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Abstract 
This report presents our approach for entity exploration in Heterogeneous Information 

Networks (HINs). Specifically, we address the problems of entity ranking, similarity search, and 

entity resolution. We first explain the use of metapaths to define different views of a HIN and 

derive relative rankings of entities with respect to relationships of different semantics. Then, we 

present our work on set similarity joins, similarity search over entities with heterogeneous 

attributes, and similarity search for time series. Finally, we introduce a novel method for entity 

resolution based on the concept of graph generating dependencies. 
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Executive Summary 
 

Heterogeneous Information Networks (HINs) are graphs comprising different types of nodes 

(entities) and edges (relationships). HINs offer an intuitive and generic model for representing 

complex information in various domains. Hence, they are a convenient and suitable concept for 

exploring and analysing entities in data lakes. A core concept in HINs is that of metapath, which is 

a path defined on the schema of a HIN. Metapaths represent relationships of different semantics 

between entities of the same or different type, providing a mechanism for exploring and analysing 

a HIN from multiple perspectives. Thus, they are fundamental for several types of analyses in HINs. 

This report presents our approach for entity exploration in HINs, focusing in particular on the 

following tasks: (a) entity ranking, (b) similarity search and join, and (c) entity resolution. 

In Section 1, we introduce the main concepts, provide an overview of our work, and explain its 

context in the SmartDataLake project. 

Entity ranking is discussed in Section 2. We first present how different metapaths can be used to 

define different views of a HIN, indicating relationships with different semantics between entities. 

We focus on cyclic metapaths, which essentially transform a HIN to a homogeneous network so 

that well-known algorithms for node ranking in graphs can be applied to measure the centrality 

of entities. Consequently, relative entity rankings with respect to one or more metapaths can be 

derived and combined. Furthermore, we address the problem of ranking spatial regions. This takes 

into consideration spatial attributes of the entities, which are not represented in the network 

structure, and thus cannot be captured by the concept of metapaths. 

Similarity search and join is addressed in Section 3. We first present the filter-verification 

framework and an overview of the state of the art, focusing on set similarity joins. These retrieve 

similar entities based on textual properties, such as categories, keywords or tags, as well as based 

on their sets of neighbours in the network, which in the context of HINs is relative to the metapaths 

under consideration. We present our adaptations to existing algorithms, focusing on top-k queries. 

We also introduce set weights, which allow to include ranking scores of entities in the similarity 

search process. Moreover, we present our approach for top-k similarity search queries on entities 

with heterogeneous attributes, which we model as a rank aggregation problem. Finally, we report 

our work on similarity search for time series, and its extension to geolocated time series. 

Entity resolution is presented in Section 4. This task refers to matching entity profiles, within the 

same or across different data sources, that correspond to the same real-world entity. We propose 

a novel approach for entity resolution based on a new class of graph dependencies called Graph 

Generating Dependencies (GGDs). GGDs extend the idea of functional dependencies, conditional 

functional dependencies and differential dependencies from relational data to graph data. We 

introduce the syntax and semantics of GGDs and explain how to apply them for entity resolution 

in HINs. 

Finally, Section 5 summarizes and concludes the report.   
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Abbreviations and Acronyms 
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1. Introduction 

1.1. Overview 
Data lakes are raw data ecosystems, where large amounts of structured, unstructured and semi-

structured data coexist in its natural format and in various models. Data lakes retain all data, aiming 

to support ad hoc, self-service analytics, as opposed to predefined parts of data that are known in 

advance to serve specific purposes. This opens up new opportunities for data scientists to tap into 

the data lake to analyse data from new sources, combine data of different types, come up with 

new business questions, test hypotheses, and derive new insights and knowledge. Thus, it can 

significantly increase the flexibility and speed of data-driven decision making. 

One of the main challenges is how to efficiently and effectively sift through the vast and 

heterogeneous contents of the data lake. A data lake contains diverse information about various 

types of entities (e.g., companies, products, customers) and various types of relationships between 

them. Moreover, different facets and pieces of information for the same entity may be fragmented 

across different data sources (e.g., enterprise data, web, social networks, news, stock market). 

Since the entities and relationships in real-world data often logically form a graph, Heterogeneous 

Information Networks (HINs) provide an intuitive way to represent this information. A HIN is a 

graph that comprises different types of nodes (entities) and edges (relationships) [1]. Figure 1 

presents an illustrative example of a HIN containing news articles (𝑎!, 𝑎"), persons (𝑝!, 𝑝",	𝑝$, 𝑝%), 
organizations (𝑜!, 𝑜", 𝑜$) and locations (𝑙!, 𝑙", 𝑙$). 

 

 

Figure 1: Illustrative example of a HIN containing news articles (A), persons (P), 
organizations (O), and locations (L). 

 

A core concept for analysing HINs is that of metapath, which is a path defined on the schema of 

the HIN [2]. Metapaths represent relationships of different semantics between entities of the same 

or different type, providing a mechanism for exploring and analysing a HIN from multiple 

perspectives. In the example of Figure 1, we can consider, for instance, the metapath 𝑃𝐴𝑃, which 
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connects two persons (P) if they are mentioned in the same article (A), or the metapaths 𝑃𝐴𝑃𝐴𝑃, 

𝑃𝐴𝑂𝐴𝑃 and 𝑃𝐴𝐿𝐴𝑃, which connect two persons if they are mentioned in articles that also mention 

a common person, organization (O), or location (L), respectively. Then, we can observe that 

persons 𝑝" and 𝑝$ are connected according to 𝑃𝐴𝑃𝐴𝑃 (specifically, via 𝑝" − 𝑎! − 𝑝! − 𝑎" − 𝑝$) and 

𝑃𝐴𝑂𝐴𝑃 (specifically, via 𝑝" − 𝑎! − 𝑜! − 𝑎" − 𝑝$), but not according to 𝑃𝐴𝑃 or 𝑃𝐴𝐿𝐴𝑃. 

Hence, the neighbourhood or, accordingly, the centrality of a node in a HIN become relative to 

the metapaths under consideration. This raises the need for methods and tools that can facilitate 

users in defining and computing different views of a HIN based on different combinations of 

metapaths. This can be used to compute and compare answers to various questions, such as, 

which entities are the most important (central) in the network or having the highest similarity 

(common or similar neighbours) to a query entity. The task becomes even more complex in the 

presence of entity types that are additionally associated with spatial or temporal properties (e.g., 

geospatial coordinates or timestamps). Spatial and temporal proximity are important factors in 

several analyses. Yet, since spatial and temporal relationships are typically not represented 

explicitly in the network structure, they cannot be captured by metapaths. 

This report presents our approach and methods for addressing the following fundamental tasks 

for entity exploration in HINs. 

Entity ranking. Entity ranking (Section 2) allows identifying the top entities in the network, where 

centrality is used as a measure of importance. Given that a data lake may contain information 

about thousands or millions of entities, ranking is important for providing initial insights and seeds 

for further exploration, thus guiding users in prioritizing their analysis. Ranking of entities in HINs 

needs to take into consideration the concept of metapaths, since the centrality of a node depends 

on the metapaths being considered. Thus, each entity has a different ranking score for each 

(combination of) metapath(s). Moreover, the top entities in the network may change over time. 

Finally, a different approach is required for ranking spatial entities, since spatial proximity is not 

typically represented by links in the network. 

Similarity search. Similarity search and join (Section 3) aim at discovering the most similar entities 

to a query entity or all pairs of similar entities within an entity collection. For instance, starting from 

the top entities in the network, similarity search can be used to explore and navigate through the 

web of entities progressively. Moreover, similarity joins can be used to construct a similarity graph 

of entities, which can then provide the basis for further analysis tasks, such as link prediction or 

community detection. Entities in HINs are connected via different types of paths and are 

associated with different types of attributes, e.g., numeric, spatial, or temporal, which need to be 

considered during search. Thus, the similarity between entities is also relative to the respective 

metapaths and the preferences among different attributes. 

Entity resolution. In a data lake, information about an entity may be fragmented across several 

sources. Entity resolution (Section 4) aims at matching entities, within the same or across different 

data sources, that refer to the same real-world entity. These instances need to be identified and 

linked so that duplicates can be removed or merged. This is a crucial step for data cleaning and 

integration. In the context of HINs, our approach focuses on leveraging the network structure and 

the properties of different entity types to perform entity matching. 
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1.2. Role in the project 

 

Figure 2: The three layers of SDL: SDL-Virt, SDL-HIN, and SDL-Vis. This deliverable covers 
SDL-HIN, and in particular Entity Ranking, Entity Resolution and Similarity Search. 

The work presented in this report covers the functionalities for entity ranking, similarity search and 

entity resolution that are part of the SDL-HIN layer (see Figure 2 and Deliverable D1.2: “System 

architecture”). These parts, emphasizing on exploration, have been our main focus during the first 

period of the project, as they also lay the foundation for the rest of the components of SDL-HIN, 

i.e., link prediction, community detection and change detection, emphasizing on mining, which 

will be the main focus during the second period. 

The components of SDL-HIN can ingest data directly, or they can leverage the data virtualization 

capabilities offered by the underlying layer (SDL-Virt) to query data in situ, thus hiding the 

complexities of dealing with data of different shapes and formats. Moreover, they interact with the 

SDL-Vis layer to provide the functionalities for interactive visual analytics. Through SDL-Vis, the 

data analyst can tune parameters and steer the execution of SDL-HIN components, e.g., by setting 

weight parameters or similarity thresholds. 

This deliverable reports the work conducted so far in Tasks 3.1: “Similarity search and exploration” 

and 3.2: “Entity resolution and ranking”. It covers the main concepts involved, the problems that 

are addressed, and the proposed approaches and methods. The respective software components 

that are being developed will be presented in Deliverable D3.2: “Initial version of the HIN mining 

engine”. This work will continue throughout Tasks 3.1 and 3.2, and the final results will be 

presented in Deliverable D3.5: “Final version of the HIN mining engine”. 

Raw files DatabasesGraph data
Data Lake

Virtualized Data Access

Approximate Query Processing

Storage Tiering

Distribution & Elasticity

Similarity Search

Entity Resolution

Link Prediction

Community Detection

Entity Ranking Change Detection

Visual Analytics Model

Feature Exploration

Spatial Visualizations

Temporal Visualizations

Parameter Tuning Graph Visualizations

SDL-Vis

SDL-HINSDL-Virt

User



	

DELIVERABLE D3.1  11 

2. Entity Ranking 

2.1. Introduction 
In the context of ranking entities, which are nodes in a homogeneous network, PageRank [52] [53] 

is the most widely known algorithm. It is a graph processing algorithm that measures the transitive 

influence or connectivity of nodes. It was originally introduced to estimate the importance of a 

Web page by counting the number and the quality of the links pointing to it. The underlying 

assumption is that Web pages of high importance are more likely to receive a high volume of 

incoming links from other Web pages. PageRank scores can be computed by either iteratively 

distributing one node’s rank (initially based on its degree) over its neighbours, or by randomly 

traversing the graph and counting the frequency of hitting each node during these walks. 

PageRank simulates the behaviour of a “random surfer” that traverses the network starting from a 

randomly selected node. Then, it either picks one node to visit from those being directly 

connected to the current node, or it chooses any other node in the network at random. The 

PageRank score of a node 𝑖 indicates the probability of a random surfer visiting it and satisfies: 

 

𝑠& =0𝑃&,'𝑠' + (1 − 𝑎)𝑣&
'

 

 

𝑃 is the network’s transition matrix, Pi,j = Ai,j / kj
out, and kj

out is the out-degree of node j; (1-a) is the 

random jump probability, controlling how often the surfer chooses to visit a random node; and vi 

is the landing probability of reaching node 𝑖 after a random jump. Typically, each node is given a 

uniform landing probability of vi = 1 / N, where 𝑁 is the number of nodes in the network. It should 

be noted that in the case of “dangling nodes”, which contain no outgoing edges, i.e., nodes 𝑗 with 

out-degree kj
out = 0, the value of the transition matrix is undefined. To address this, the standard 

technique is to set Pi,j = 1 / N, or to some other landing probability, whenever kj
out = 0. 

 

Figure 3: PageRank scores for a toy homogeneous network. 
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Figure 3 presents an example showing the computation of PageRank scores for a homogeneous 

network consisting of 10 nodes. 

PageRank has a multitude of variants. The most popular of them is Personalised PageRank [54]. 

The characteristic of Personalised PageRank is that it is biased towards a set of particular nodes, 

meaning that during the random jump, it is not equally likely to move to any other node. Instead, 

some nodes have larger random jump probabilities than others. This is useful for many 

applications, such as recommender systems. 

However, node ranking algorithms for homogeneous networks cannot be used without 

adaptation to rank nodes in HINs. This is because the different types of nodes and edges in the 

HIN have diverging interpretations, and the algorithms for homogeneous networks are unable to 

take advantage of such information. As a result, ranking the nodes of a HIN using PageRank or 

Personalised PageRank may result in a ranked list of diverging entities without clear semantics. 

Thus, it is evident that node ranking algorithms tailored to HINs should be used in this case. 

2.2. Entity ranking in HINs 
Before ranking entities in HINs, the user has to determine the criteria based on which they should 

be ranked. The user preferences can be expressed by exploiting the notion of metapaths (see also 

Section 1.1). In particular, the user provides one or more (cyclic) metapaths of the HIN that relate 

the entities that need to be ranked to each other based on the desired semantics. Each provided 

metapath essentially defines a view of the HIN, which is a homogeneous network that connects 

the entities based on the particular type of paths in the original network. Thus, the most important 

entities based on a particular metapath can then be easily revealed by executing a traditional entity 

ranking algorithm like PageRank or Personalised PageRank (see Section 2.1) on the corresponding 

view of the HIN. The previously described approach is the one followed by the HRank method 

[55]. 

Producing the view of the HIN based on a particular metapath is a demanding, resource-

consuming computational task. Recalling that a metapath can be defined as a sequence of 

different edge types of the HIN, the input of the computational task to produce a metapath-based 

view of the HIN consists of all the edges of the node types that are involved in the particular 

metapath. The edges of each type can be represented by a corresponding adjacency matrix. The 

same holds for the edges of the output view. Thus, the task to produce the metapath-based view 

of the HIN can get as input the adjacency matrices of all different edge types involved in the 

metapath and provide as output the adjacency matrix that represents the output view. In that case, 

the processing corresponds to applying the matrix multiplication operation to the input adjacency 

matrices.  

The order of the matrix multiplications involved in the previous process can significantly affect its 

memory footprint and execution time. Exploiting this observation, a dynamic programming-based 

approach to select an efficient order for multiplications has been proposed in the literature [55]. It 

estimates the cost of each matrix multiplication operation to be performed, and uses dynamic 
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programming to select the multiplication order that minimizes the estimated cost. Our 

implementation builds upon this approach, extending it to achieve significant further speedups. In 

particular, since most of the involved matrices are very sparse, we replace traditional matrix 

representations with other data structures that are more suitable to represent sparse matrices. This 

enables us to exploit an efficient matrix multiplication operation tailored to sparse matrices. In 

addition, we replace the initial multiplication cost estimator with one that is more suitable to 

estimate the cost based on sparse matrices [56]. 

In particular, given a matrix A with dimensions (m x n) and an (n x l) matrix B the exact cost of 

multiplying A with B can be exactly determined in the case of dense matrices and is equal to m·n·l. 
However, for sparse matrices, the multiplication cost is highly dependent on the density of the 

matrices being multiplied. The density of a sparse matrix A [m x n] is defined as: 

𝜌( =	
𝑛𝑜𝑛𝑍𝑒𝑟𝑜(𝐴)

𝑚	 ∙ 𝑛
 

Assuming that non-zero elements are uniformly distributed in the multiplied matrices, the density 

of the result according to the average case estimator is given by: 

𝜌) = 1 − (1 − 𝜌* ∙ 𝜌+), 

Where 𝜌* and 𝜌+ are the densities of the multiplied matrices A and B respectively. Note that the 

average case estimator is a best-effort estimator as it is based only on matrices metadata with no 

additional overhead. 

Based on the above, we adopt the following formula [56] to estimate the cost of sparse matrix 

multiplication:  

𝐶𝑜𝑠𝑡-./0-1(𝐴, 𝐵) = 𝑎	 ∙ 𝑛𝑜𝑛𝑍𝑒𝑟𝑜(𝐴) + 𝛽 ∙ 𝑁2 + 𝛾 ∙ 𝑛𝑜𝑛𝑍𝑒𝑟𝑜(𝐶) 

where  

• 𝑛𝑜𝑛𝑍𝑒𝑟𝑜(𝐴) = 𝑚 ∙ 𝑛 ∙ 𝜌*, 

• 	𝑁2 is the estimated number of operations during the multiplication and is equal to 𝑚	 ∙ 𝑛 ∙
	𝜌( ∙ 	𝑙	 ∙ 𝜌3  

• 𝑛𝑜𝑛𝑍𝑒𝑟𝑜(𝐶) is the estimated number of non-zero elements in the result and equal to 𝑚	 ∙
𝑛	 ∙ 𝜌) .  

The constants 𝛼, 𝛽, 𝛾 abstract several other parameters of the sparse matrix multiplication such as 

the algorithm used for the multiplication, the memory bandwidth, the pattern of non-zero 

elements of the input and result matrices. The values of these constants can be determined by 

multilinear regression using means square fit. This sparsity-aware cost estimation can then be 

adapted to the dynamic programming approach to estimate the order of multiplications with the 

minimum cost. We only need to store at each step the densities of the optimal sub-chains.  

It should be noted that, while determining the desired metapaths to be considered for entity 

ranking, the user can also provide a set of hard constraints on them. These constraints involve the 

values of attributes of the entity types that are contained in the particular metapath. By 

determining a constraint, the user determines that she does not want all the paths of the particular 

type to be considered, only those paths that satisfy the given condition. This feature can be easily 
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supported by the previously described matrix multiplication-based approach since the 

constrained can be applied just by multiplying the corresponding adjacency matrix with a diagonal 

matrix that has 1 values in the diagonal only for the elements that satisfy specified constraints. 

As mentioned, after producing the metapath-based HIN view, the desired entity ranking can be 

calculated by executing a traditional entity ranking algorithm for homogeneous networks on the 

view. In some cases, it is desired to consider multiple metapaths simultaneously for ranking. This 

can be handled as follows: the ranked lists for each of the metapaths is computed by following 

the previously described approach; then, a rank aggregation algorithm [51] is used to provide the 

final ranked list. 

2.3. Ranking of spatial regions 

2.3.1. Preliminaries 
So far, we have considered the problem of ranking entities based on their position in the network. 

In the following, we turn our focus to entities that are associated with geolocations (e.g., 

companies having offices or points of sales at certain locations). The spatial dimension plays a 

crucial role in many application areas (e.g., in geo-marketing, logistics, or urban planning), as 

characteristically stated by Tobler’s first law of geography, according to which “everything is 

related to everything else, but near things are more related than distant things” [3]. Specifically, we 

study the problem of Best Region Search (BRS), which refers to ranking spatial regions based on 

their contents. This can be used, for example, to find those areas in a given city or country that 

contain the largest number of companies of a certain type or generate the largest amount of 

revenue. Formally, the BRS problem [4] is defined as follows. 

Definition 1 (Best Region Search). Given a set of spatial points 𝑃, a monotone scoring function 𝑓, 

and the width 𝑤 and height ℎ of an axis-aligned rectangle 𝑅, find the best placement of 𝑅 such 

that the value of 𝑓 over the points enclosed by 𝑅 is maximized. 

The state-of-the-art algorithm for this problem [4] discovers only a single result, i.e., a single 

position for 𝑅 that achieves the highest possible score for 𝑓. However, this is not sufficient for data 

exploration, where the user typically needs to examine and analyse several alternatives. This 

shortcoming has been addressed by an algorithm that progressively retrieves top-k results [5]. 

Moreover, this algorithm allows diversifying these results by skipping or penalizing results that 

have an overlap with already retrieved ones. An overview of the process is illustrated in Figure 4. 

The algorithm first divides the input area into a uniform grid of cells with dimensions 𝑤	 × 	ℎ and 

computes an upper bound for the score of each cell. Then, the cells are processed in decreasing 

order of their upper bounds, with intermediate results being maintained in a priority queue. 

Processing each cell involves a series of scans that result in smaller regions, each one also 

associated with an upper bound. The algorithm refines these intermediate results progressively 

until eventually the top-k regions have been discovered. During the process, the degree of overlap 
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of each next candidate to the already selected results is computed before determining the final 

score of each region. 

Although this algorithm provides greater flexibility for data exploration, its centralized nature limits 

its scalability. To address this drawback, in the following, we describe our parallel and distributed 

solutions to this problem. 

 

Figure 4: Overview of the centralized algorithm for Best Region Search. 

 

2.3.2. Our approach 
In the following, we present our approach towards a parallel and distributed solution to the 

diversified top-k BRS problem. 

A straightforward idea for scaling out is to spatially segment the input area into several partitions, 

then process each partition in parallel, using the aforementioned centralized algorithm to 

compute top-k results in each partition, and then merge these local top-k results at the 

coordinator to obtain the final, global top-k results. However, as explained next, this method 

cannot guarantee that the global top-k results are the correct ones when the diversification 

criterion needs to be taken into account. Diversification of the results is an important requirement, 

since returning regions that overlap each other to the user offers no new insights for exploration. 

Consider the example illustrated in Figure 5, comprising an input area segmented in two spatial 

partitions 𝑁& and 𝑁', assigned to respective workers for processing in parallel. Assume that worker 

𝑁& computes the following local top-k results: 𝑅" > 𝑅$ > 𝑅4 > 𝑅5, whereas worker 𝑁' computes 

𝑅! > 𝑅% > 𝑅6 > 𝑅7 (lower indices indicate higher score, i.e., 𝑅& > 𝑅'  if 𝑖 < 𝑗). If 𝑘 = 3, then 𝑁&  will 

return the following local top-3 results to the coordinator: 𝑅", 𝑅4, 𝑅5 . Notice that 𝑅$  is skipped 

since it overlaps with 𝑅", which has a higher score and is thus selected first. Similarly, 𝑁' will return 

the following top-3 results: 𝑅!, 𝑅%, 𝑅7. Again, 𝑅6 is skipped because it overlaps with 𝑅%, which has a 
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higher score. Given these two sets of local top-3 results, the coordinator will merge them to obtain 

the following global top-3 results: 𝑅!, 𝑅%, 𝑅4. Notice that 𝑅" is skipped since it overlaps with 𝑅!, 

which has a higher score and is thus selected first. However, the correct global top-3 list should 

have been the following: 𝑅!, 𝑅$, 𝑅6 since 𝑅$ is better than 𝑅%, and thus it should have been selected 

as the second top result. This error was caused by the fact that 𝑅$ was omitted locally due to its 

overlap with 𝑅"; however, 𝑅" was eventually skipped by the coordinator due to its overlap with 𝑅!. 

Hence, workers cannot safely discard overlapping results because those causing the overlap may 

in turn overlap with other neighbouring partitions. This creates a chain of dependencies between 

two or more partitions, complicating the decision which of the local results to select. 

 

Figure 5: Example showing how region overlaps prevent assembling the correct global 
top-k results from the local ones. Green and blue regions are those returned by workers 
𝑁! and 𝑁", respectively. Underlined results are those finally selected by the coordinator. 

Red ones are the correct top-3 results. 

 

Next, we briefly present our approach to addressing the above challenge (see Figure 6). We outline 

the basic ideas of our solution; a detailed description is provided in [6].  

 

Figure 6: Proposed algorithms for diversified top-k best region search. 
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Multi-round algorithm. Our first method is an incremental, multi-round algorithm that gradually 

builds the global top-k list of results by retrieving local top-k results from each worker at each 

round. While aggregating the local top-k results received at the end of each round, the 

coordinator resolves overlaps. If needed, the coordinator contacts the affected workers again, 

informing them about the occurred overlaps and asking them for accordingly revised top-k 

results. This process may take up to 𝑘 rounds to complete. Hence, in this algorithm, the problem 

of dealing with conflicts is handled by the coordinator. The advantage of the algorithm is that 

workers can readily exploit the centralized top-k algorithm for the BRS problem with minor 

adaptations since the decisions for forming the global top-k list are made at the coordinator level. 

The downside is that when overlapping results are identified and discarded, a new round has to 

be executed. The relevant workers have to be informed about these results and requested to 

compute new results accordingly. These extra rounds introduce additional overhead. 

Single-round algorithm. To overcome the drawback of multiple rounds, we devise a single-round 

algorithm. This requires formulating appropriate conditions to reason about the uncertainty of the 

validity of the local results. In this algorithm, each worker proactively anticipates which results may 

be disqualified due to overlaps with regions from other partitions. Assessing each scenario, it 

produces a sufficiently extended local set of results, guaranteeing that the process can be 

completed within a single round of communication. However, the computation of these extended 

results imposes additional overhead on each worker, implying higher execution time of the local 

processes. 

The single-round algorithm maintains auxiliary information per region that is used during the 

reduction phase for handing overlapping regions from different partitions. The intuition is the 

following: when processing each partition, a sufficient number of regions (typically larger than 𝑘) 

is computed and sent to the coordinator. This guarantees that the coordinator has all candidates 

needed to assemble the global top-k results without further communication to the workers. The 

challenge is to determine how many, and which, additional regions need to be sent, such that the 

coordinator is guaranteed to hold sufficient information for extracting the final answer. As shown 

above, the challenge arises from the presence of overlaps between candidate regions that are 

detected in different partitions. 

In the following, we demonstrate this approach by using the example illustrated in Figure 7. Region 

𝑟!  of partition 𝑃","  overlaps with the green region of partition 𝑃",! , which has a higher score. 

Therefore, 𝑟! will not be in the final results, unless the green region is eventually disqualified. This 

makes 𝑟" a possible result. Unfortunately, the existence of long chains of such overlaps prohibits 

local solutions that rely on data replication. The single-round algorithm addresses this issue by 

forming a dependency graph of the identified candidate regions at each partition. These graphs 

allow each node to establish a lower bound on the number of regions contained in the local 

results that are accepted by the coordinator if their score is sufficiently high.  
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Figure 7: Example showing identified regions within a worker’s partition. The 
regions are labeled in decreasing score, i.e., score(r1) > score(r2). 

 

Definition 2 (Dependency graph). Let 𝑅 = (𝑟!, … , 𝑟,) denote the list of candidate regions detected 

at a partition 𝑃 , ordered by their score 𝑠𝑐𝑜𝑟𝑒(𝑟&) ≥ 𝑠𝑐𝑜𝑟𝑒(𝑟&8!) . A dependency graph 𝐺(𝑅) is a 

directed acyclic graph (DAG) that contains all candidate regions from 𝑅 as vertices and has an edge 

between any two regions 𝑟& and 𝑟' if they overlap. The edge is directed from the region with the 

higher score towards the region with the lower score. Ties between regions are broken 

consistently by preferring the region with the lowest 𝑥 coordinate, and then the region with the 

lowest 𝑦 coordinate. 

 

Figure 8: Dependency graph corresponding to the example of Figure 7. 

 

Figure 8 depicts the dependency graph for the detected regions in Figure 7. Constructing the 

dependency graph for each partition 𝑃9,: is a local process. It utilizes only the partition’s data and 

the data in the border cells of the neighbouring partitions 𝑃98!,:,  𝑃9,:8!, and 𝑃98!,:8!, which is 
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replicated in the worker holding the partition. The regions that overlap the border cells of each 

partition (grey-shaded cells in Figure 7) may overlap with candidate regions detected in adjacent 

partitions. Thus, the dependencies induced by these regions cannot be depicted in the 

dependency graph. To represent these dependencies, we extend the dependency graph by adding 

artificial dependencies for all locally unknown candidate regions that potentially overlap with 

regions detected at neighbouring partitions.  

Definition 3 (Extended dependency graph). The extended dependency graph 𝑋(𝑅) of a partition 

is a DAG containing: (a) 𝐺(𝑅), and (b) for each vertex 𝑣 ∈ 𝐺(𝑅) with an upper-left corner contained 

in a border cell (𝑖, 𝑗), one vertex 𝑣; for each one of the cells adjacent to (𝑘, 𝑗) that belongs to a 

different partition, and an edge pointing from 𝑣′ to 𝑣. 

Intuitively, the extended dependency graph encodes the possible dependencies from regions 

detected at other partitions. Since these regions are unknown at the node constructing the graph, 

they are represented with the coordinates of the cell that would contain their upper-left corner. 

For example, region 𝑟! of partition 𝑃"," has an upper-left corner at cell (9,9). The adjacent cells 

belonging to other partitions are the cells (8, 8), (8, 9), (8, 10), (9, 8), and (10, 8) of partitions 𝑃!,!, 

𝑃!,", and 𝑃",!. Any region from another partition that has a non-empty overlap with 𝑟! has its upper-

left corner at one of these cells. Figure 9 depicts the extended dependency graph of partition 𝑃",". 

 

Figure 9: Extended dependency graph corresponding to the example of Figure 4. 

 

The advantage of the extended dependency graph is that it allows establishing an upper bound 

on the number of regions in the partition that may be excluded from the results due to (chains of) 

overlapping regions contained in other partitions. Conversely, it allows each partition to derive a 

lower bound on the number of safe regions, i.e., the regions that will not be invalidated from the 

contents of other partitions, even by long chains of overlaps. 

The progressive construction of the extended dependency graph takes place alongside the 

centralized algorithm that produces the local results progressively. Precisely, we slightly modify 

the local algorithm in two ways: (1) for every identified region that passes the filter of acceptable 

overlap, the modified algorithm invokes a function to add the region and its dependencies in the 

extended dependency graph, (2) it terminates when a sufficient number of safe regions has been 

detected. 
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Hybrid algorithm. The single-round algorithm is very conservative, requiring 𝑘 safe regions to be 

obtained from every partition. In practice, this leads to additional load for extending the local 

graphs. To avoid this drawback, we also propose a hybrid algorithm, which strikes a balance 

between the pros and cons of the multi-round and single-round strategies. This hybrid algorithm 

covers the space between the single-round and multi-round algorithms by balancing the number 

of rounds and the number of results expected from each round. Intuitively, we can execute the 

single-round algorithm, requesting a smaller number of safe regions 𝑘; ≪ 𝑘  per partition, 

aggregate the partial results and progressively ask for more results only from the partitions from 

which we already consumed at least one safe region. The partial results collected per round are a 

sorted subset of the final results (at least the next 𝑘′ answers, but typically much more), and can 

be presented progressively to the user. For computationally expensive algorithms, the ability to 

progressively compute intermediate results is an essential requirement for later real-time 

exploratory data analysis [79]. 

3. Similarity Search and Join 

In this section, we present our work on similarity search and join, which are fundamental 

operations for entity exploration. We consider different problems and settings that come up when 

dealing with heterogeneous entities in data lakes. Initially, we focus on set similarity joins, which 

are relevant for entities having textual or set-valued attributes. Then, we deal with similarity search 

for entities having multiple, heterogeneous attributes, such as textual, numeric and spatial. Finally, 

we present our work on similarity search for time series, representing entities with attribute values 

that evolve over time. 

3.1. Preliminaries 

3.1.1. Definitions 
We assume a similarity function 𝑓 that computes a similarity score between 0 and 1 for a pair of 

entities 𝑒! and 𝑒". We distinguish between search and join operations: 

• In search operations, a query entity 𝑒 is given, and the goal is to find in a collection of 

entities 𝐸 the ones that are similar to 𝑒. 

• In join operations, the goal is to find all pairs of similar entities between two collections 𝐸! 

and 𝐸". 

Moreover, we distinguish between threshold-based and top-k operations: 

• When a similarity threshold 𝜃 is given, the goal is to find all entity pairs with similarity at 

least 𝜃. 



	

DELIVERABLE D3.1  21 

• When a number 𝑘 is given, the goal is to find the 𝑘 pairs with the highest similarity. 

More formally, we define the following operations. 

Definition 4 (Threshold similarity search). Given an entity 𝑒, a collection of entities 𝐸, a similarity 

function 𝑓 and a similarity threshold 𝜃, threshold-based similarity search refers to identifying all 

entities 𝑒; ∈ 𝐸 having similarity to 𝑒 at least 𝜃, i.e., 𝑓(𝑒, 𝑒;) ≥ 𝜃. 

Definition 5 (k-NN similarity search). Given an entity 𝑒, a collection of entities 𝐸 , a similarity 

function 𝑓 and an integer 𝑘, k-nearest neighbour similarity search refers to identifying 𝑘 entities 

𝑒; ∈ 𝐸 having the highest similarity to 𝑒, i.e., 𝑓(𝑒, 𝑒;) ≥ 	𝑓(𝑒, 𝑒;;) for any other entity 	𝑒;; ∈ 𝐸. 

Definition 6 (Threshold similarity join). Given two entity collections 𝐸!  and 𝐸" , a similarity 

function 𝑓 and a similarity threshold 𝜃, threshold-based similarity join refers to identifying all pairs 

of entities 𝑒 ∈ 𝐸! and 𝑒; ∈ 𝐸" having similarity at least 𝜃, i.e., 𝑓(𝑒, 𝑒;) ≥ 𝜃. 

Definition 7 (k-NN similarity join). Given two entity collections 𝐸! and 𝐸", a similarity function 𝑓 

and an integer 𝑘, k-nearest neighbour similarity join refers to identifying, for each entity 𝑒 ∈ 𝐸! its 

𝑘 nearest neighbours 𝑒; ∈ 𝐸". 

Definition 8 (Top-k similarity join). Given two entity collections 𝐸! and 𝐸", a similarity function 𝑓 

and an integer 𝑘, k-closest pairs similarity join refers to identifying 𝑘 pairs of entities 𝑒 ∈ 𝐸! and 

𝑒; ∈ 𝐸" having the highest similarity scores among all possible pairs of entities in 𝐸! and 𝐸". 

Notice that a join operation can also be executed within a single entity collection, i.e., 𝐸! ≡ 𝐸". In 

this case, it is referred to as a self-join. 

The results of a similarity search or join operation can be represented as a similarity graph, where 

the vertices denote the entities and the edges are weighted according to the similarity between 

its vertices. 

3.1.2. The filter-verification framework 
Given a set of 𝑁 entities, a naive method to execute a similarity join is to compare each entity with 

each other. However, this requires 𝑁	 × 𝑁 comparisons, which has a high computational cost and 

does not scale for large numbers of entities. 

Several algorithms have been proposed to avoid exhaustive pairwise comparisons for similarity 

joins. They typically follow a filter-verification framework [7], involving two main stages: 

• The filtering stage computes a set of candidates for each entity, pruning all those that 

cannot match. In other words, it discards all true negatives, while allowing some false 

positives. 

• The verification stage computes the actual similarity between the given entity and each of 

its candidates to remove the false positives. 

Instead of comparing each entity with all other entities, the comparisons are only performed 

between candidates. This makes the process more efficient and scalable, assuming that: (a) the 

number of candidates is much smaller than the total number of entities, and (b) identifying 
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candidates is not too expensive. Hence, filtering algorithms need to be both effective, i.e., 

returning as few candidates as possible, and efficient, i.e., the applied filters being lightweight 

compared to the cost of verification. Otherwise, they may not pay off in practice. 

3.2. Set similarity joins 
The types of filters applied in the filtering stage depend on the type of entities and the similarity 

measure used to compare them. Next, we focus on set similarity joins for the following reasons. 

First, it is common for entities to be characterized by sets of tokens, such as keywords or tags; in 

other words, to have categorical attributes in their profiles. For instance, a scientific publication is 

often associated with a set of keywords, which may have been explicitly assigned by its authors or 

automatically extracted from its title or abstract. Similarly, a product or a company is often 

associated with keywords or tags, either assigned manually or by automatically extracting them 

from textual descriptions. Moreover, entities in a HIN can be associated with sets of other entities 

of the same or different type found in their neighbourhood. The neighbourhood of an entity can 

be determined by one or more specified metapaths. 

Hence, in the following, we consider similarity joins between sets of tokens, and we adopt Jaccard 

similarity as the similarity measure. The Jaccard similarity of two sets 𝐴  and 𝐵  is defined as:  

𝐽(𝐴, 𝐵) = |	𝐴	 ∩ 	𝐵	|		/		|	𝐴	 ∪ 	𝐵	|	. Other common set similarity measures, such as Cosine or Dice, 

can be handled similarly. This is because the employed filtering algorithms essentially work 

internally by converting the given similarity threshold to a corresponding overlap threshold, i.e., a 

threshold on the minimum number of common tokens between two sets. For the same reason, it 

is possible to handle similarity joins among strings with edit distance. This is handled by converting 

strings to sets using tokenization or q-gram extraction. The given threshold on string edit distance 

can also be converted to an equivalent threshold on set overlap [7]. 

3.2.1. State of the art 
An overview of the main filtering methods for string and set similarity joins in the literature is 

presented in Table 1. We have classified the methods in four groups: (i) centralized algorithms 

offering exact solutions for similarity joins with a single predicate; (ii) algorithms for parallel and 

distributed processing; (iii) approximate algorithms; and (iv) methods that are dealing with more 

complex matching criteria. The listed methods are characterized by the type of operation they 

perform (e.g., search or join), the similarity measure they assume (e.g., token-based or character-

based), the type of filters they use (e.g., prefix-based or partition-based) and the index structure 

they employ (e.g., inverted index or tree). 

A survey discussing these works in more detail, as well as their relationship to Entity Resolution 

methods based on the Blocking framework, is published in [8]. 
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Table 1: String and set similarity join methods. 

Method Operation Similarity Filters Index 

(I) Exact, centralized, single predicate algorithms 

GramCount [9] string join Edit Distance length, count, 

position 

q-grams table 

MergeOpt [10] set join Overlap Count inverted index 

FastSS [11] string join Edit Distance deletion 

neighbourhood 

dictionary 

SSJoin [12] set join Overlap prefix DBMS 

All-Pairs [13] vector join Cosine prefix inverted index 

DivideSkip [14] string search Edit Distance, 

Overlap 

length, position, 

prefix 

inverted index 

Ed-Join [15] string join Edit Distance prefix+mismatching 

q-grams 

inverted index 

QChunk [16] string join Edit Distance prefix+q-chunks inverted index 

VChunkJoin [17] string join Edit Distance prefix+chunks inverted index 

PPJoin [18] set join Overlap prefix, positional inverted index 

PPJoin+ [18] set join Overlap prefix, positional, 

suffix 

inverted index 

MPJoin [19] set join Overlap min-prefix inverted index 

GroupJoin [20] set join Overlap prefix+grouping inverted index 

AdaptJoin [21] set join Overlap adaptive prefix inverted index 

SKJ [22] set join Overlap prefix-based+set 

relations 

inverted index 

TopkJoin [23] top-k set join Overlap prefix-based inverted index 

JOSIE [24] top-k set search Overlap prefix, position inverted index 

PartEnum [25] set join Hamming, Jaccard partition-based clustered index 

PassJoin [26] string join Edit Distance partition-based inverted index 

PTJ [27] set join Overlap partition-based inverted index 

Bed−Tree [28] string search/join Edit Distance string orders B+-tree 

PBI [29] string search Edit Distance reference strings B+-tree 

MultiTree [30] set search Jaccard tree traversal B+-tree 
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Trie-Join [31] string join Edit Distance subtrie pruning trie 

HSTree [32] string search Edit Distance partition-based segment tree 

Trans [33] top-k set search Jaccard transformation 

distance 

R-tree 

(II) Parallel & distributed algorithms 

FuzzyJoin [34] set/string join Hamming, ED, 

Jaccard 

ball-hashing, splitting, 

anchor points 

lookup tables 

VernicaJoin [35] set join Overlap prefix, positional, 

suffix 

inverted index 

MGJoin [36] set join Overlap multiple prefix inverted index 

MRGroupJoin [27] set join Overlap partition-based inverted index 

FS-Join [37] set join Overlap segment-based inverted index 

Dima [37] search, join, top-k Jaccard, ED segment-based global & local 

(III) Approximate algorithms 

ATLAS [38] vector join Jaccard, Cosine random permutations inverted index 

BayesLSH [39] set join Jaccard, Cosine All-Pairs / LSH All-Pairs / LSH 

CPSJoin [40] set join Jaccard LSH-based sketches 

(IV) Algorithms for complex matching 

LS-Join [41] local string join Edit Distance length, count inverted index 

pkwise [42] local set join Overlap k-wise signatures inverted index 

pkduck [43] abbreviation 

matching 

Custom extension of prefix 

filter 

trie 

Fast-Join [44] fuzzy set join Bipartite graph 

matching 

token sensitive 

signatures 

inverted index 

SilkMoth [45] fuzzy set join Bipartite graph 

matching 

weighted token 

signatures 

inverted index 

MF-Join [46] fuzzy set join Bipartite graph 

matching 

partition-based inverted index 

MultiAttr [47] set search/join Overlap tree traversal prefix tree 

Smurf [48] string matching Jaccard, ED random forest inverted index 

AU-Join [49] string join Syntactic, Synonym, 

Taxonomy 

pebbles inverted index 



	

DELIVERABLE D3.1  25 

3.2.2. Basic filters and algorithms 
In our work, we employ two filters for set similarity joins: size filter [25] and prefix filter [13]. The 

former is a lightweight but effective filtering technique which is typically used as a first filtering 

step by all algorithms in the literature. The latter constitutes the basic filtering condition employed 

by most state-of-the-art methods. Several extensions and adaptations to prefix filtering have been 

proposed in subsequent works. Nevertheless, a recent experimental survey has shown that the 

additional overhead of applying more elaborate filtering criteria usually does not pay off in 

practice [50]. We briefly present size filter and prefix filter below. 

Size filter. If two sets 𝑅 and 𝑆 have Jaccard similarity 𝜑(𝑅, 𝑆) ≥ 𝜃, then the size of 𝑆 must be at least 

⌈|𝑅| × 𝜃⌉ and at most ⌊	 |=|
>
	⌋. Hence, given a query set 𝑅 and a similarity threshold 𝜃, we need to 

consider only those sets with sizes between the two bounds mentioned above as candidates. 

Prefix filter. If two sets 𝑅 and 𝑆 have Jaccard similarity 𝜑(𝑅, 𝑆) ≥ 𝜃, then the 𝝅𝑹-prefix of 𝑅 (i.e., the 

first 𝝅𝑹 tokens of 𝑅 in a given order) and the 𝝅𝑺-prefix of 𝑆 (in the same order) must share at least 

one token. Hence, given a query set 𝑅, we need to consider only those sets whose prefix contains 

one of the tokens in the prefix of 𝑅 as candidates. By sorting the tokens in increasing order of 

frequency, we can obtain prefixes that comprise the least frequent tokens, thus yielding a smaller 

number of candidates. 

Based on the above filters and state-of-the-art algorithms [13][23], we use the following processes 

to perform threshold-based, k-NN, and top-k set similarity joins. In the description, we assume 

self-join operations; joins between two different collections are performed analogously. 

Threshold join. The process is illustrated in Figure 10. The algorithm iterates over each query set 

𝑅 in the input collection. First, the required prefix of 𝑅 is computed, based on the given similarity 

threshold. At this stage, we do not yet have a candidate set 𝑆 , so the selected prefix of 𝑅  is 

computed pessimistically (i.e., to accommodate any valid length of 𝑆). For each token in the prefix, 

a look-up is performed on an inverted index that contains all sets according to the tokens in their 

prefixes. This look-up produces the complete set of candidates for 𝑅, since these are the sets that 

contain in their prefix a common token with the prefix of 𝑅. Then, for each candidate set 𝑆, we 

apply the two aforementioned filters. First, the size filter is applied, to prune candidates whose size 

exceeds the required limits. Then, for each pair (𝑅, 𝑆), the prefix filter is applied, adjusting the 

prefixes to the two given sets and checking whether they still contain a common token. Each 

candidate that survives both filters is verified to compute the exact similarity score. If this score is 

above the specified threshold, the pair (𝑅, 𝑆) is added to the output. 

k-NN join. As shown in Figure 11, the algorithm iterates over each query set 𝑅  in the input 

collection to compute its k-nearest neighbours. However, instead of computing the whole prefix 

of 𝑅, as before, it examines the tokens progressively. Moreover, when the next token is selected, 

an upper bound (here called 𝑈𝑛𝑠𝑒𝑒𝑛) is established for the similarity score of any future candidates. 

For each examined token, it performs a lookup in the inverted index to retrieve candidates. These 

candidates are filtered using the size and prefix filters, as before. The successful candidates are 

verified, and the results are inserted into a priority queue based on their similarity score, instead of 
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being sent directly to the output. If the top element of the priority queue is higher than the 𝑈𝑛𝑠𝑒𝑒𝑛 

upper bound, this result can be sent to the output, since it is guaranteed to be the next best result. 

If 𝑘 results have been sent to the output, the process for this query set 𝑅 terminates; otherwise, 

the next token of 𝑅 is examined. 

Top-k join. The process is similar to the one of k-NN join, as illustrated in Figure 12. The difference 

is that the query sets are not examined sequentially. Instead, in each iteration, the algorithm 

decides which query set 𝑅  to consider next. The order depends on the current 𝑈𝑛𝑠𝑒𝑒𝑛 upper 

bound of the existing query sets in the input collection. Thus, all query sets are considered and 

processed “simultaneously” to produce candidates and generate results that populate the global 

top-k list. 

 

 

Figure 11: Flow of a k-NN set similarity join operation. 
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Figure 12: Flow of a top-k set similarity join operation. 

 

3.2.3. Fuzzy set similarity joins 
So far, we have assumed Jaccard similarity as the similarity measure used in set similarity joins. As 

well as other similar set-based measures such as Cosine or Dice, it assumes a binary match 

between pairs of tokens. That is, two tokens are considered as either identical or different. 

However, in many cases, it is desired to allow a fuzzy match over tokens. For example, this need 

occurs when comparing companies based on the descriptions of their products, or authors based 

on the titles or keywords of their publications. Such cases can be handled by fuzzy set similarity 

joins [44][45][46]. In this setting, each element of a set is represented also as a set. Thus, two 

elements can have a continuous similarity score between 0 and 1. 

Given two sets 𝑅 and 𝑆, their similarity is defined as the maximum matching score of the bipartite 

graph formed by their elements. The example illustrated in Figure 13 depicts two sets 𝑅 = {𝑟!, 𝑟", 𝑟$} 
and 𝑆 = {𝑠!, 𝑠", 𝑠$, 𝑠%} where the pairwise similarities among their elements are shown as the edges 

of the respective bipartite graph. The maximum matching in this bipartite graph is the one 

illustrated in purple color. Specifically, it comprises the edges (𝑟!, 𝑠!) and (𝑟", 𝑠"), resulting in a 

similarity score of 0.32 for the pair of sets 𝑅 and 𝑆. 
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Figure 13: Example illustrating the matching score between two fuzzy sets. 

 

The approach for executing a fuzzy set similarity join operation follows the filter-verification 

framework. The size filter presented above still holds and can be used to prune pairs of sets (𝑅, 𝑆) 
based on the number of elements they contain. However, the prefix filter cannot be applied in the 

same way, since now each set comprises several sets that contain tokens of their own. Following 

the state-of-the-art algorithm [45], this part of the process is substituted by the mechanisms 

described below. 

Signature generation. Given a query set 𝑅 and a similarity threshold 𝜃, an algorithm is used to 

assign a similarity threshold 𝜃0 to each element 𝑟 ∈ 𝑅 and accordingly derive a prefix for 𝑟. The 

union of the prefix tokens of all elements constitutes the signature of 𝑅 and is the set of tokens 

used to retrieve candidates from the index. 

Check filter. A pair (R, S) is a candidate pair if there exists at least one element 𝑟 ∈ R and one 

element 𝑠 ∈ S such that 𝑠𝑖𝑚(𝑟, 𝑠) ≥ θ0, where 𝜃0 is the threshold assigned to element 𝑟. Otherwise, 

this pair can be pruned. 

NN filter. For each element 𝑟 ∈ 𝑅, its nearest neighbour 𝑠 ∈ 𝑆 is identified, and the similarity score 

between 𝑟 and 𝑠 is computed. The sum of these similarity scores constitutes an upper bound for 

the matching score. Hence, if this sum is below θ, the pair can be pruned. 

Next, we first describe how the state-of-the-art algorithm [45] uses the above filters to perform 

threshold join on fuzzy sets. Then, we explain how we extend it to additionally support k-NN and 

top-k joins. 

Threshold join. As illustrated in Figure 14, the algorithm iterates over each fuzzy set R in the input 

collection. For each R, it first computes its signature and uses the tokens in the signature to retrieve 

candidates from the inverted index. Then, for each candidate S, the three filters, namely size filter, 
check filter and nearest neighbour filter, are applied sequentially. If the candidate successfully 

passes all filters, the verification function is invoked to compute its matching score with R. If the 

score exceeds the given threshold, the pair (R, S) is added to the output. 
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Figure 14: Flow of a threshold-based fuzzy set similarity join operation. 

 

k-NN join. The algorithm iterates over each fuzzy set R in the input collection. However, as shown 

in Figure 15, we introduce three main differences compared to threshold join, as explained below. 

First, instead of computing the entire signature of R in the beginning, this is done progressively, 

expanding the signature by one token at a time. The reason is that the length of the signature, i.e., 

the number of tokens it comprises, depends on the desired similarity threshold. For threshold-

based join, this is fixed. Hence the signature can be computed a priori. In contrast, in the case of 

k-NN join, the threshold varies during the execution of the algorithm. In particular, at any point in 

time, the current threshold is equal to the similarity score of the k-th best current candidate. 

Hence, as better candidates are discovered, the threshold gradually increases, and consequently, 

the signature length gradually decreases. Thus, computing the full signature at the beginning of 

the process would have led to the examination of unnecessary tokens. Instead, we select tokens 

progressively and stop when the number of examined tokens becomes equal to the current length 

of the signature. Moreover, whenever the next signature token is selected, an 𝑈𝑛𝑠𝑒𝑒𝑛 upper bound 

is computed for any remaining future candidates. 

The second difference lies in the application of filters. Instead of sending the results of each filter 

to the next, we use a priority queue to maintain intermediate results sorted in decreasing order of 

a computed upper bound. Specifically, after each filter is applied, an upper bound is computed for 

the candidate that passed the filter. We show how these upper bounds are computed next. 

Assume a pair of sets (𝑅, 𝑆) with |𝑅| < |𝑆|. The upper bound for the size filter is: 

𝑆𝐹A+(𝑅, 𝑆) =
|=|
	|C|
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If the pair (𝑅, 𝑆) passes the check filter, this upper bound is updated (tightened) as follows: 

𝐶𝐹A+(𝑅, 𝑆) = n0 𝑠𝑐𝑜𝑟𝑒)D(𝑟) +	0 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑)D(𝑟)
0∉=!"F∈H#$

p	/	|𝑆| 

where 𝑅)D ⊆ 𝑅 is the subset of elements of 𝑅 that have passed the check filter, 𝑠𝑐𝑜𝑟𝑒)D(𝑟) is the 

maximum similarity score that an element that has passed the check filter has achieved, and 

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑)D(𝑟) is a threshold that is associated with each element during the signature generation 

process. 

Furthermore, if the pair (𝑅, 𝑆) passes the nearest neighbour filter, its upper bound is again updated 

(tightened) as follows: 

NNFIJ(𝑅, 𝑆) = t0 𝑠𝑐𝑜𝑟𝑒KKD(𝑟)
F∈H

u	/	|𝑆| 

where 𝑠𝑐𝑜𝑟𝑒KKD(𝑟) is the similarity score between 𝑟 and its nearest neighbour. 

At each step, the algorithm decides whether to generate new candidates by computing the next 

signature token and retrieving candidates from the inverted index or to further refine an already 

existing candidate that is kept in this priority queue. The decision is made by examining whether 

the 𝑈𝑛𝑠𝑒𝑒𝑛 upper bound is greater than the score of the top item in the queue. Whenever a 

candidate is selected from the queue, the algorithm checks its status, i.e., which filters it already 

has passed, and applies the next filter. If all filters have been successfully applied, the candidate is 

verified, i.e., its exact score is computed. 

The third difference lies in the handling of the verified candidates. Instead of sending the resulting 

pairs to the output, they are maintained in another priority queue that holds candidate results. If 

the score of the top item in this queue becomes greater or equal to both the 𝑈𝑛𝑠𝑒𝑒𝑛 upper bound 

and the score of the top item in the priority queue that holds intermediate results, the pair is sent 

to the output. The algorithm terminates once the output contains 𝑘 results. 

 

Figure 15: Flow of a k-NN fuzzy set similarity join operation. 
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Top-k join. The process is illustrated in Figure 16 and it is very similar to the one for k-NN join 

described above. The difference is that the query sets are not examined sequentially. Instead, in 

each iteration, the algorithm determines which query set to consider next. This depends on the 

current 𝑈𝑛𝑠𝑒𝑒𝑛 upper bound of the existing query sets in the input collection. Therefore, all query 

sets are processed in an intertwined manner, producing candidates that contribute to the global 

top-k list of results. 

 

Figure 16: Flow of a top-k fuzzy set similarity join operation. 

 

3.2.4. Extension to weighted sets 
So far, we have focused on similarity search and join among entities based on their (fuzzy) set 

representations but without taking the importance of individual entities into account. However, 

entities may be associated with ranking scores, which can be computed based on their position in 

the HIN, as presented in Section 2, or other properties. This information is useful and needs to be 

considered during data exploration to guide the user’s attention towards more important entities. 

For instance, when exploring similar companies, the user may be interested in prioritizing results 

that involve companies with a higher centrality score in the network, higher revenue, or a larger 

number of employees or projects. In the following, we show how to incorporate entity weights 

on (fuzzy) set similarity joins, thus providing a means to combine ranking and similarity joins during 

the analysis. 

Definition 9 (Weighted Similarity Score). Assume two entities 𝑅 and 𝑆 with weights 𝑤= ∈ (0,1] 
and 𝑤C ∈ (0,1], respectively. We denote their original similarity score, based on their (fuzzy) set 

representations, as 𝑠𝑖𝑚(𝑅, 𝑆). Then, we define the weighted similarity score of 𝑅 and 𝑆 as follows: 

𝑤𝑠𝑖𝑚(𝑅, 𝑆) = L%	8	L'
"

	× 	𝑠𝑖𝑚(𝑅, 𝑆). 

As shown from the above equation, if 𝑤= = 𝑤C = 1 , then 𝑤𝑠𝑖𝑚(𝑅, 𝑆) = 𝑠𝑖𝑚(𝑅, 𝑆) , which 

corresponds to the case without considering entity weights. Instead, for 𝑤= < 1 or 𝑤C < 1 , we 
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have 𝑤𝑠𝑖𝑚(𝑅, 𝑆) < 𝑠𝑖𝑚(𝑅, 𝑆). This can be thought of as penalizing the matching score between 𝑅 

and 𝑆 if 𝑅 and 𝑆 have lower importance. 

We now explain how to adapt the original threshold to obtain a relative one that takes into 

consideration set weights. Assume a pair of entities 𝑅 and 𝑆, and a threshold 𝜃 on their weighted 

similarity score. We can derive a corresponding weight-aware threshold 𝜃L on their (fuzzy) set 

representations, as follows: 

𝑤𝑠𝑖𝑚(𝑅, 𝑆) ≥ 𝜃	 ⇒ 	
wH +wM

2
	× 𝑠𝑖𝑚(𝑅, 𝑆) 	≥ 	𝜃	 ⇒ 	𝑠𝑖𝑚(𝑅, 𝑆) 	≥ 	

2	 × 𝜃
𝑤= +𝑤C

	= 𝜃L 

Notice that the weight-aware threshold 𝜃L depends on both weights 𝑤= and 𝑤C, thus it varies for 

each pair of entities 𝑅 and 𝑆. Moreover, since 𝑤= , 𝑤C ∈ (0,1], it holds that 𝜃L ≥ 𝜃. In other words, 

entities with weights lower than 1 need to achieve a higher similarity score to compensate for their 

lower importance. 

Based on the above, we can translate a similarity search or join operation with threshold 𝜃 on 

weighted entities to a corresponding operation without weights and equivalent threshold 𝜃L . 

However, since 𝜃L depends on both 𝑤= and 𝑤C, to be able to generate candidates in the filtering 

stage, we also need a weight-aware threshold that depends only on the query set 𝑅. Given that 

𝑤C ∈ (0,1), we can observe that  

𝜃L =
2	 × 𝜃
𝑤= +𝑤C

	≥
2	 × 𝜃
wH + 1

	= 𝜃L,0 		 

This implies that we can use 𝜃L,0, which depends only on 𝑟, to generate candidates for 𝑟. Since 

𝜃L,0 ≤ 𝜃, any candidate that cannot pass the threshold 𝜃L,0 will also not pass the threshold 𝜃L. 

From this, for each identified candidate 𝑆, we can calculate and use the tighter threshold 𝜃L, i.e., 

consider 𝑤C to further refine and verify each particular pair. 

3.3. Similarity search over heterogeneous 
attributes 

In the previous section, we have addressed similarity search and join operations for entities with 

attribute values represented as sets. Next, we consider entities that have multiple attributes of 

different types, including set-valued, numeric, and spatial. 

3.3.1. Problem definition 
So far, we have focused on (fuzzy) set similarity search and join, as this is particularly relevant in 

HINs. Given a HIN and a metapath, each node 𝑁& is associated with a set of neighbouring nodes. 

Therefore, (fuzzy) set similarity joins can be used to compute the similarity among nodes based 

on how many common or similar neighbours they share. Nevertheless, entities usually have other 



	

DELIVERABLE D3.1  33 

properties as well, such as numeric or geospatial attributes. For instance, a company may be 

described by attributes such as its revenue, the number of employees, or its location. Thus, 

multiple attributes of different types need to be taken into account when searching for similar 

entities.  

In particular, we focus on aggregate top-k similarity search queries on entities with heterogeneous 

attributes. When multiple attributes of different types are involved, it may not be convenient or 

intuitive for the user to search by specifying appropriate thresholds for each attribute. Instead, it is 

preferable to compute a top-k list of most similar entities to the query, where the similarity takes 

into account all requested attributes. Based on this, we formally define the problem below. 

Definition 10 (Multi-attribute Top-k Similarity Search). Assume a collection 𝐸 of entities, where 

each entity 𝑒 ∈ 𝐸 is described by a set of attribute-value pairs, i.e., 

𝑒 = {(𝑎𝑡𝑡𝑟!, 𝑣𝑎𝑙!), … , (𝑎𝑡𝑡𝑟,, 𝑣𝑎𝑙,)} 

where attributes can be of different types. Assume also a query 𝑄 = ⟨𝐶, 𝑘⟩ , where 𝐶 =
{(𝑎𝑡𝑡𝑟!, 	𝑞!), … , (𝑎𝑡𝑡𝑟,, 𝑞,)}  indicates the desired values for each attribute and 𝑘  denotes the 

number of results to return. Let 𝑤& ∈ [0,1] be a weight for each attribute, and 𝑓&(𝑞, 𝑣𝑎𝑙) be a scoring 

function that computes a similarity score for each attribute for the corresponding value in the 

query. The goal is to return the top-k results, where the score of each result 𝑒 is computed by: 

𝑠𝑐𝑜𝑟𝑒(𝐶, 𝑒) =0 𝑤& 	× 	𝑓&(𝑞& , 𝑣𝑎𝑙&)
&

 

In a nutshell, our approach works as follows. First, for each attribute, a ranked list of results is 

generated, ordered descending according to the similarity score based on that attribute. Then, the 

individual lists are aggregated using a weight function to obtain the final top-k list. This allows the 

user to specify different weights at query time, thus indicating different preferences to different 

attributes, which is particularly useful for data exploration. 

3.3.2. Distance calculations 
For each type of attribute, we assume a distance function 𝑑 that measures the distance between 

any value of this attribute and the value indicated in the query. Next, we discuss set-valued, 

numeric and spatial attributes; other types of attributes can be treated analogously. 

Set-valued attributes. Given two sets 𝑅 and 𝑆, we define their distance as 𝑑(𝑅, 𝑆) = 1 − 𝑠𝑖𝑚(𝑅, 𝑆), 
where 𝑠𝑖𝑚(𝑅, 𝑆)  is defined as Jaccard similarity if binary matching is assumed among their 

elements, or as the maximum matching score on the corresponding bipartite graph, if fuzzy 

matching is assumed (see Section 0). Hence, k-NN similarity search over such attributes is 

performed as described in Sections 3.2 and 0, respectively. 
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Numeric attributes. Given two numeric values 𝑣& and 𝑣', we define their distance as 𝑑�𝑣& , 𝑣'� =
�𝑣& − 𝑣'� . k-NN similarity search on numeric attributes is straightforward and can be done 

efficiently by first sorting the values or assuming a B+ tree index over the attribute. 

Spatial attributes. Given two spatial points 𝑝& = (𝑥& , 𝑦&) and 𝑝' = (𝑥' , 𝑦'), we define their distance 

as the Euclidean distance of their coordinates, i.e., 

𝑑(𝑝& , 𝑝') = ��𝑥& − 𝑥'�
" + �𝑦& − 𝑦'�

"
 

For k-NN search over spatial attributes, we assume a spatial index, such as R-tree. 

Scaling. The distances across attributes, especially among those of different types, may largely 

vary in terms of scale. This needs to be addressed to be able to meaningfully combine these scores 

into a single aggregate score for ranking. Although we can assume that the minimum value for 

distance is zero, we cannot always establish a value for the maximum distance. Thus we may not 

be able to use a typical scaling method such as min-max normalization to rescale the range of 

distance values to a fixed interval such as [0,1]. Instead, given the original distance 𝑑, as defined 

above, we compute a scaled distance as follows:  

𝑑N =
𝑑
𝜎

 

where 𝜎 is a scaling factor. Since it may not be intuitive or convenient to require the user to specify 

this scaling factor for each attribute, it is preferable to determine it automatically from the data. 

To this end, given a query 𝑄, we set the scaling factor 𝜎& for each attribute 𝑖 to be equal to the 

distance of the k-th nearest neighbour for that attribute. By default, we set 𝑘 = 1, i.e., we use the 

distance to the first nearest neighbour as the scaling factor. Notice that, to avoid division by zero, 

we select the k-th nearest neighbour after omitting those that have a distance to the query equal 

to zero, i.e., those having a value that is equal to the one specified in the query. 

Scoring function. Finally, we need to define a scoring function 𝑓 that is used to assign a ranking 

score to each attribute based on the corresponding (scaled) distance. We use exponential decay 

for this purpose: 

𝑓 = 𝑒OP×R( 

where 𝜆 > 0 is the exponential decay constant which controls the rate of decay. Observe that, 

when 𝑑 = 0, then 𝑓 = 1, while when 𝑑 grows towards infinity, the value of 𝑓 drops to zero. 

3.3.3. Result aggregation 
To compute the aggregate list of top-k most similar entities to the specified query, we follow an 

approach based on rank aggregation. Assuming that the entities have been ranked individually for 

each one of the attributes in the query, it is possible to apply the Threshold Algorithm [51] to 
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aggregate these individual ranked lists into the final top-k list. Figure 17 illustrates the idea for the 

case of three different attributes, one that is set-valued, one numeric, and one spatial. 

Summarizing, this algorithm works as follows. Each ranked list is processed in parallel, and at each 

iteration, the next item in each list is accessed. These items constitute candidate results. For each 

new candidate retrieved from one of the lists, random access to the other lists is performed to 

retrieve all scores for this candidate and compute its exact total score. Thus, throughout the 

execution of the algorithm, a list of candidates is maintained together with their exact scores. 

Moreover, at each iteration, the algorithm uses the scores of the top items in each list to establish 

an upper bound for the score of all items not encountered so far. Since the items are retrieved 

from each list in descending order of their score, this upper bound always decreases. Once it 

becomes lower than the exact scores of 𝑘 candidates, the algorithm terminates, returning the top-

k candidates. 

In the Threshold Algorithm, it is assumed that the ranked lists for each attribute are already known 

(i.e., materialized), and that, given an item in one of the lists, it is possible to perform random access 

(i.e., a lookup) to retrieve its score in the other lists. In our case, these lists are not available in 

advance. They are produced on-the-fly, as the result of k-NN queries executed on each attribute. 

This introduces a trade-off regarding the number of 𝑘& results to request for each attribute. If 𝑘& is 

small, the items contained in the ranked lists may not suffice for obtaining the global top-k results, 

since the lists may be exhausted before the threshold has dropped below the score of the current 

k-th best candidate. In that case, the search can either terminate, issuing a message that the results 

are approximate (i.e., some better results may exist, up to a maximum score), or it may proceed by 

invoking an additional round of k-NN queries with larger values of 𝑘&, to obtain longer lists that 

can provide a sufficient number of candidates. Conversely, if k-NN queries with large values of 𝑘& 
are issued, this may incur unnecessary computations for computing individual ranked lists of much 

larger sizes than eventually needed. Therefore, the number of 𝑘& results to retrieve per attribute in 

each occasion is a tuning parameter that affects the performance of the algorithm and depends 

on the selectivity of each attribute, the computational cost of k-NN queries over each attribute, 

and the degree of correlation among attributes. One way to tune this parameter is through the 

visual analytics components. We also investigate how to automatically tune this parameter based 

on the analysis of previous queries. 

Performing random accesses assumes that the algorithm can access all attributes of each 

candidate entity to compute the distance of any required attribute value to the query on-demand. 

However, in some cases, the algorithm may only have access to the scores obtained from the 

retrieved ranked lists. Then, longer lists are again needed for each attribute, so that each candidate 

appears in all the lists or in a sufficiently large number of them to obtain a partial score that is large 

enough to exceed the current upper bound. This factor also contributes to the choice mentioned 

above for setting the individual 𝑘& parameters per attribute. 
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Figure 17: Processing flow for top-k similarity search across three attributes of different types. 

3.4. Similarity search over time series 
In this section, we focus on similarity search over time series data. Time series is a specific type of 

data that is crucial in many domains and applications. A time series indicates how the value of an 

entity’s attribute changes over time. Typical examples are a company’s revenue or the price of its 

stock. First, we outline the state of the art. Then, we define more formally the problem addressed 

in the project, and we present an overview of our approach. 

3.4.1. State of the art 
Similarity search over time series has attracted a lot of research interest [80]. One well-studied 

family of approaches includes wavelet-based methods [81]. These rely on Discrete Wavelet 

Transform to reduce the dimensionality of time series. Then, they generate an index using the 

coefficients of the transformed sequences. The Symbolic Aggregate Approximation (SAX) 

representation [82] has led to the design of a series of indices. The SAX representation of a time 

series is derived from its Piecewise Aggregate Approximation [100] by quantizing its segments 

along the y-axis. SAX-based indices include iSAX [83], iSAX 2.0 [84], iSAX2+ [85], ADS+ [86], 
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Coconut [87], DPiSAX [88], and ParIS [89]. In the same line of work, the ULISSE index [90] has been 

proposed for answering similarity search queries over time series of variable length. All these 

indices are designed for similarity search over entire time series, i.e. for whole sequence matching. 

In addition, several approaches have been proposed for subsequence matching. In this case, a 

query subsequence is provided, and the goal is to identify matches of it across one or more time 

series, typically of large length. The UCR suite [91] offers a framework comprising various 

optimizations regarding subsequence similarity search. In computing full-similarity-joins over 

large collections of time series, i.e., to detect for each possible subsequence its nearest neighbor, 

the matrix profile [92] keeps track of Euclidean distances among each pair within a similarity join 

set (i.e., a set containing pairs of each subsequence with its nearest neighbor). 

Finally, several works deal with detecting correlated time series. In particular, common 

approaches compute pairwise statistics (e.g., Pearson correlation, beta values), often focusing on 

streaming time series [93][94][95]. 

As explained next, the problem we address here differs from the above settings. Instead of 

identifying matches of a query subsequence against one or more time series, we are interested in 

discovering locally similar pairs of time-aligned subsequences of equal duration within a given 

collection of time series. 

3.4.2. Problem definition 
A time series is a time-ordered sequence of values 𝑋 = {𝑋!, 𝑋", … , 𝑋S}, where 𝑋& is the value at the 

𝑖-th timestamp and 𝑘 is the length of the series (i.e., the number of timestamps). We consider a set 

of co-evolving time series. All time series are time-aligned and each series has a value at each of 

the 𝑘 timestamps. Given a set of such co-evolving time series, our goal is to find pairs of time series 

that have similar values locally over some time intervals of significant duration. More specifically, 

we define two time series to be locally similar as follows. 

Definition 11 (Locally Similar Time Series). Two co-evolving time series 𝑋&  and 𝑋'  are locally 

similar if there exists a time interval 𝐼 spanning at least 𝛿 consecutive timestamps such that at every 

timestamp in 𝐼 their corresponding values do not differ by more than a given threshold 𝜀. 

The threshold 𝜀 expresses the maximum tolerable deviation per timestamp between two time 

series. Our goal is to find all such pairs of time series. Thus, we treat the problem as a self-join 

operation over the dataset, specifying as join criteria the distance threshold 𝜀 and the minimum 

time duration 𝛿 of qualifying pairs. 

An example is illustrated in Figure 18. The detected pairs for specified 𝜀 and 𝛿 are the locally similar 

time series shown within grey ribbons. Since two time series may be locally similar in more than 

one intervals, their matching subsequences are considered as two different pairs, one for each 

interval. For instance, in this example, the green and red time series yield two matching pairs in 

different time intervals. 
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Figure 18: Locally similar pair discovery over a set of time series. 

 

3.4.3. Our approach 
Next, we outline our approach for addressing the problem defined above; more details can be 

found in [96]. We start with a baseline algorithm that uses a sweep line to scan the co-evolving 

time series throughout their duration. While doing so, it validates and keeps all the pairs that satisfy 

the given constraints, employing a value discretization scheme per timestamp. Then, we present 

an optimized method that reduces the number of pairs to consider by judiciously probing 

candidates at selected timestamp values, referred to as checkpoints. This significantly prunes the 

search space without missing any qualifying results. 

To reduce the candidate pairs that need to be checked at each timestamp, we discretize the values 

of all time series in bins of size 𝜀. Time series with values within the same bin at any timestamp 

form candidate pairs. Moreover, we need to check adjacent bins for additional candidate pairs 

whose values differ by at most 𝜀. Time series having values at non-adjacent bins are certainly 

farther than 𝜀 at that specific timestamp, so we can avoid these checks. 

To generate all candidate pairs, we assume a sliding window of size 𝜀 along the y-axis, whose 

upper endpoint coincides with each value under consideration at a given timestamp. Then, all 

values of time series contained within the same window, form candidate pairs. At each timestamp, 

the process of finding all the pairs comprises two steps. The first step, filetering, searches among 

time series values in the same or adjacent bins to detect candidate pairs. The second step, 

verification, checks, for each candidate pair, whether the similarity of their respective values at 

successive timestamps still qualifies to the matching conditions. The latter step is essentially a 

“horizontal expansion” along the time axis in an attempt to eagerly verify and report pairs. 

Based on the above, it is straightforward to derive a baseline algorithm for pair discovery over a 

set of time series. Specifically, this is done by checking all the candidate pairs formed at each 

timestamp, and verifying whether the minimum duration constraint 𝛿  is satisfied. However, 

searching over all timestamps, until a pair is verified or pruned, yields unnecessary computations, 

which is inefficient for large datasets of long time series. To tackle this, we describe next an 

optimization that identifies candidate pairs at selected timestamps only, so that only those pairs 

require verification. 
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To prune the search space, we introduce checkpoints along the time axis. Searching for candidate 

pairs is then performed at these specific timestamps only. The idea is that if the temporal span 

between two successive checkpoints does not exceed the minimal duration threshold 𝛿, we can 

ensure no false negatives. Indeed, any qualifying pair starting at an intermediate timestamp 

between two consecutive checkpoints will certainly be detected at least on the second one. For 

example, in Figure 19, for 𝛿 = 4, the pair starting at timestamp 𝑡; − 𝛿 + 1 will be detected at the 

checkpoint placed at timestamp 𝑡′.  Otherwise, its duration would be less than 𝛿 and it would be 

pruned. Based on this observation, it suffices to check for candidate pairs only at checkpoints, i.e., 

every 𝛿 timestamps. However, since we now skip over timestamps, we need to verify pairs with a 

horizontal expansion towards both directions, i.e. both before and after a given checkpoint. This 

is required to ensure that no false negatives occur. 

 

Figure 19: Checkpoints placed every δ timestamps. 

 

Depending on the dataset, different checkpoint placement may yield different number of 

candidate pairs, thus affecting the number of verifications required. Intuitively, if the time series 

values at a specific timestamp are placed in a more “scattered” manner over the bins, then less 

candidates will be generated if this timestamp is considered. This is because the values of time 

series at that timestamp will differ from each other by more than 𝜀 , and will thus be pruned. 

Instead, placing checkpoints at “dense” areas will generate a larger number of candidates. To some 

extent, we can avoid such dense areas by shifting all checkpoints together, either to the left or to 

the right, while still maintaining their temporal span at 𝛿. 

3.4.4. Extension to geolocated time series 
A time series may also be associated with a geographic location. We refer to such time series as 

geolocated time series. An example is a time series representing the revenue of a company, 

associated with the location of the company. In such cases, spatial distance may play an important 

role in the analysis, since discovery of trends and patterns may depend not only on time series 

similarity but also on geographic proximity.  

In previous work, we have proposed a hybrid index, called BTSR-tree, that efficiently supports the 

retrieval of geolocated time series based on both spatial distance and time series similarity [97][98]. 

This is constructed by first building an R-tree over the locations of the time series data. Then, each 

node is enhanced with appropriate Minimum Bounding Time Series (MBTS) that enclose the subset 
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of time series represented by it. The structure of a BTSR-tree is illustrated in Figure 20. Combining 

MBTS and MBRs, the query evaluation algorithm can simultaneously prune the search space based 

on time series similarity and spatial distance while traversing the index. To further increase its 

pruning power, the BTSR-tree groups together similar time series within each node to derive 

tighter bounds. However, the search algorithm proposed in these works addresses the problem 

of retrieving time series that are similar in their entire duration. 

Here, we have extended our previous approach on hybrid queries over geolocated time series to 

support local similarity. We present next an overview of our work; details can be found in [99]. The 

local similarity score 𝜎 between two time series is defined as the maximum number of consecutive 

timestamps during which their respective values do not differ by more than a user-specified 

threshold 𝜀. On the one hand, compared to global similarity, this condition is more relaxed, in the 

sense that it is applied to subsequences rather than to the entire series. On the other hand, it is 

stricter in the sense that the threshold 𝜀 is applied at each individual timestamp of the matching 

subsequences rather than on the average distance over all timestamps. Combining this local 

similarity constraint with a condition on spatial distance leads to a set of hybrid queries. 

 

Figure 20: Example of the BTSR-tree index. 

 

Figure 21 shows an example with a query time series 𝑇T used to search over a set of time series 

𝑇!, … , 𝑇U . The goal is to detect those that are located within radius 𝜌 from the location of 𝑇T , while 

also being locally similar (i.e., having at least a given local similarity score) to 𝑇T. In particular, given 
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a user-specified parameter 𝜀, the subsequences are required to have a local similarity score at least 

𝜎& = 5, i.e., to be within distance 𝜀 for at least 𝛿 = 5 consecutive timestamps. We can see that, 

under these conditions, the qualifying results include 𝑇" , with local similarity score 𝜎" = 5 (shown 

at the bottom of the figure) and 𝑇7 , with 𝜎7 = 7 (shown at the top of the figure). 

To evaluate such queries, we have developed two methods. The first method directly adapts the 

query processing algorithm over the BTSR-tree index to support the constraints for subsequence 

matching. In particular, this is achieved by modifying the algorithm to include the sweep-line 

method presented in the previous section, along with the use of checkpoints to generate and 

validate candidates. Although this method saves some computations, it does not fully exploit the 

pruning potential of the index. This is because it directly uses the BTSR-tree in its original form, 

which is designed for whole-sequence matching. Next, we explain how we adapt the index to 

prune more candidates, when performing similarity search over subsequences. 

 

Figure 21: Similarity search over geolocated time series. 

 

The BTSR-tree index uses k-means clustering to cluster the time series under each node and then 

stores the MBTS of those clusters. However, clustering entire time series typically generates many 

overlapping MBTS, incurring a lot of dead space. This has a negative impact on the pruning power 

of the index when considering local similarities (i.e., subsequence matching). Figure 22a depicts 

such a case of six time series indexed in a node. A k-means clustering with k = 3 will form the 

depicted MBTS denoted with shaded colors. As a result, the dark area A represents the overlap 
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between mbts1 and mbts2, indicating that those bounds are less tight. Consequently, these MBTS 

inflate estimates for local similarity bounds, leading to a significantly higher number of false 

positives when generating candidates. 

To reduce the amount of overlap within the MBTS of nodes, we adapt the BTSR-tree index, 

deriving a modified version called SBTSR-tree. SBTSR-tree eliminates a large part of the overlap 

illustrated above, by segmenting the indexed time series. Figure 22b depicts the intuition. By 

segmenting the time series before applying k-means clustering, the resulting MBTS for each 

segment become tighter, eliminating the excessive overlap A shown in Figure 22a. Besides that, 

the SBTSR-tree is built similarly to BTSR-tree. The only difference is that the MBTS of each node 

are calculated per segment instead of the entire sequence. As a result, SBTSR-tree enables more 

effective pruning when traversing the index to evaluate local similarity search queries. 

 

Figure 22: Segmenting time series to create tighter bounds. 

 

A downside of the segmentation approach is the loss of the MBTS continuity across time, which 

results in MBTS enclosing different time series in neighboring segments. For example, in Figure 

22b, there are no MBTS in the right segment containing the same time series as mbts1.1 and 

mbts1.2, which hinders the calculation of local similarity on the segment boundaries (the vertical 

line in the figure). To overcome this, we introduce a bit-vector V along each MBTS of a segment, 



	

DELIVERABLE D3.1  43 

having one bit for each created MBTS. In the current segment, if a bit in vector V of a given MBTS 

is set, this indicates that this MBTS encloses at least one common time series with another MBTS 

in the next segment. In the example shown in Figure 22b, 𝑉 = 110 for mbts1.1, indicating common 

time series with mbts2.1 and mbts2.2 in the next segment, while 𝑉 = 001 for mbts1.3, signifying 

common time series only with mbts2.3. This way, during query evaluation, we can easily identify 

all MBTS that share common time series among two successive segments. 

4. Entity Resolution 

4.1. Introduction 
Entity resolution refers to the task of identifying and linking entities across (possibly) different data 

sources that refer to the same real-world entity. Other names for entity resolution in the literature 

include record linkage, entity matching and entity deduplication [8]. Entity resolution is a crucial 

task in data integration and data cleaning, especially when the duplicated entities do not share a 

common identifier or have differing information, such as misspelling errors, or missing fields. The 

relevance of entity resolution has motivated the development of solutions on variations of the 

problem as it can be observed in several surveys [57][58][59]. 

A naive approach to perform entity resolution is to compute the similarity between all pairs of data 

available in the sources. If the similarity is greater than a predefined threshold, the pair of data is 

considered to be the same entity. Given this approach, some common techniques are: 

• Blocking techniques. These reduce the pairwise similarity computation of data by 

grouping entities that are likely to match. Several recent surveys exist, presenting a 

comparative analysis of the state-of-the-art blocking techniques [60][8]. 

• Similarity function. There exist a variety of attribute similarity functions used for entity 

resolution, often based on string matching. Depending on the data domain, other similarity 

measures might be used [57]. For graphs, similarity measures that reflect some structural 

similarity between the entities are useful. In this context, a well-known similarity measure 

is SimRank, following the concept that “two objects are similar if they are related to similar 

objects” [58][59]. 

• Matching. Matching refers to techniques to decide if two entities are the same. These 

matching techniques include rule-based methods (i.e., according to a threshold), 

supervised, learning-based methods and unsupervised (clustering)-based methods [60]. An 

evaluation of both learning and non-learning-based methods for real-world matching 

problems is presented in [61]. 

In SmartDataLake, we address entity resolution in the context of HINs, using the property graph 

abstraction. Different approaches have been proposed to perform entity resolution on graphs in 

different levels of specifications. Some of the main approaches found in the literature are: 
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• Network (user) alignment. In network alignment, the goal is to match users from different 

social networks that refer to the same person (entity resolution in social networks). 

According to a recent survey [62], most of the existing methods for network user alignment 

can be generalized into a two-step framework: (1) feature extraction, and (2) model 

construction. In the first step, features from the users/profiles are extracted and serve as 

input to the model. Features used by these systems are profile features, content features 

(i.e., activities) and network features. The network alignment can have different approaches 

from general solutions for entity resolution due to the speciality of the online social 

network scenario. 

• Ontology alignment. In ontology alignment, the goal is to find an equivalent 

representation of the same idea in different ontologies. Several ontology matching 

algorithms and frameworks have been proposed in the literature [63][64]. 

• Graph dependencies. This area focuses on defining classes of dependencies for graph 

data such as graph functional dependencies (GFDs), graph entity dependencies (GEDs), and 

graph differential dependencies (GDDs). One of the applications of the proposed graph 

dependencies is entity resolution [65][66][67][68]. 

To perform entity resolution in heterogeneous graph data sources, we focus on graph 

dependencies and propose a new class of graph dependencies called Graph Generating 
Dependencies (GGDs). Alike previously proposed graph dependencies, one of the applications of 

GGDs is entity resolution. In the following, we present the concept of GGDs, related work, and 

how to utilize GGDs for this task. 

4.2. Graph Generating Dependencies 
Data dependencies, such as functional dependencies (FDs) have been studied for relational 

databases and have been applied in integrity checking, query optimization and prevention of 

update anomalies. The definition of dependencies for graph data is also of great interest; however, 

it is challenging as graphs do not always have a defined schema, in contrast to relational data [66]. 

Recently, different classes of dependencies for graphs have been proposed, such as GFDs [66], 

GEDs [67], [69] and GDDs [65]. These types of dependencies extend the idea of functional 

dependencies, conditional functional dependencies and differential dependencies from relational 

data to graph data. However, the proposed graph dependencies in the literature cannot fully 

express tuple-generating dependencies (TGDs) for graph data and are only defined for a single 

graph pattern. 

Moreover, these dependencies focus on generalizing FDs (i.e., variations of equality-generating 

dependencies) and cannot capture TGDs for graph data [67][69]. As an example, we might want 

to enforce the following constraint on a human resources graph: “if two people-vertices have the 
same name and address property-values and they both have a works-at-edge to the same 
company-vertex, then there should be a same-as edge between these two people.” This is an 

example of a TGD on graph data, as the satisfaction of the constraint requires the existence of an 
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edge (i.e., the same-as edge), and, when not satisfied, we repair the graph by generating same-as 

edges where necessary. TGDs are important for many applications, e.g., for entity resolution 

during data cleaning and integration. 

Indeed, TGDs arise naturally in graph data management applications. Given the lack of TGDs for 

graphs in the current study of graph dependencies, we propose a new class of graph 

dependencies called Graph Generating Dependencies (GGDs). These fully support TGDs for 

property graphs (i.e., graphs where vertices and edges have property values, such as names and 

addresses). They also generalize earlier graph dependencies. Informally, a GGD expresses a 

constraint between two (possibly) different graph patterns enforcing relationships between 

property values and topological structure. In the following section, we present related works on 

GGDs as well as its definition and validation process. 

4.2.1. Related work 
We can categorize the related work in two main classes: (a) dependencies proposed for relational 

data and (b) graph dependencies: 

• Relational data dependencies. FDs have been widely studied in the area of dependencies 

for relational data. Their applications include query optimization and integrity checking. 

Other classes of dependencies that extend the concept of FDs were proposed in the 

literature. Some of these dependencies are Conditional Functional Dependencies (CFDs) 

and Differential Dependencies (DDs). 

o CFDs [70] are proposed for data cleaning tasks, and their main idea is to enforce an 

FD only for a set of tuples specified by a condition, unlike the original FDs in which 

the dependency holds for the whole relation. 

o DDs [71] extend FDs by specifying constraints according to the difference in the 

distance between two tuple attribute values. 

• Graph dependencies. Some of the works in the literature focus on defining FDs for RDF 

data. More related to the proposed GGDs are the GFDs, GEDs and GDDs. Specifically: 

o GFDs [66] are formally defined as a pair (𝑄[𝑥], 𝑋 → 𝑌), where 𝑄[𝑥] is a graph pattern 

that defines topological constraints, while 𝑋 → 𝑌 are two sets of literals that define 

the attribute-value dependencies of the GFD. The attribute-value dependency is 

defined for the vertices attributes present in the graph pattern. 

o GEDs [67] subsume the GFDs and can express FDs, GFDs, and EGDs. Besides the 

attribute-value dependencies present in GFDs, GEDs also carry special id literals to 

identify vertices in a graph pattern. 

o GDDs [65] extend GEDs by introducing distance functions instead of equality 

functions similar to DDs for relational data but defined over a topological 

constraint.  

o Graph Repairing Rules (GRRs) [72] have a similar definition to our proposed GGDs 

but different semantics. GRRs were proposed as an automatic semantic for graphs. 
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The semantic of a GRR is given a source graph pattern; it should be repaired to a 

target graph pattern.  

o Graph-pattern association rules (GPAR) [73] propose association rules for graph 

patterns and have been applied to social media marketing. According to [74], GPARs 

are a special case of TGDs for graphs. A GPAR is defined as 𝑄(𝑥, 𝑦) ⇒ 𝑞(𝑥, 𝑦) in 

which, if there exists a subgraph isomorphic match of the graph pattern 𝑄(𝑥, 𝑦), an 

edge labelled 𝑞 between the vertices 𝑥, 𝑦	is likely to hold. 

The main differences of our proposed GGDs compared to the previous works include the use of 

differential constraints, edges are treated as first-class citizens in the graph patterns (in alignment 

with the property graph model), and the ability to entail new nodes and edges. With these new 

features of GGDs, we can encode a relation between two graph patterns as well as the 

(dis)similarity between its vertices and edges properties values. 

4.2.2. Preliminaries 
We first summarize standard notations and concepts. Let 𝑂 be a set of objects, 𝐿	be a finite set of 

labels, 𝐾 be a set of property keys, and 𝑁 be a set of values. We assume these sets to be pairwise 

disjoint [71][74][75]. A property graph is a structure (𝑉, 𝐸, 𝜂, 𝜆, 𝜈) where: 

• 𝑉 ⊆ 𝑂 is a finite set of objects, called vertices, 

• 𝐸	 ⊆ 	𝑂 is a finite set of objects, called edges, 

• 𝜈:	𝐸 → 	𝑉	 × 	𝑉 is a function assigning to each edge an ordered pair of vertices, 

• 𝜆:	𝑉 ∪ 	𝐸 → 	𝑃(𝐿)  is a function assigning to each object a finite set of labels (i.e., 𝑃(𝑆) 
denotes the set of finite subsets of set 𝑆). Abusing notation, we use 𝜆V  for the function 

assigning labels to vertices and 𝜆1 for the function assigning labels to edges, and 

• 𝜈:	(𝑉 ∪ 	𝐸) × 	𝐾 → 	𝑁  is a partial function assigning values for properties/attributes to 

objects, such that the object sets 𝑉  and 𝐸  are disjoint (i.e., 𝑉 ∩ 	𝐸	 = ∅ ) and the set of 

domain values where 𝜈 is defined is finite. 

A graph pattern is a directed graph 𝑄[𝑥] 	= 	 (𝑉W , 𝐸W , 𝜆W) where 𝑉W and 𝐸W are finite sets of pattern 

vertices and edges, respectively, and 𝜆W is a function that assigns a label 𝜆W(𝑢) to each vertex 𝑢 ∈
	𝑉W or edge 𝑒 ∈ 	𝐸W. Abusing notation, we use 𝜆XW as a function to assign labels to vertices and 𝜆YW 

to assign labels to edges. Additionally, 𝑥 is a list of variables that includes all the vertices in 	𝑉W and 

edges in 𝐸W. 

We say a label 𝑙	matches a label 𝑙; ∈ 	𝐿, denoted as 𝑙 ≍ 	𝑙′, if 𝑙 ∈ 	𝐿	and 𝑙	 = 	𝑙′ or 𝑙	 = ` − ′ (wildcard). 

A match denoted as ℎ[𝑥] of a graph pattern 𝑄[𝑥] in a graph G is a homomorphism of 𝑄[𝑥] to 𝐺 

such that for each vertex 𝑢 ∈ 	𝑉W , 𝜆XW(𝑢) ≍ 𝜆XW(ℎ(𝑢)); and for each edge 𝑒	 = 	 (𝑢, 𝑢;) ∈ 	𝐸W, there 

exists an edge 𝑒′	 = 	 (ℎ(𝑢), ℎ(𝑢′)) and 𝜆YW(𝑒) 	≍ 	 𝜆YW(𝑒′). 

A differential function 𝜙[𝐴] on attribute 𝐴  is a constraint of difference over 𝐴  according to a 

distance metric [71]. Given two tuples 𝑡!, 𝑡"  in an instance 𝐼  of relation 𝑅 , 𝜙[𝐴]  is true if the 

difference between 𝑡!. 𝐴 and 𝑡". 𝐴 agrees with the constraint specified by 𝜙[𝐴], where 𝑡!. 𝐴 and 
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𝑡". 𝐴  refers to the value of attribute 𝐴  in tuples 𝑡!  and 𝑡" , respectively. We use the differential 

function idea to define constraints in GGDs. 

4.2.3. Syntax and semantics 
A GDD is a dependency of the form: 

𝑄-[𝑥], 𝜙- →	𝑄Z[𝑥, 𝑦], 𝜙Z 

where: 

• 𝑄-[𝑥] and 𝑄Z[𝑥, 𝑦] are graph patterns, called source graph pattern and target graph pattern, 

respectively, 

• 𝜙-  is a set of differential constraints defined over the variables 𝑥 (variables of the graph 

pattern 𝑄-), and 

• 𝜙Z  is a set of differential constraints defined over the variables 𝑥 ∪ 𝑦, in which 𝑥 are the 

variables of the source graph pattern 	𝑄-, and 𝑦 are any additional variables of the target 

graph pattern 	𝑄Z. 

A differential constraint in 𝜙- on 	𝑥  (resp., in 𝜙Z on [𝑥, 𝑦]) is a constraint of one of the following 

forms [65][71]: 

1. 𝛿*(𝑥. 𝐴, 𝑐) ≤ 	 𝑡* 

2. 𝛿*)**(𝑥. 𝐴!, 𝑥
;. 𝐴") ≤ 	 𝑡*)** 

3. 𝑥	 = 	𝑥′ or 𝑥 ≠ 	𝑥′ 

where 𝑥, 𝑥; ∈ 𝑥 (resp. ∈ 𝑥 ∪ 𝑦) for 𝑄-[𝑥] (resp. for 𝑄Z[𝑥, 𝑦]), 𝛿*  is a user-defined similarity function 

for the property 𝐴, and 𝑥. 𝐴 is the property value of variable 𝑥 on 𝐴, 𝑐 is a constant of the domain 

of property 𝐴 and 𝑡* is a pre-defined threshold. The differential constraints defined by (1) and (2) 

can use the operators (=,<,>,≤,≥,≠). The user-defined distance function 𝛿* can be, for example, 

an edit distance when 𝐴 is a string or the difference between two numerical values.  

The constraint (3) 𝑥	 = 	𝑥′ states that 𝑥 and 𝑥’ are the same entity (vertex/edge) and can also use 

the inequality operator stating that 𝑥 ≠ 	𝑥′ . Since the pattern variables 𝑥  in 𝑄-  (resp. 𝑥, 𝑦  in 𝑄Z ) 

include both, vertices and edges, this allows to match vertex-vertex-, edge-edge- and vertex-

edge-variables. 

Figure 23 shows examples of GGDs. Here, 𝜎! implies that for the matches of the source graph 

pattern 	𝑄-, if the student type is “high school”', there exists a target graph pattern 𝑄Z, in which the 

same matched vertex for teacher has an edge labelled “works” to a “high school” vertex in which 

the difference/(dis)similarity between the high school name and the student school name should 

be less than or equal to 1. According to 𝜎", for the matches of 𝑄- if the project department and the 

department name are (dis)similar according to the threshold “2”, there exists an edge labelled 

“manages” linking the department and the project (graph pattern 	𝑄Z). 
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Figure 23: Examples of GGDs (I). 

 

4.2.4. Semantics of GGDs 
In order to interpret a GGD 𝑄-[𝑥], 𝜙- →	𝑄Z[𝑥, 𝑦], 𝜙Z , we first specify what it means for a graph 

pattern match to satisfy a set of differential constraints. Consider a graph pattern 𝑄[𝑧], a set of 

differential constraints 𝜙[ and a match of this pattern represented by ℎ[𝑧] in a graph 𝐺. The match 

ℎ[𝑧] satisfies (⊨) a differential constraint 𝑘 ∈ 𝜙[, if: 

1. When 𝑘  is 𝛿*(𝑧. 𝐴, 𝑐) ≤ 	 𝑡*  then an attribute 𝑧. 𝐴  exists at vertex/edge 𝑧	 = 	ℎ(𝑧)  and 

𝛿*(𝑧. 𝐴, 𝑐) ≤ 	 𝑡* meaning that the user-defined distance (for property A) 𝛿* between a 

constant 𝑐 and the attribute 𝐴 value of vertex/edge 𝑧 is less or equal than the defined 

threshold 𝑡*. 

2. When 𝑘 is 𝛿*)**(𝑧. 𝐴!, 𝑧
;. 𝐴") ≤ 	 𝑡*)** then the attributes 𝐴!, 𝐴" exist at vertex/edge 𝑧	 =

	ℎ(𝑧) and 𝑧′	 = 	ℎ(𝑧′) and 𝛿*)	**(𝑧. 𝐴!, 𝑧′. 𝐴") ≤	 𝑡*)** . 

3. When 𝑘 is 𝑧	 = 	𝑧′, then ℎ(𝑧) and ℎ(𝑧′) refer to the same vertex/edge. 

The match ℎ[𝑧]  satisfies 𝜙[ , denoted as ℎ[𝑧] ⊨ 𝜙[  if the match ℎ[𝑧]  satisfies every differential 

constraint in 𝜙[. If 𝜙[ 	= 	 {∅} then ℎ[𝑧] ⊨ 	𝜙[ for any match of the graph pattern 𝑄[𝑧] in 𝐺. 

Given a GGD 𝑄-[𝑥], 𝜙- →	𝑄Z[𝑥, 𝑦], 𝜙Z we denote the matches of the source graph pattern 𝑄-[𝑥] as 

ℎ-[𝑥] while the matches of the target graph pattern 𝑄Z[𝑥, 𝑦] are denoted by ℎZ[𝑥, 𝑦] which can 

include the variables from the source graph pattern 𝑥 and additional variables 𝑦 particular to the 

target graph pattern 𝑄Z[𝑥, 𝑦]. 
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Figure 24 shows further examples of GGDs. 

 

Figure 24: Examples of GGDs (II). 

 

In the GGD 𝜎$, following the semantics of GGDs, for every match of 𝑄- where an article mentions 

a person more than 10 times, there exists a match of 𝑄Z such that the theme type is “human”. 

Observe that, in this example, we use the property value of the edge variable 𝑚 in the differential 

constraint, which is possible in GGDs as edges are also considered variables in the graph patterns. 

The GGD 𝜎% enforces that, if the latitude and longitude coordinates of the city 𝑐, in which a person 

works, and of the city 𝑖, in which a person lives are the same, 𝑐 and 𝑖 should refer to the same city. 

Observe that in this case, the target graph pattern is empty. 

4.2.5. Validation 
We next discuss the validation problem for GGDs, defined as follows: given a finite set Σ of GGDs 

and a non-empty graph G, does the set of GGDs Σ holds in 𝐺, denoted as 𝐺 ⊨ 	Σ? 

To validate a set Σ of GGDs is the same as validating each 𝜎 ∈ Σ in the graph 𝐺 (i.e., 𝐺 ⊨ 	𝜎 for each 

𝜎 ∈ Σ). We propose an algorithm to validate a GGD 𝜎	 = 	𝑄-[𝑥], 𝜙- →	𝑄Z[𝑥, 𝑦], 𝜙Z, which is illustrated 

in Figure 25. The algorithm returns true if 𝜎 is validated and returns false if 𝜎 is violated.  

We proceed as follows. For each match ℎ-(𝑥) of the graph pattern 𝑄-[𝑥] in 	𝐺: 

1. Check if ℎ-(𝑥) satisfies the source constraints (i.e., ℎ-(𝑥) ⊨ 𝜙-). If yes, then continue. 

2. Retrieve all matches ℎZ(𝑥, 𝑦) of the target graph pattern 𝑄Z[𝑥, 𝑦] where ℎ-(𝑥) 	= 	ℎZ(𝑥) 
for all 𝑥 ∈ 𝑥. If there are no such matches of the target graph pattern, return false. 

3. Verify if ℎZ(𝑥, 𝑦) ⊨ 	𝜙Z. If there exists at least one match of the target graph pattern such 

that ℎZ(𝑥, 𝑦) ⊨ 𝜙Z, then return true, else return false. 
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This process is repeated for each 𝜎 ∈ Σ. For each match on which 𝜎 is violated, new vertices/edges 

can be generated to repair it (i.e., to make the GGD 	𝜎 valid on 𝐺). 

 

Figure 25: Validation algorithm overview. 

 

4.3. GGDs for entity resolution 
The main novelty of GGDs is in the generation of new vertices or edges in case a GGD is violated. 

Given this feature, GGDs can be applied in different scenarios. In this section, we show how GGDs 

can be used in solutions for the entity resolution task [76][77].  

As mentioned beforehand, entity resolution refers to identifying and linking entities across 

(possibly different) data sources that refer to the same real-world entity [76]. The generation of 

new vertices and edges in case a GGD is violated gives the possibility to rewrite matching rules or 

conditions as a GGD. To solve the task, we can define the source graph patterns as several disjoint 

patterns from (possibly) different graph sources and use the target graph pattern specifications as 

the representation of the deduplicated graphs. Thus, using this approach, we can also encode 

more information than just vertex-to-vertex, or row-to-row in relational databases, as we consider 

all the information in a defined graph pattern. 

Observe the following figure. As discussed before, the source graph pattern encodes the rules to 

perform entity resolution over (possibly) different graph sources. To perform entity resolution, we 
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can add links of type “sameAs” between the matched entities in the target graph pattern. These 

links are generated to validate the defined GGD. 

 

Figure 26: Example of using GGDs for Entity Resolution adding “sameAs” links. 

 

A second case in which the GGDs can be used for entity resolution is when two graph patterns 

that refer to the same real-world entity have different structures in (possibly) different sources. In 

this case, with GGDs, we can generate a vertex or a graph pattern that can summarize all the 

information from these two graph patterns (see Figure 27). An advantage of GGDs is the use of 

edges as variables, allowing to use the information of edge properties also in the matching rules, 

as it can be observed in the next example. 

 

Figure 27: Example of GGDs for Entity Resolution using aggregation. 
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In this case, we have two graph sources that model the same act of purchasing a product 

differently. To deduplicate this data, it is useful to create a vertex in the integrated graph that is 

able to aggregate the information that matches in both sources. 

Given these examples on how GGDs can be used, the general process is described next. Here, we 

modify the presented Validation algorithm to return the matches of the source graph pattern that 

violates the GGDs when a GGD is not validated (when Validation algorithm returns false). 

Given a set Σ of GGDs and two different graph data sources, the output is an integrated graph 

according to the defined GGDs. The algorithm works as follows: 

1. For each GGD in the defined set, verify if the GGD is valid by using the Validation algorithm 

proposed. 

2. If the GGD is not valid, return the matches of the source graph pattern query that violates 

the GGD. 

3. For each match that violates the GGD, repair it by generating new nodes and edges to 

make the GGD valid.  

The output integrated graph contains all the data from source graphs along with the generated 

nodes and edges in the repair process. We summarize this process of performing entity resolution 

on different graph data sources in Figure 28. 

 

 

Figure 28: Entity Resolution process using GGDs. 

 

According to [76], repairs errors refers to the task of finding another data instance that follows the 

set of data quality rules. Several error repair methods were proposed for relational data 

dependencies [76][78]. In the case of GGDs, the set of data quality rules are the defined GGDs Σ 

and the instances that should be repaired are related to the source graph pattern matches 

returned by the validation algorithm. The repairing process of the GGDs, as mentioned 
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beforehand, can generate new nodes and edges to validate a GGD. To repair and create the 

integrated graph, we retrieve candidate nodes/edges from the data sources which satisfy the 

target constraints and evaluate which nodes/edges should be generated to validate the declared 

GGD. 

5. Conclusions 

In this report, we have presented our ongoing work on entity ranking, similarity search and entity 

resolution, carried out in Tasks 3.1 and 3.2 of the SmartDataLake project. For entity ranking in HINs, 

our approach allows computing different ranking scores that are relative to the metapaths under 

consideration. Moreover, for the case of geospatial entities, we have developed a parallel and 

distributed method for identifying top-k rectangular spatial regions according to user-defined 

objective functions. We have then focused on similarity search and join operations. We have 

reviewed the state of the art, in particular concerning efficient algorithms following the filter-

verification framework. Our work focuses mainly on fuzzy set similarity joins, especially for 

identifying top-k results progressively. We also allow sets to have different weights, so that ranking 

scores can be incorporated in the search process. Moreover, we have described our approach for 

similarity search over entities with heterogeneous attributes, including numerical, textual and 

spatial properties. In addition, we have developed algorithms for similarity search on time series, 

to address the case of entities with attribute values that change over time. Finally, we have 

introduced a novel approach for entity resolution relying on the concept of graph generating 

dependencies. We have presented related work on relational data dependencies and graph 

dependencies, defined the main concepts, syntax and semantics, and explained how these graph 

generating dependencies can be used for entity resolution. 

Based on these approaches and methods, we are currently working on the implementation and 

evaluation of the respective components, which will be presented in Deliverable D3.2. 
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