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Abstract: With recent advancements in network technology and spread of Internet, use of social 

network services and Internet of Things devices has flourished, leading to a continuous generation 

of large volumes of graph stream data, where changes, such as additions or deletions of vertices and 

edges occur over time. Additionally, owing to the need for efficient use of storage space and security 

requirements, graph stream data compression has become essential in various applications. Even 

though various studies on graph compression methods have been conducted, most of them do not 

fully reflect the dynamic characteristics of graph streams and complexity of large graphs. In this 

paper, we propose a compression scheme using provenance data to efficiently process and analyze 

large graph stream data. It obtains provenance data by analyzing graph stream data and builds a 

pattern dictionary based on this to perform dictionary-based compression. By improving the 

existing dictionary-based graph compression methods, it enables more efficient dictionary 

management through tracking pattern changes and evaluating their importance using provenance. 

Furthermore, it considers the relationships among sub-patterns using an FP-tree and performs 

pattern dictionary management that updates pattern scores based on time. Our experiments show 

that the proposed scheme outperforms existing graph compression methods in key performance 

metrics, such as compression rate and processing time. 

Keywords: graph stream; graph compression; provenance data; pattern dictionary; FP-tree 

 

1. Introduction 

Of late, graph data structures are being widely used to express complex structures in fields, such 

as social networks, Internet of Things, mobile devices, and bioinformatics. For instance, in social 

networks, users can be represented as vertices and their follow or friend relationships as edges [1–4]. 

These are continuously updated with the registration of new users or changes in relationships among 

the existing users. Similarly, in bioinformatics, genetic information can be represented as vertices and 

the relationships among genes as edges, which also change with new gene discoveries or research 

findings. Such graphs change in real time and quickly accumulate information. Graphs with vertices 

and edges that change frequently are called dynamic graphs [5,6]. In contrast, static graphs refer to 

those with a fixed structure that does not change over time. Efficient analysis algorithms can be 

developed for static graphs owing to the consistency of their entire graph structure [7–10]. 

In dynamic graphs involve data that change continuously and are generated over time. They 

may also require sequential process changes, such as addition or deletion of vertices or edges; these 

changes occur in real time in the graph structure. As mentioned above, in a social network 

environment, data are updated with each event, such as adding or deleting friends, or interactions, 
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such as comments or likes on posts. These data can be applied to human network analysis, user 

interest recommendations, etc. [11–16].  

In a dynamic environment, changes in the graph occur through the addition of new vertices, 

deletion of existing vertices, and creation and removal of edges. In such an environment, complex 

analysis and processing algorithms that reflect changes in the graph in real time are required. One of 

the main challenges in a dynamic environment is that the size of the graph continuously increases 

over time. To efficiently manage infinitely increasing data within a limited storage space, graph 

compression is essential, allowing for the efficient use of storage space to accommodate increasing 

amounts of data [17–22]. Techniques that incorporate graph pattern mining methods also exist [23–

28]. Generally, graph compression is performed using graph mining techniques to select frequently 

occurring sub-graphs as reference patterns and recording changes that occur in these reference 

patterns. These techniques can effectively compress data, while preserving important information of 

the graph. 

Existing methods of compressing graphs have the advantage of high compression rates [13,22]; 

however, they are not suitable for real-time data processing owing to their significant computational 

costs in the preprocessing stage. These approaches involve a time-consuming compression process, 

especially imposing constraints on immediate processing in a graph stream environment. High 

accuracy and compression rates are provided by pattern extraction techniques, such as [14–16,23–26]; 

however, their long processing times during graph compression also render them difficult to be 

applied in real-time environments. As a solution to these issues, research on the use of provenance 

has been proposed [29–31].  

Provenance is metadata that tracks the change history and origin of data, allowing for the 

tracking of data changes. For example, in the case of Wikipedia, the process of multiple users creating, 

modifying, and deleting documents is recorded as provenance data, increasing the size of the original 

data by tens of times. This implies that managing provenance data can be more complex and 

challenging than managing the original data. However, if provenance data are used effectively, they 

can make graph storage more efficient and lead to more effective pattern management. 

This study proposes a new graph stream compression scheme that combines existing techniques 

for compressing large static graphs with provenance techniques. This method compresses graph 

streams incrementally, taking into account changes in vertices and edges over time. Especially, it 

records and compresses changes in vertices, edges, and patterns in an in-memory environment using 

provenance data. The proposed technique manages patterns based on provenance, and maintains 

their size, thus effectively managing important patterns and increasing the space efficiency of pattern 

management by maintaining only essential patterns. Moreover, it assigns scores to the latest patterns 

to respond to real-time changes in the graph stream and maintains a certain level of compression rate. 

This study also proves the superiority of the proposed scheme compared to existing graph 

compression schemes that utilize pattern mining techniques. The experimental results confirm that 

the proposed pattern dictionary management technique effectively improves upon existing pattern 

dictionary-based graph compression methods and outperforms graph compression techniques in a 

stream environment. 

This paper is organized as follows. Section 2 analyzes the existing schemes and enumerates the 

limitations of existing methods. Section 3 describes the proposed graph compression scheme. Section 

4 presents a performance evaluation of the proposed scheme to confirm its superiority over the 

existing methods. 

2. Related Work 

This section explains techniques focused on the structure of graphs and techniques for 

compressing frequent patterns in graphs within the realm of existing graph compression research. 

Some of the previous studies proposed focusing on the graph’s structural characteristics. StarZIP [13] 

performs structural compression by identifying and reordering only sub-graph sets in a star shape, 

applying an encoding technique for compression, and incrementally processing the graphs. It also 

uses snapshots to create graph stream objects, which are then shattered to transform undirected 
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graphs into directed ones. GraphZIP [22] compresses graph streams using clique-shaped sub-graphs. 

This technique decomposes the original graph into a set of cliques and then compresses each set of 

clique graphs. During this process, it focuses on minimizing the disk I/O by using efficient graph 

representation structures, such as CSC(Compressed Sparse Column) or CSR(Compressed Sparse 

Row). The main goal of these methods is to maximize space efficiency by compressing the graph as 

much as possible, not considering frequent or important patterns.  

Research on compressing frequent patterns in graphs utilizes graph mining techniques. Graph 

mining is a process of extracting useful information and patterns from graphs, used for analyzing 

large volumes of complex network data. During this process, various algorithms and techniques are 

applied to consider the relationships among vertices and edges, graph structure, and dynamic 

changes. Frequent pattern mining [1,5–7,11,15,21] is a method of extracting meaningful information 

or patterns from data, used in various fields, such as pattern analysis, anomaly detection, and 

recommendation services. FP-Growth is a method that efficiently finds frequent patterns using an 

FP-tree structure [32]. In this method, minimum support is applied to find patterns that appear more 

than a certain number of times, and the support represents the proportion of the data that include a 

specific pattern out of the total data. The FP-Tree starts with a null root node(vertex), storing the item 

and its repetition count in each vertex, and the final FP-Tree is constructed after reading all 

transactions. However, unlike frequent pattern mining in static environments, the same in graph 

stream environments becomes more complex owing to dynamic data changes and in information 

overflow. FP-streaming [14] dynamically detects frequent patterns by time to solve the problem of 

time-varying data input amounts. In these methods, the construction process of the pattern tree is 

similar to that of the FP-Tree. The tree is constructed using a given similarity and support, managing 

time and support information in a table to detect all frequent patterns. 

GraphZip [11] proposes a dictionary-based compression method that increases compression 

efficiency by utilizing frequent patterns in graph streams. This technique applies dictionary-based 

compression along with the minimum description length principle to identify the maximum 

compression patterns in the graph stream. The input data comprise vertices, edges, and their labels; 

the process starts with storing vertex information and then processing edge information in a stream 

format. It sets a batch size to process vertices in bulk, and starts with a single edge to expand and 

generate patterns. Scores are assigned to the generated patterns, and all patterns are scored taking 

into account the occurrence frequency at the time of appearance and total number of edges. Then, 

they are sorted in a descending order to remove patterns that exceed the dictionary size. For each 

batch, the collected patterns are compressed and the information is recorded in a file. This process is 

repeated to complete the compression. However, a limitation of GraphZip [11] is that it does not 

utilize time-related information in pattern management. For example, a pattern that appeared early 

in the graph, but no longer appears later may still be maintained in memory if it is large and has 

received a high score. This can lead to wasted storage space and performance degradation. This issue 

becomes more critical in a graph stream environment, wherein data changes continuously. Therefore, 

considering changes in the importance of patterns over time is an essential element in graph stream 

compression. 

The studies reported in [29–31] suggest a graph pattern-based compression method for large 

RDF documents using metadata, namely provenance data, which represents information or history 

of the data. This method uses an approach that reduces the size of string data by encoding specific 

graph patterns. While this study exhibits a superior compression performance to existing methods, 

it uses a statistics-based compression approach, which means that the compression performance can 

vary with parameter adjustments, and some data loss can possibly occur. Furthermore, the 

compression process using provenance data can take longer than the existing techniques. This is 

because compression methods including provenance data require processing and storing additional 

information. This is a significant factor impacting their overall performance as finding a balance 

between compression efficiency and processing time can be a major constraint, especially in 

applications where real-time data processing is emphasized. 
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3. Proposed Graph Compression Scheme 

3.1. Overall Processing Procedure 

This study proposes a graph stream compression scheme based on a pattern dictionary using 

provenance. The proposed scheme selects sub-graph patterns with high influence in the graph as 

reference patterns, considering the relationship between each pattern and its sub-patterns during this 

process and assigning scores accordingly. Previous studies [13,22] proposed methods that offer high 

compression rates. However, they are not suitable for real-time data generation environments due to 

the significant amounts of time taken in the preprocessing stage to identify graph structures (star, 

clique, bipartite, etc.). Moreover, as the values being transformed increase, efficiency may decline 

compared to storing uncompressed data, and if specific graph structures are not found, the 

compression rate may decrease, leading to overall performance degradation.  

On the other hand, the scheme proposed in [19] selects common graphs that appear in both 

vertices and edges as reference patterns, and describes the changed parts in those patterns. However, 

this scheme is not suitable for stream environments, as it is constrained by the maximum size of graph 

patterns and the pattern search time increases with the size of the patterns. Additionally, if a 

completely different pattern from the reference patterns appears, the applicable patterns may be 

limited or nonexistent, necessitating a re-search for patterns, which can cause a decrease in the 

compression rate. Other considerations exist when detecting frequent patterns in a graph stream and 

applying them to compression. First, efficiently using limited storage space, while also performing 

rapid frequent pattern detection is necessary.  

In graph streams, data are continuously input and the analysis target data changes in real time. 

Therefore, after a certain amount of data has been entered, it is necessary to delete data to free up 

memory for analyzing the next input data. Additionally, as the data entering over time varies, not 

always do the same patterns appear, and they can change over time. Therefore, repeatedly verifying 

the isomorphism of the sub-graphs being compared for pattern detection is necessary. Figure 1 shows 

the isomorphic patterns of subgraphs. Typical subgraph isomorphism algorithms [3] involve finding 

patterns that match the graph's pattern perfectly; however, in this study, when graphs 𝐺1 and 𝐺2 

exist, it means that the subgraph of 𝐺1 is isomorphic to 𝐺2. Therefore, patterns, such as 𝐺1 ∈ 𝐺2 are 

also considered isomorphic graphs. Lastly, finding the pattern with the highest compression rate, 

considering time and frequency is crucial. This allows for efficient application of frequent patterns to 

compression. 

  

Figure 1. Isomorphic patterns of subgraphs. 

Figure 2 illustrates the overall structure of the proposed incremental frequent pattern 

compression scheme. The detailed modules are described in the following section. The main modules 

include the reference pattern generator, graph manager, pattern dictionary, and compressor. The 

graph manager organizes raw data into graph form and delivers it to the reference pattern generator. 

It also assigns scores to the reference pattern candidates generated by the reference pattern generator, 

which is responsible for the initial step of finding patterns in each graph. The patterns identified here 

become reference pattern candidates and are sent to the graph manager. The pattern dictionary stores 

information on each pattern. The compressor performs the compression process.  
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The main functions of the compressor are as follows: First, it manages the pattern dictionary 

while deleting unimportant patterns. During the deletion process, all patterns are recorded on disk 

to prevent issues with decoding patterns used in previous compressions. The compressor divides the 

graph stream into fixed batch units for file management, and each compressed file includes a header 

specifying the patterns used in that file.  

This structure aims for efficient compression and management of graph stream data, enhancing 

the efficiency of real-time data processing within limited a memory and storage space. Additionally, 

the proposed method considers the continuous and dynamic nature of a graph stream, thus making 

it effective for data storage and processing. 

 

Figure 2. Overall structure of the proposed scheme. 

3.2. Graph Manager and Reference Pattern Generator 

Figure 3 shows the structure and operation of the graph manager and reference pattern 

generator. The graph manager consists of two main modules. The first is the graph constructor. The 

graph constructor takes raw graph stream data as input and builds it into a graph. Raw graph stream 

data consists of edge data, for example, {(v1, v2), (v2, v3), … }, which represents an edge stream. The 

graph constructed by the graph constructor is then passed to the reference pattern generator to find 

frequent patterns. The second component, the graph pattern manager, receives reference pattern 

candidates from the reference pattern generator, and stores and manages them in the pattern 

dictionary. Pattern management includes deciding reference patterns based on pattern frequency and 

size, and deleting less important patterns. This is explained in detail in Section 3.3. 

The reference pattern generator creates reference pattern candidates through a three-step 

process. First, in the frequent pattern initialization stage, the graph's frequent patterns are initialized. 

Second, in the incremental frequent pattern mining stage, frequent patterns are progressively 

searched and identified. Lastly, in the reference pattern candidate generation stage, reference pattern 

candidates are created based on the results of incremental frequent pattern mining. The graph 

manager uses these reference pattern candidates to check for isomorphism between previously 

explored graphs and the current graph, thus repeating the process of expanding pattern graphs. At 

the initial exploration of the graph, as there are no reference patterns stored in the pattern dictionary, 

single-edge patterns are created as the initial state of all graphs, and these edges are then expanded 

to generate various pattern graphs. This process identifies and creates efficient compression patterns 

considering the dynamic and continuous characteristics of graph stream data.  
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Figure 3. Process flow between graph manager and reference pattern generator. 

Algorithm 1 shows the process followed by the reference pattern generator. In a graph stream, 

when vertices enter in sequence as in 𝐺(𝑣), the patterns 𝑃(𝑣) stored in the pattern dictionary are 

indexed in the order they arrive (line 3). For instance, if graph 𝐺(𝑣) = [132, 12, 51, 43, 21, 19, 12, 3, … ] 

is input, the input graph can be represented as pattern graph 𝑃(𝑣) = [0, 1, 2,3,4,5,1,6, … ]. At this time, 

vertices already assigned an index use their existing index. Thus, if vertex 12 is input again, it is 

mapped as vertex 1. The next step is to check if two vertices are adjacent and proceed with the 

expansion (lines 4–5). Pattern expansion initializes new edges, if the starting vertex of edge 𝑒 ∈  𝑔 

does not exist in the edge or if the arriving vertex does not exist, after which (lines 6–10), the expanded 

pattern is added (line 12). In this process, first, a new pattern is initialized; it checks if the edge's 

source vertex already exists in the pattern; and if not, adds that vertex to the new pattern and updates 

vertex_map. Last, the edges not processed in batch B are added to the dictionary P as single edge 

patterns (line 15). 

Algorithm 1. Incremental frequent pattern mining 

Input: graph G, batch B, dictionary P  

Output: Updated Pattern Dictionary P′ 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

… 

11 

12 

13 

14 

15 

16 

for each pattern p in P: 

  for each matched m of pattern p embedded in batch B: 

    vertex_dict = {g(v): p(v) for p(v), g(v) in m} 

    new_edges = edges in batch B incident on m but not in pattern p 

    for each edge e in new_edges: 

      g_src(v) = e.src 

      g_tgt(v) = e.tgt 

      p_src(v) = vertex_map[g_src(v)] 

      p_tgt(v) = vertex_map[g_tgt(v)] 

      extended_pattern = extend pattern p with edge e using p_src(v) 

and p_tgt(v) 

      if extended_pattern not in P: 

        add extended_pattern to P 

for each untagged edge e in B: 

  if e not in P: 

    add e as a single-edge pattern to P 

return P 
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After executing Algorithm 1, each pattern is assigned a score. Subsequently, the results are 

sorted in descending order to determine the reference pattern candidates. For each pattern the 

reference pattern score (RPS) is calculated to update the pattern dictionary, if it is isomorphic to the 

subgraph 𝛼 of graph 𝐺𝐵𝑔. Equation (1) calculates the pattern score. Here,  is a value between 0 and 1. 

𝑹𝑷𝑺 = 𝒆𝒅𝒈𝒆 𝒔𝒊𝒛𝒆 ∙ 𝜶 + 𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚 ∙ (𝟏 − 𝜶) (1) 

3.3. Managing Pattern Dictionary 

All patterns are stored in an in-memory space called a dictionary; this process is performed using 

the graph pattern manager described in Section 3.2. The creation and management of the pattern 

dictionary is one of the main roles of the graph manager, and it is accomplished through the pattern 

manager. The first step involves pruning using time stamps and FP-Tree. This process determines 

and manages the importance of patterns. The time stamp indicates the lifespan of each pattern, while 

the FP-Tree is used to assess the importance of patterns. It maintains the top-K most frequently used 

patterns to limit the size of the pattern dictionary. Each reference pattern consists of a Pattern ID, the 

pattern's time stamp, and scores assigned considering the pattern's size and frequency. Here, the RPS 

is used as an indicator of the pattern's importance. To effectively use provenance data, patterns 

extracted through graph pattern mining can use provenance information to track changes in the 

graph. Finally, the graph is transformed and stored through a dictionary encoding process.  

Figure 4 demonstrates how the graph pattern manager manages the pattern dictionary over 

time. Assuming a size of six for the pattern dictionary, during this process, patterns are stored in the 

pattern dictionary at each point in time, namely t1, t2, and t3, and updated through the graph pattern 

manager whenever the pattern dictionary is refreshed. At t1, t2, since the size of the pattern dictionary 

is larger than the number of existing patterns, new patterns can be added to the pattern dictionary. 

At t3, no spare capacity exists in the pattern dictionary; therefore, patterns are deleted based on their 

scores. In Figure 4, the pattern with the lowest score, p1, is deleted, and a new pattern, p7, is added. 

The graph explorer performs the role of discerning the similarity between existing reference and new 

patterns. This includes the process of calculating the similarity between the reference and new 

patterns through subgraph isomorphism tests for each graph. Most existing studies determine 

reference patterns as graphs where vertices and edges commonly appear, and use a method to 

describe changes from the reference pattern in the pattern itself. However, if only perfectly matching 

graph patterns are searched for compression, then too few patterns would be available for 

compression, thus making it difficult to apply compression. Therefore, this study only performs 

comparative operations with patterns that are determined through the RPS value by the reference 

pattern generator and have a similarity level above a certain threshold, thereby reducing the overall 

computational cost. 
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Figure 4. Example of pattern dictionary management by graph manager over time. 

The graph pattern manager plays a crucial role in determining and managing the importance of 

patterns, using a pruning algorithm with time stamps and FP-Tree and limiting the size of the 

patterns stored in the pattern dictionary. These elements are combined to calculate the RPS, and 

patterns are kept in the dictionary in the order of their scores. Actual graph streams cannot always 

guarantee consistent patterns, which may change over time. Considering these dynamic 

characteristics, this study set a threshold 𝛾; if a specific pattern does not occur for a certain number 

of time windows matching this threshold, that pattern is deleted. This takes into account that the 

importance of patterns may change over time, removing older or less important patterns to enhance 

memory efficiency and focus more on the latest data. This process is defined as the time stamp trim 

process. Through this process, dynamic changes in graph stream data can be effectively reflected, 

and pattern dictionary management can be optimized to enhance the efficiency of real-time data 

processing. 

Graphs are composed through several batch ( 𝐵𝑛 ) processes. Each batch contains edge 

information, and this is combined for the value of the window to form the graph. The size of the batch 

and window is specified by the user. An example of graph and pattern creation is as follows. As 

shown in Figure 5, when 𝛾 = 1, 𝑊𝑏𝑎𝑡𝑐ℎ = 3, the window 𝑊0 consists of three batches as follows: 

𝑊0 = {𝐵0, 𝐵1 , 𝐵3}. The pattern occurring at this point is as shown at the top of the figure as 𝑝1, 𝑝2, 𝑝3, 

which represents the patterns of the graph entered up to that point. At the next point in time, 𝑊1, the 

pattern of the input graph is 𝑝2, 𝑝3, 𝑝4. As time progresses from 𝑊0 to 𝑊1, pattern 𝑝1 is not input; 

therefore, the time stamp of that pattern is adjusted to 𝑇 − 𝑛, that is, 𝑇 − 1. Here, when the value 

subtracted from T exceeds the threshold 𝛾, that pattern is removed. In the figure, because pattern 𝑝1 

is not input at the next time point 𝑊2, it is removed at time 𝑊2. Similarly, because pattern 𝑝4, 𝑝2 is 

not input at the next time point, the time stamp value of that pattern is adjusted to 𝑇 − 1.  
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Figure 5. Example of time stamp pruning with 𝛾 = 1, 𝐵𝑎𝑡𝑐ℎ = 3. 

The proposed scheme applies the FP-Growth algorithm to the patterns stored in the dictionary 

to prune the infrequent patterns. This policy keeps the size of the pattern dictionary at a manageable 

level, maintaining only patterns appropriate for an in-memory environment. In other words, patterns 

with low usage are removed from the pattern dictionary, while those with high usage are updated to 

maintain the most current patterns; this enhances the compression efficiency in the dynamically 

changing graph stream environment. Figure 6 shows an example of the pruning process applied with 

the FP-Growth algorithm. The proposed scheme structures the vertices of the FP-tree as follows. 

(𝑃𝑖𝑑 , 𝐵, 𝑇, 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦)W0 .  

 

Figure 6. Pruning process applied with the FP-growth algorithm. 

When the frequent threshold value is 3 and the time threshold value is 2, vertices in the FP-tree 

with a frequent value below the threshold are deemed not frequent patterns and removed. Thus, 

pattern 𝑃1 that does not meet the threshold in window 𝑊1 is removed. Additionally, patterns that 

do not meet the threshold in window are also removed. This process reduces the storage cost of 

maintaining the patterns and secures space for new patterns to be added at the next point in time. 

Figure 7 shows the process of input patterns being stored in the pattern dictionary and 

information on each pattern. The pattern dictionary stores various pieces of information on each 

pattern, such as pattern ID, frequency, size, provenance, batch, and window. The reference pattern 
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generator and graph manager use the content stored in the pattern dictionary to determine the 

reference pattern and decide which patterns to consider as frequently occurring. A window consists 

of several batches. Figure 7 shows an example where a window is composed of three batches. Each 

batch involves the process of expanding the patterns stored in the pattern dictionary. That is, when 

performing three batches, the graph is composed of a total of four edges, which is the maximum 

number of batches + 1.  

 

Figure 7. Construction process of pattern dictionary and utilization of provenance. 

When the input graph is as shown on the left side in Figure 8, the initial form of the graph in the 

first batch is made up of single edges. These graphs are all of the same form, but are distinguished 

by the vertex labels. In the second batch, each pattern is expanded. Here, provenance allows knowing 

how each pattern has been expanded using the previously existing data in the pattern dictionary. The 

pattern dictionary records all the updated information on disk to maintain information related to all 

patterns. Utilizing this, the original data can be restored without any loss during graph compression 

and restoration. 
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Figure 8. Graph compression process and structure. 

3.4. Graph Compression Process 

The compression process in this study, similar to the existing studies, involves (i) reading data 

up to the batch size and window size of the input original graph, (ii) constructing the graph, (iii) 

finding patterns, and (iv) then representing these patterns with pattern identifiers. Figure 8 illustrates 

the proposed graph compression process and its structure. As described earlier, each component in 

the proposed scheme exists in memory, and the actual compression process itself is performed by the 

compressor. In Figure 8, the compression steps represent the stages in compressing the graph. First, 

the graph is input as shown, which encompasses the entire process of representing this as a graph. In 

this stage, similar to the second stage of the compression process, when a graph is constructed and a 

certain pattern 𝑃1 is formed by 𝐴 − 𝐵 − 𝐶 − 𝐷, that part corresponding to the pattern is replaced 

with 𝑃1, and the details regarding that pattern are written together along with the pattern. This 

process is repeated for each batch to perform the actual compression process. This is represented on 

the right side of Figure 8. That is, as many compressed graph files are created as there are repeated 

batches, and the pattern dictionary performs only the task of adding updated pattern information to 

one file. 

Algorithm 2 presents the graph compression process. First, the graph for compression is 

initialized (line 1). Next, the set, marked_matched_patterns, which indicates and tracks the compression 

patterns, is initialized (line 2). The findMatchedPatternsOfPatternInGraph function finds the matched 

patterns, i.e., parts in the existing graph that match each pattern p, an element of the given pattern 

dictionary P (line 5). The matched pattern found in the original graph signifies the part to be 

expressed as a compressed graph pattern. Afterward, the process of adding elements connected to 

the original graph and patterns is performed (lines 7-14). Finally, all vertices and edges not included 

in the pattern are added to the compressed graph. This step is performed to preserve the structure 

and connectivity of the original graph. The written graph object is then returned and recorded on 

disk to conclude the compression process (lines 16-21). 
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Algorithm 2. Graph compression 

Input: graph G, pattern dictionary P 

Output: Compressed graph 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

compressed_graph = new Graph() 

marked_matched_patterns = set() 

 

for pattern p in P: 

  matched_patterns = findMatchedPatternsOfPatternInGraph(p, G) 

  for matched_pattern in matched_patterns: 

    if matched_pattern not in marked_matched_patterns: 

      new_vertex = createVertexForPattern(p) 

      compressed_graph.addVertex(new_vertex) 

      marked_matched_patterns.add(matched_pattern) 

       

      connecting_vertices = 

getVerticesConnectedToMatchedPattern(matched_pattern, G) 

      for vertex in connecting_vertices: 

        compressed_graph.addEdge(new_vertex, vertex) 

 

for vertex in G.vertices: 

  if vertex not in marked_matched_patterns: 

    compressed_graph.addVertex(vertex) 

for edge in G.edges: 

  if edge not connected to marked_matched_patterns: 

    compressed_graph.addEdge(edge.source, edge.target) 

 

return compressed_graph 

4. Performance Evaluation 

The performance of the proposed technique was evaluated against some of the existing methods 

to demonstrate its excellence and validity. An experiment was conducted with two main focuses. 

First, a dataset with repeated patterns was created following [27] to verify if the proposed technique 

could identify patterns necessary for compression. Second, the experiment was conducted on various 

real-world graph sets. Table 1 presents the experimental environment. 

Table 1. Experimental environment. 

HW/SW Description 

CPU 
Intel(R) Core (TM) i7-

12700K 

RAM 32GB 

Python 3.8.10 

Igraph 0.9.1 

networkX 3.1 

Equation (2) calculates the size of the compressed graph compared to the original one. Using 

this equation, the extent of compression of the relative to the size of the original data can be 

determined. The performance evaluation assesses changes in compression time and rate depending 

on the pattern dictionary size in a graph stream environment. Additionally, the change in 
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compression rate based on the size of the batch can be examined; thus, the performance of the 

proposed technique can be verified and validated under various conditions.  

𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑟𝑎𝑡𝑖𝑜 = 𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑔𝑟𝑎𝑝ℎ 𝑠𝑖𝑧𝑒 / 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑔𝑟𝑎𝑝ℎ 𝑠𝑖𝑧𝑒 (2) 

Finally, the experiments in this study were conducted with a window size 𝑊𝑏𝑎𝑡𝑐ℎ of 3, threshold 

𝛾 of 2, and an 𝛼 of 0.5. First, an experiment was conducted to verify if the proposed technique could 

find the subgraphs it sought. The patterns of each dataset presented in Table 2 include 3-clique, 4-

clique, 4-star, 4-path, 5-path, and 8-tree, i.e., a total of six patterns. In this experiment, experimental 

datasets with a desired frequency were created following [27]. The data used in the experiment 

consisted of 1,000 vertices and 10,000 edges. “Cov.” (coverage) in Table 2 indicates the extent to which 

the pattern constituted the entire graph. The experimental results show that the proposed technique, 

while generally taking more time than GraphZip [11], accurately found all the subgraph patterns. 

Furthermore, the proposed technique was able to find accurate subgraph patterns faster than 

SUBDUE [27]. In this experiment, when the experiment time exceeded 10 min (600 s), it was deemed 

erroneous and marked as timed-over. 

Table 2. Synthetic graph experiment results. 

Dataset Cov. 

(%) 

Runtime (S) Accuracy (%) 

Ours 

GraphZip 

[11] 

SUBDUE 

[27] Ours 

GraphZip 

[11] 

SUBDUE 

[27] 

3-CLIQ 

20 58 52 68.3 100 100 89 

50 4.2 3.8 23.7 100 100 90 

80 4.1 3.7 12.1 100 100 87 

4-

PATH 

20 49 45.4 58.9 100 100 100 

50 4.1 3 19.4 100 100 100 

80 3.3 2.9 11.7 100 100 100 

4-STAR 

20 54 50.1 Time Over 100 100 - 

50 4.5 4.1 Time Over 100 99.8 - 

80 4.9 4.4 Time Over 100 100 - 

4-CLIQ 

20 81 68 Time Over 100 100 - 

50 32 29.1 Time Over 100 99.5 - 

80 15.1 13.9 45.1 100 100 90 

5-

PATH 

20 58.4 48.5 Time Over 100 99.2 - 

50 6.1 4.5 21.4 100 99.6 99.8 

80 5.5 4.3 24.8 100 100 99.4 

8-TREE 

20 81.1 72.7 Time Over 100 99.2 - 

50 12.4 10.4 Time Over 100 99.7 - 

80 13.1 11 Time Over 100 100 - 

Table 3 presents some real-world datasets used in the experiment. These datasets are frequently 

used in applications, such as graph pattern mining. Additionally, the table includes the labels used 

for thee datasets in subsequent experiments, number of vertices and edges, description of the dataset 

contents, and their size on disk.  
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Table 3. Real-world datasets utilized in the experiment. 

Dataset Mark # Vertices # Edges Description Size (KB, disk) 

DBLP DB 317,080 1,049,866 Collaboration 13,605 

Youtube YT 1,134,890 2,987,624 Social 37,814 

Skitter SK 1,696,415 11,095,298 Internet 145,612 

NBER NB 3,774,218 16,512,783 Patent Citation 257,887 

LiveJournal LJ 3,997,962 34,681,189 Social 478,799 

Table 4 presents the average number of patterns, average processing time, and average 

compression rate as a function of the batch size. Owing to the characteristics of stream-based pattern 

mining techniques, as the batch size increases, both the time taken to process it and amount of 

memory required increase. This feature means that depending on the graph compression application, 

it may be necessary to choose an appropriate batch size. In this study, the batch size was fixed at 300 

to satisfy the size of the pattern dictionary. This allowed for a stable measurement of the performance 

of the proposed technique. 

Table 4. Average number of patterns and processing time according to batch size. 

Batch 

size 

Average number 

of patterns 

Average 

processing time 
Average compression ratio 

50 24.1 10.7 24.4 

100 45.9 29.4 41.2 

200 84.2 51.3 55.7 

300 125.8 67.3 69.4 

Figure 8 shows the time spent on each process in the overall graph compression process 

according as a function of the pattern dictionary size. Specifically, Figure 8(a) and (b) show the 

performance evaluation results of the proposed scheme and one of the existing schemes, namely 

GraphZip, respectively. It was observed that the proposed technique takes longer in this process 

owing to its more complex policy for scoring complex graph patterns. In pattern-based compression 

methods, the process of finding patterns occupies most of the time; the proposed scheme generally 

spends more than 10% of the time managing patterns, while GraphZip spends less than 5%. In other 

words, the proposed scheme generally spends more time effectively managing and allocating more 

complex patterns than the existing methods, thereby demonstrating a higher level of graph pattern 

recognition and compression efficiency.  

 

Figure 8. Time requirement for each process step in the complete process: (a) proposed scheme; (b) 

GraphZip. 
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Additionally, experiments on some datasets confirmed that the proposed technique required 

less time than the existing methods. This implies that the proposed technique can achieve a balance 

between efficiency and performance depending on the situation. 

Figure 9 shows the compression rate and time taken for compression as a function of the pattern 

dictionary size. The left side plots show the compression rate, while the right side ones show the 

compression execution time. Generally, the proposed technique demonstrated superior performance 

in most experiments, especially in larger datasets. One of the existing methods, GraphZip [11] assigns 

value based on size and frequency for each pattern, which may lead to performance degradation if 

high-scored patterns do not reappear.  

 

(a) 

 

(b) 

 

(c) 

Figure 9. Compression rate and time taken for proposed scheme as a function of pattern dictionary 

size: (a) pattern dictionary size of 30; (b) pattern dictionary size of 50; (c) pattern dictionary size of 

100. 
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In contrast, the proposed scheme considers frequency, size, and time for each pattern. Although 

it takes more time owing to complex calculations required for each pattern, it maintains more 

important patterns and deletes less significant ones, thus managing the pattern dictionary more 

effectively. 

Figure 10 shows the results of a performance comparison between the proposed scheme and 

existing incremental graph pattern extraction methods, using the largest dataset, LiveJournal. 

GRAMI [28] and FSM [10], which are similar to GraphZip [11] and find frequent patterns in graphs 

in a stream environment, were included in the experiment. The horizontal axis of the figure 

represents the percentage of batch processing progress in graph stream data. That is, at a value of 5 

on the horizontal axis, approximately 5% of the total graph stream will have been processed. The 

horizontal axis is divided in intervals of 5%. The total execution time is as shown in Figure 9(c). For 

this dataset, with a batch size of 300, approximately 115,000 iterations of processing were performed. 

The experimental results showed that for up to 70% of the entire process, GraphZip outperformed 

the proposed scheme in terms of processing time; however, later on, the latter outperformed the 

former. This indicates that the proposed technique performs faster computations by eliminating 

unnecessary patterns. On the other hand, the existing methods GRAMI and FSM saw an exponential 

increase in the computation time in the latter half as the number of patterns to compare increased. 

 

Figure 10. Comparison of performance metrics of the proposed scheme and other pattern mining 

schemes in streaming environments. 

5. Conclusions 

In this paper, we proposed an incremental frequent pattern-based compression scheme for 

processing graph streams. It identifies frequent patterns through graph pattern mining, assigns 

scores to the patterns, and selects reference patterns from among them. Additionally, it utilizes 

pattern and provenance information to leverage the change history of graphs. The proposed method 

was observed to detect patterns and perform compression faster than the existing techniques. It can 

be applied to dynamically changing stream graphs, and improve space efficiency by storing only the 

most efficient patterns in memory. Furthermore, by maintaining the latest patterns, the proposed 

scheme improves the compression efficiency and processing speed of graph streams that change in 

real time. Performance evaluation results showed that in environments with repeated patterns, the 

proposed technique performed similar to the existing methods; however, for real-world data, it 

consistently yielded higher compression rates and faster processing times in most environments. 

Smaller pattern dictionary sizes used in this scheme facilitate a more effective compression, compared 

to other pattern mining schemes. Especially in real-time processing environments with limited 

latency, the proposed scheme outperformed other graph compression or graph pattern mining 
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schemes in terms of processing time. However, some areas exist, where it does not significantly excel 

in compression rate, and guaranteeing performance for more complex patterns or scalability might 

be difficult. To address these issues, we plan to enhance its performance via techniques utilizing 

GPUs and conduct experiments with other various stream-based graph compression schemes. 

Appendix A. Datasets and Libraries 

This study utilizes the following publicly available datasets: 

1. DBLP (http://snap.stanford.edu/data/com-DBLP.html): A computer science bibliography 

dataset provided by SNAP (Stanford Network Analysis Project). 

2. Youtube (http://snap.stanford.edu/data/com-Youtube.html): A social network of Youtube users, 

also provided by SNAP. 

3. Skitter (http://snap.stanford.edu/data/as-Skitter.html): An Internet topology graph collected 

from traceroutes run daily in 2005 by Skitter, provided by CAIDA (Center for Applied Internet 

Data Analysis). 

4. NBER (https://www.nber.org/research/data/us-patents): U.S. patent data provided by the 

National Bureau of Economic Research. 

5. LiveJournal (http://snap.stanford.edu/data/com-LiveJournal.html): A social network of 

LiveJournal users, provided by SNAP. 

These datasets are publicly available and can be downloaded from the provided URLs. The 

datasets were selected to demonstrate the performance of the proposed graph compression technique 

on various types of real-world graph data. 

The following libraries were used to process the datasets and perform the experiments: 

1. igraph (https://igraph.org/): A library for creating and manipulating graphs, as well as analyzing 

networks. 

2. NetworkX (https://networkx.org/): A library for studying complex networks, providing tools for 

graph creation, manipulation, and analysis. 

These libraries were used in Python to extract the necessary graph structures from the datasets 

and conduct the experiments. 
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