-the-art time-evolving graph storage
systems, LLAMA [12] and Graphone [4].

Memory Usage: In each experiment of LLAMA, Graphone
and TgStore, we load different numbers of Twitter snapshots
into memory to study the memory usage. Experimental results
show that when the number of loaded snapshots is less than
75, LLAMA outperforms TgStore in terms of memory usage.
The reason is that, TgStore is designed to store time-evolving
graphs with a large number of snapshots, and support the fast
reconstructing of any snapshot in memory. When the number
of snapshots loaded into the memory is small, the gain of the
bitmap-based designs can be negative. However, the memory us-
age of TgStore is significantly higher than that of Graphone when
loading snapshots with different number. As shown in Fig.—6(d),
TgStore outperforms LLAMA and Graphone by 1.27x and
1.45 % respectively in terms of memory usage when the number

of loaded snapshots is 100. The high memory usage enables
TgStore to load a larger number of snapshots into memory
simultaneously, leading to higher execution speed that come
from the snapshot-level incremental computation and higher
memory access locality [3].

We also conducted experiments by loading different numbers
of Weibo snapshots into memory to study the memory usage.
As show in Fig. 6(a), the memory usage of TgStore is similar
to LLAMA, which significantly outperforms Graphone. For
example, it outperforms Graphone by 2.25 x in terms of memory
usage when the number of loaded snapshots is 27. Experiments
are repeated by loading different numbers of U.K. snapshots
into memory to study the memory usage. As show in Fig. 6(b),
the memory usage of TgStore is slightly higher than LLAMA.
However, TgStore significantly outperforms Graphone. We fur-
ther conducted experiments by loading different numbers of
Coauthor snapshots into memory to study the memory usage.
As show in Fig. 6(c), the memory usage of TgStore is slightly
lower than LLAMA. However, TgStore significantly outper-
forms Graphone. The different experimental results is due to
the reason as follows. LLAMA adopts CSR-like data struc-
ture. Graphone adpots adjacency-list-like data structure. Like
Graphone, we adopts adjacency-list-like data structure to store
our snapshot union. However, there is a significant difference
between TgStore and Graphone. Graphone employs pointers to
recognize the objects in different snapshots. TgStore is different.
Each object in the snapshot union is associated with a bitmap
with bits indicating the object’s presence/absence (1/0) in all
snapshots.

Algorithm Execution Speed: Most of previous researches only
reported the algorithm computation time in memory. However,
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Fig. 7. Execution efficiency of algorithms.

in most cases, the execution time of the graph algorithm is
dominated not only by the computation but also heavily by the
disk I/O time for loading and writing computation results back
to disk [15]. Hence, the algorithm execution time that we discuss
here includes the computation time and the disk I/O time.

Since LLAMA and Graphone can only execute one snapshot
that consists of all the vertices and edges of the loaded snap-
shots [4], [12]. For fair comparison, TgStore also adopts this
mode. Experiment is repeatedly conducted by loading Twitter
with number of snapshots varying from 1 to 100. For each experi-
ment, the Pagerank with 10 iterations are executed. Experimental
results show that when executing Pagerank, the execution time is
860.03 seconds, 247.22 seconds and 54.25 seconds respectively
for Graphone, LLAMA and TgStore, at the point of 1 snapshot.
TgStore outperforms Graphone and LLAMA by 15.9x and
4.6 respectively. As shown in Fig. 7(d), TgStore outperforms
Graphone and LLAMA by 11.5x and 4.6 x respectively, at the
point of 100 snapshots. Experiments are repeated by using the
datasets of Weibo, U.K. and Coauthor. Like Twitter, TgStore can
also outperform Graphone and LLAMA significantly, as shown
in Fig. 7(a), (b), and (c).

When executing SSSP algorithm by using the dataset of
Twitter, the execution time is 232.63 seconds and 36.58 seconds
respectively for LLAMA and TgStore, at the point of 1 snapshot.
TgStore outperforms LLAMA by 6.4 x. As shown in Fig. 7(h),

1 9 18 27 1 25 50 75 100
Snapshots

(k) BFS-Coauthor

Snapshots

(I) BFS-Twitter

TgStore outperforms LLAMA by 5.6 x at the point of 100 snap-
shots. Graphone is excluded in these experiments, since it does
not provide the source code of SSSP algorithm. Experiments are
repeated by using the datasets of Weibo, U.K. and Coauthor. Like
Twitter, TgStore can also outperform LLAMA significantly, as
shown in Fig. 7(e), (f), and (g).

When executing BFS algorithm by using Twitter dataset, the
execution time is 37.43 seconds, 256.77 seconds and 848.23
seconds respectively for TgStore, LLAMA and Graphone, at
the point of 1 snapshot. TgStore outperforms LLAMA and Gra-
phone by 6.86x and 23.23 x respectively. As shown in Fig. 7(1),
TgStore outperforms LLAMA and Graphone by 5.88x and by
15.78 x respectively, at the point of 100 snapshots. Experiments
are repeated by using the datasets of Weibo, U.K. and Coauthor.
Like Twitter, TgStore can outperform Graphone and LLAMA
significantly, as shown in Fig. 7(i), (j), and (k). The experimental
results indicate that TgStore, as an efficient storage system, can
well support the time-evolving graph algorithms.

Snapshot-Level Incremental Computing: We study Tgstore
in terms of the effectiveness of incremental computing. We
first load 27 snapshots of Weibo into memory, and execute
the Pagerank algorithm on the baseline snapshot S 5. We then
execute 26 other snapshots (S~ So6) based on the computation
result of the baseline snapshot Sy. Experimental results show
that, compared with baseline snapshot Sy, when executing each
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TABLE III

DATASETS OF STATIC GRAPH WITH UNDIRECTED EDGES

DataSet | DOTA-LEAGUE Graph500-22  Graph500-24 |
Vertices | 317727 4194303 16777215
Edges 50870313 64155735 260379520

of other snapshots needs, the Pagerank algorithm reaches con-
vergence by using the smaller number of iterations, significantly
reducing the computation time. The experimental results show
that incremental computing mode can obtain a speedup of 1.44
X ~ 2.41x, with an average of 1.78x. This gain stems from
the efficient storage scheme of TgStore, that can load multiple
snapshots into memory and then execute each snapshot indepen-
dently by using the bitmaps, making the incremental computing
mode to work well.

E. Compared With Sortledton

Sortledton [29] can manage a graph in external storage
(such as disk) dynamically by using the lightweight relational
database, SQLite. That is, it can only provide the current snap-
shot of the graph to the graph algorithms, since it does not store
the historical snapshots of the time-evolving graph. Sortledton
provides the versioning data structure in memory. However,
the goal of this design is to ensure the correct results for the
concurrently executing analytical queries in the presence of up-
dates [29]. Different from Sortledton, TgStore compactly stores
the snapshots of a time-evolving graph, each represents a state of
the graph. Hence, we do not compare TgStore with Sortledton in
terms of storage cost. We focus on the snapshot appending speed
and the snapshot loading speed. As shown in Table III, experi-
ments are conducted by using three undirected graph datasets,
DOTA-LEAGUE, Graph500-22 and Graph500-24, provided by
Sortledton.® Weibo, U.K., Coauthor and Twitter are excluded
in these experiments, since Sortledton cannot support directed
graphs. For fair comparison, both TgStore and Sortledton use
48 cores in each experiment.

First Snapshot Creating: We first compare TgStore with
Sortledton in terms of the speed of creating the first snapshot,
by using the datasets of DOTA-LEAGUE, Graph500-22 and
Graph500-24. For DOTA-LEAGUE, TgStore takes 2.04 seconds
to create the graph database in the disk. However, Sortledton
takes 531 seconds to finish this task. Since Sortledton can only
support the single-thread mode, the runtime of sortledton is
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divided by the number of cores (48) for the fair comparison. That
is, the runtime of Sortledton is 11.06 seconds. As shown in Fig.
8(a), TgStore is 5.42x faster than Sortledton. For Graph500-22,
TgStore takes 2.69 seconds to create the graph database in the
disk. However, Sortledton takes 558 seconds to finish this task.
Since Sortledton can only support the single-thread mode, the
runtime of sortledton is divided by the number of cores (48) for
the fair comparison. TgStore is 4.32x faster than Sortledton.
For Graph500-24, TgStore takes 10.62 seconds to create the
graph database in the disk. However, Sortledton takes 1260
seconds to finish this task. Since Sortledton can only support
the single-thread mode, the runtime of sortledton is divided by
the number of cores (48) for the fair comparison. TgStore is
2.47 x faster than Sortledton.

Updating: We then compare TgStore with Sortledton in terms
of the speed of edges updating, i.e. the updates of adding edge
and deleting edge. Experiments are conducted as follows. For
Graph500-22, Sortledton takes 64 minutes to finish 62 x 106
updates. The updating speed is 0.016 x 105 updates per second.
We multiply the experiment result by 48 for the fair comparison.
That is, the updating speed is 0.775 x 10° updates per second.
Since the file format of Sortledton is different from that of
TgStore and the file format of Sortledton is not been described,
TgStore cannot use its updating file to finish this experiment.
Hence, TgStore uses the Weibo dataset. It takes 20.38 seconds
to finish 418 x 10 updates. The updating speed of TgStore is
20.51 x 106 updates per second. As shown in Fig. 8(b), TgStore
is 26.46x faster than Sortledton.

Loading: We further compare TgStore with Sortledton in
terms of the loading speed. Since Sortledton only stores the
current snapshot of the graph, TgStore loads the last snap-
shot into memory. Experiments are conducted by using three
datasets, DOTA-LEAGUE, Graph500-22 and Graph500-24. Ex-
perimental results show that TgStore takes 1.67 seconds to load
DOTA-LEAGUE into memory. Sortledton takes 12.57 seconds
to finish this task. As shown in Fig. 8(c), TgStore is 7.52x
faster than Sortledton. Similarly, TgStore takes 2.43 seconds to
load Graph500-22 into memory. Sortledton takes 11.02 seconds
to finish this task. TgStore is 4.53 x faster than Sortledton in
this case. For Graph500-24, the loading time of TgStore is
9.10 seconds. Sortledton takes 64.00 seconds to finish this task.
TgStore is 7.03x faster than Sortledton in this case.
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Execution Efficiency of Algorithms. We further compare Tg-
Store with Sortledton in terms of the execution efficiency of
algorithms. Since Sortledton can only provide the current snap-
shot of the graph, TgStore executes the last snapshot of the
time-evolving graph. Experiments are conducted by using the
algorithms Pagerank, SSSP and BFS, on the DOTA-LEAGUE
dataset. For each experiment, the Pagerank with 10 iterations are
executed. For the Pagerank algorithm, the runtime of TgStore
is 0.341 seconds. Sortledton takes 0.206 seconds to finish this
task. As shown in Fig. 8(d), Sortledton is 1.65x faster than
TgStore. For the SSSP algorithm, the runtime of TgStore is
0.045 seconds. Sortledton takes 0.545 seconds to finish this task.
TgStoreis 12.11 x faster than Sortledton in this case. For the BES
algorithm, the runtime of TgStore is 0.011 seconds. Sortledton
takes 0.258 seconds to finish this task. TgStore is 23.45x faster
than Sortledton in this case. These experimental results show
that Sortledton has a higher execution efficiency when executing
the task of graph analytical workload. However, TgStore has a
higher execution efficiency in cases of graph traversal workload.

V. RELATED WORK

In this section, we briefly discuss the storage methods of time-
evolving graph that are not mentioned in Section II.

Timestamp is a known method to store time-evolving graph
by recording the timestamps of each vertex or edge with the time
evolving. However, additional storage for storing the timestamp
will double the storage cost [30]. It also introduces the additional
complexity to reconstruct snapshots, leading to performance
degradation. Furthermore, adjacency list format is regularly
employed to support the timestamp method. It is inefficient to
maintain the adjacency list at edge-level granularity [30].

Graphone [4], LLama [12] and Teseo [31] use read and
write-optimized segments to handle inserts. This method will
lead to lower read performance or reduced freshness. For LLama
and GraphOne, this method will result in unstable throughput
over time. Different from them, TgStore can reconstruct any
snapshots by using the snapshot union set (SU) and the bitmaps
efficiently. It can also append new snapshots rapidly by using
the well-designed data structure of Structure-Changing Graph
Representation (SCGR) that avoids data removement during
the process of snapshot appending. LLama and GraphOne in-
gest all buffered writes into read-optimized storage. Similarly,
Teseo creates a snapshot in O(V) steps before starting analytics.
GraphOne stores the sizes of the neighborhoods to guarantee
isolation from new updates. TgStore executes the task of snap-
shot appending in memory. When a new logfile arrives, it loads
the FEDB, NEDBs and the logfile into the memory together. It
separates the edge bitmaps from the FEDB and NEDBs by using
edge bitmap files that are also loaded into the memory. This
design improves the snapshot appending speed significantly.
Since we only need to load FEDB and NEDBs from disk to
build the indexes that help find the bitmap position of an added
or deleted edge.

As a graph storage method, it is important to support the
updates (adding, deleting and updating of vertex and edge).
OrientDB [32] builds a graph model using a document store

model where all information of a vertex, including all of its
neighbors, are stored in a document. This method is inefficient
for the updates of vertices or edges. For example, the size of
invalid storage space increases when deleting the vertices and
edges. It is time-consuming to recycle the invalid storage space
by moving the data. In order to overcome these problems, we
first design the snapshot union set with edge bitmaps to represent
a time-evolving graph, significantly reducing the storage cost
of average snapshot. We then design the data structure for
the snapshot union set with edge bitmaps carefully, which can
avoid data moving and rebuilding, leading to the high speed of
snapshot appending.

Another recent work, Sortledton [29] is a universal, trans-
actional graph data structure. It can provide a high speed of
transactional updates by carefully designing an adjacency list-
like universal data structure, while supporting the high per-
formance execution of heterogeneous graph workloads. How-
ever, when processing graph workloads on dynamic datasets,
Sortledton [29] is slower than running the computations on a
static graph stored in CSR [33] format. Like other specialized
systems, TgStore focuses mainly on the disk storage efficiency of
time-evolving graph. For in-memory layout, TgStore allocates
the appropriate size for each vertex’s neighbor array based
on indexes and bitmaps, without reserving extra space. Un-
like TgStore, Sortledton adopts the method of reserving space,
reducing memory utilization. Sortledton edge versions record
operation types (insertion, update, or deletion), submission time,
and related attributes. When accessing graphs at different mo-
ments, the graph needs to be reconstructed according to related
edge information, resulting in additional overhead. By using
the snapshot union set (SU) with the bitmaps, TgStore stores
time-evolving graphs with a very low storage overhead and
reconstructs snapshots at a high speed.

Ck?-tree [34] represents temporal graphs as cells in a 4D
binary matrix: two dimensions to represent extreme vertices of
an edge and two dimensions to represent the temporal interval
when the edge exists. It is capable of dealing with unclustered
data with a good use of space. However, tree-based techniques
can also reduce the performance when accessing the edges
(leaves). In order to locate one edge, it needs to access the
intermediate nodes between the root node and the edge node.
Nelson et al. [35] proposed a compressed data structure that
has a compressed binary tree corresponding to each row of each
adjacency matrix of the time-evolving graph. Brisaboa et al. [36]
explore Compressed Suffix Array (CSA), a well-known compact
and self-indexed data structure in the area of text indexing, to
represent large temporal graphs. This method uses a reasonable
space and is efficient for solving complex temporal queries. The
methods above are efficient for the tasks of graph query where
only a few inconsecutive vertices and edges need to be accessed.
However, they are inefficient for the graph analysis tasks where
almost all the vertices are active and need to be accessed.
For the graph analysis task, it is efficient to load the whole
snapshot of the time-evolving graph into the memory. TgStore
is design to effectively store the snapshots of the time-evolving
graph, which aims to efficiently support the time-evolving graph
analysis tasks. We design the union of all snapshots with one
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bitmap for each object (vertex or edge) to avoid the repeated
objects among snapshot of the time-evolving graph. We do not
compress the graph structure union of all snapshots, so that each
snapshot can be accessed efficiently. Furthermore, the union of
all snapshots has a low enough storage cost for a time-evolving
graph.

VI. CONCLUSION

We have presented TgStore, an efficient storage system for
large time-evolving graphs, that has a low storage cost of average
snapshot with the high snapshot access speed. As a storage
system, TgStore can well support the time-evolving graph algo-
rithms by efficiently providing the snapshots that the algorithm
needs, significantly reducing the algorithm execution time and
the needed memory space.

As future work, we first plan to extend TgStore to store the
changing graph in a continuous way. It can not only store the
historical snapshots but also support the dynamic updates in a
continuous way. We then plan to design an efficient compression
method for the bitmaps. Since the storage cost of the bitmaps will
increase if the external business system needs to add snapshots
frequently. TgStore stores a time-evolving graph by using the
snapshot union set (SU) with one bitmap for each object (vertex
or edge). The snapshot union set eliminates all the repeated
objects among the snapshots. Hence, the size of the snapshot
union set does not increase rapidly when TgStore creates a
new snapshot frequently. The challenge is the storage cost for
the bitmaps. In order to access each snapshot efficiently, the
bitmap of each object in TgStore has the same size, making it
easy to determine if an object belongs to a certain snapshot or
not. Hence, an efficient compression method is required, which
can not only reduce the storage cost of the bitmaps signifi-
cantly but also guarantee that each snapshot can be accessed
efficiently.
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