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Abstract: This paper introduces a conceptual model for representing queries, 

statements, and knowledge in an analogy-enabled information system. Analogies are 
considered to be one of the core concepts of human cognition and communication, 
and are very efficient at conveying complex information in a natural fashion. Inte-
grating analogies into modern information systems paves the way for future truly 
human-centered paradigms for interacting with data and information, and opens up 
a number of interesting scientific challenges, especially due to the ambiguous and 
often consensual nature of analogy statements. Our proposed conceptual analogy 
model therefore provides a unified model for representing analogies of varying com-
plexity and type, while an additional layer of interpretation models adapts and ad-

justs the operational semantics for different data sources and approaches, avoiding 
the shortcomings of any single approach. Here, especially the Social Web promises 
to be a premier source of analogical knowledge due to its rich variety and subjective 
content, and therefore we outline first steps for harnessing this valuable information 
for future human-centered information systems. 

1 Introduction 

Despite the huge success of mobile and Web-based information systems, interaction 

with such systems still follows system-centric interaction paradigms such as hierarchical 

categorization, list browsing, or keyword searches. Human-centered approaches like nat-
ural language queries or question answering, which try to emulate the natural interaction 

of humans with each other, are still few and in the early stages of their infancy. One of the 

problems which hamper the development of such approaches is that human communica-

tion is often ambiguous and carries a lot of implicit information provided by context, com-

mon knowledge and interpretation or inference. In this paper, we further this cause by 

modeling analogies, one of the core principles of natural communication, and provide 

formal foundations for integrating this powerful concept in information systems. This 

challenging inter-disciplinary research brings together aspects from information systems, 

social systems, linguistics, and psychology. 

Human cognition is largely based on processing similarities of conceptual representa-

tions. During nearly all cognitive everyday tasks like e.g., visual perception, problem solv-
ing or learning, we continuously perform analogical inference in order to deal with new 

information [1] in a flexible and cross-domain fashion. It’s most striking feature is that it 

is performed on high-level perceptional structures and properties. Moreover, in contrast to 

formal reasoning or deduction, the use of analogies and analogical inference comes easy 



and natural to people. As analogical reasoning plays such an important role in many human 

cognitive abilities, it has been suggested that this ability is the “core of cognition” [2] and 

the “thing that makes us smart” [3]. Due to analogy’s ubiquity and importance, there is 

long-standing interest in researching the respective foundations in the fields of philosophy, 

linguistics, and in the cognitive sciences. 
In general, an analogy is a cognitive process of transferring some high-level meaning 

from one particular subject (often called the analogue or the source) to another subject, 

usually called the target. When using analogies, one emphasizes that the “essence” of 

source and target is similar, i.e. their most discriminating and prototypical behaviors are 
perceived in a similar way. As a running example, consider the following analogies: “The 

Skytree is for Tokyo as the Eiffel Tower is for Paris” (or also “The Skytree is for Tokyo 

as the Statue of Liberty is for New York”). This simple analogy communicates a lot of 

implicit information, as for example that the Skytree is an iconic landmark of Tokyo, and 

a great vantage point. Also, this can lead to very intuitive analogical queries like “is there 

something like the Eiffel Tower in Tokyo”. A more metaphorical analogy example is the 

famous Rutherford analogy “atoms are like the solar system”, an analogy which explained 

the complex and newly discovered mechanics of the microcosm by pointing out similari-

ties to the well-known celestial mechanics.  

In human-centered information systems, there are several interesting and challenging 

application scenarios for taking advantage of analogies. The prime use case are natural 
language query interfaces using question answering or verbose queries (e.g. IBM Watson 

[4] or Apple Siri1), but also approaches analyzing user-generated text in Social Media as 

for example opinion mining, sentiment analysis, or Social Media analytics in general. 

Also, they can be used to explain suggestions of e-commerce or recommender systems in 

an easier to understand fashion. For example, in a travel booking portal, the system could 

use statements like “The Okinawa Islands are the Hawai’i of Japan” to explain the concept 

to foreign customers agnostic to Japanese holiday locations. 

Capturing an abstract notion of similarity is essential for the semantics of analogies. 

Usually this means that source and target, while being potentially different in many re-

spects (i.e. Tokyo Skytree does not look like the Eiffel Tower at all), behave similarly or 

show similar properties within a larger context. Therefore, evaluating and processing anal-
ogies relies on the concept of relational (or behavioral) similarity. Mining these similari-

ties can be realized using different data sources like databases or ontologies, but most 

notably using user statements in the Social Web and in Social Media. 

Our paper aims at paving the way for future research by contributing the following:  

 Showcasing analogy-enabled information systems, and discussing the potential data 

sources with a special focus on the Social Web 

 Introducing the knowledge primitives required for conceptually modeling analogies 

for information systems 

 Providing a conceptual definition for general analogy statements, and a slightly re-

stricted definition more suited for later implementation 

 Discussing the semantics of analogy statements, and the generic operations required 

for evaluating them 

 Introducing a generic architecture for analogy-enabled information systems 
                                                                            

1 http://www.apple.com/ios/siri/ 



2 Towards Analogy-enabled Information Systems 

Using analogies in natural speech allows communicating dense information easily and 

naturally just using few words, as most of the intended semantics will be inferred at the 

receiver’s site. The core semantics are that the analogy source and target behave similarly, 
are structurally similar in their context [5], are perceived similar [6], or have a shared high 

level abstraction [7]. Understanding analogies is therefore a task requiring powerful cog-

nitive abilities, and computer-based analogy processing is faced with many challenges. 

From a formal perspective, there have been works interpreting analogies as a special case 

of induction [7], or hidden inductions [8] in predicate logics. However, such strict formal 

modeling neglects the defining characteristic of analogies: their high-level and perceptual 

nature as most analogies contain a large degree of vagueness and human judgment. Also, 

considering our previous example query of looking for something equivalent to the Eiffel 

Tower in Tokyo, two candidates come to mind: the Skytree and Tokyo Tower. Tokyo 

Tower being similar to the Eiffel Tower can be deduced quite easily, as it is a popular 

landmark which is also very similar to the Eiffel Tower architecture- and construction-
wise. The Skytree on the other hand has only few similarities with the Eiffel Tower, it is 

newly built and of a completely different design. However, it might be a better answer to 

the query (i.e. its analogy to the Eiffel Tower is stronger) because its defining relationship, 

i.e. being an iconic and touristically significant landmark, is stronger (and is therefore 

more similar to the Eiffel Tower conceptually). However, these notions of “more similar”, 

“defining”, or “stronger” depend on the common consensus of people and are therefore 

hard to elicit, or may even change over time or between different groups of persons. There-

fore, we argue that any formal model for analogies needs to be able to incorporate these 

vague concepts in a suitable fashion.  

We face these challenges with a two-tier approach, consisting of a conceptual model, 

and one or more respective interpretation models. The conceptual model, presented in this 

paper, allows to represent analogical knowledge, facts, or queries on an abstract level. 
Working towards an implementation of an analogy-enabled information system, the con-

ceptual model needs additional interpretation models defining the operation semantics of 

the primitives and operations used in the conceptual model. Each interpretation model can 

therefore have slightly different semantics for operations and concepts like “similarity” or 

“prototypical relations”, which are suited for different scenarios (e.g. defining similarity 

based on structural aspects in ontologies [9], or relying on the distributional hypothesis 

[10] for natural language texts). 

Current algorithmic approaches only focus on a limited and specialized subset of the 

analogy semantics, and can be incorporated into our presented two-tier model as specific 

interpretation models. Most promising seem to be approaches using natural language pro-

cessing (NLP), and they have been proven to be successful in certain areas of analogy 
processing. These systems rely on interpreting large (Web-based) text collections [11, 12] 

and are often tailored to be used with the US-based SAT challenge dataset (part of the 

standardized aptitude test for college admission) [13, 14]. They are particularly well-suited 

to capture the consensual nature of perceived similarity by relying on statistics on text 

written by a large number of (Social) Web users. Besides NLP approaches, there have 

been experiments with ontologies-based approaches [9], structure-mapping approaches 

[15], or approaches based on neural networks [16]. Analogical reasoning has also been 

leveraged for adapting and expanding database schemas [17]. 



The complexity of interpretation models increases with the desired expressiveness of 

the analogies the system is supposed to handle, which in turn relies on the semantic dis-

tance between the contexts of the analogy source and target. On the one end of this spec-

trum, we have simple simile analogies (not to be confused with the rhetoric figure of 

speech) which are fairly straightforward, comparing concepts which are very similar with 

respect to their attributes (“A Pony is like a small Horse”) but are therefore very limited 

in their applicability and the amount of transferred implicit information. On the other end 

we have metaphors, which are a very powerful form of analogy that is able to cover large 

semantic distances between concepts, using very abstract, high-level structural similarity 
[5] (“atoms are like the solar system”).  

One very common form of analogy is the so-called 4-term analogy model that consists 

of two pairs of terms that behave analogous. Our example “The Skytree is for Tokyo as 

the Eiffel Tower is for Paris” is one of those 4-term analogies, featuring the pair [Skytree, 

Tokyo] that is like [Eiffel Tower, Paris]. While the 4-term analogy is widely used in sci-

entific research on the topic [5, 11, 12], it is actually fairly uncommon in natural speech. 

Rather than stating a 4-term analogy, people more frequently give statements like: “The 

Skytree is like the Eiffel Tower” or “Is there something like the Eiffel Tower in Tokyo?”. 

While these statements are based on the same analogy, only parts of the analogy are ex-

pressed explicitly. This we refer to as hypocatastasis, meaning that the receiver of the 

message is supposed to figure out the missing parts of the statement himself, using the 
general context of the statement, common knowledge and his inference abilities. However, 

some more complex metaphorical analogies (as e.g. [𝑎𝑡𝑜𝑚]: : [𝑠𝑜𝑙𝑎𝑟 𝑠𝑦𝑠𝑡𝑒𝑚]) cannot 

easily be represented in a 4-term form, and are significantly more difficult to process. 

Therefore, in section 4.3, we will focus more closely on the semantics of 4-term analogies 

as a trade-off between expressivity and complexity.  

3 Adapting Semantics and Data Sources 

In this section, we will briefly discuss the advantages and shortcoming of different data 
sources which could be harnessed for our model as future research challenges. For each 

data source, respective interpretation models are required for capturing the required infor-

mation on relationships, attributes, and the perceived similarity. Also, keep in mind that 

analogy-enabled information systems are not limited to a single interpretation model, but 

can have multiple, specialized interpretation models for different types of analogies, which 

could even work in parallel with a subsequent combination / voting phase (as for example 

as in [14, 18]) to avoid the shortcomings of each individual approach. 

3.1 Relational Databases 
Databases (i.e. tabular data) provide precise, explicit information on attribute values of 

entities (the rows) and also information like their shared class (given by the table itself), 

e.g. a collection of famous monuments or car models with their specifications. However, 

they usually lack information on relationships to (abstract) concepts, apart from simple 

foreign key relationships to other tables. Therefore, interpretation models based on rela-

tional databases are suitable for analogies with simpler semantics, as for example similes 



and simpler analogies with source and target in closely related contexts. Realizing such a 

simple interpretation model still poses some interesting challenges:  

While most similes are based on similar attributes, the partners are usually not similar 

in their actual values (like in regular similarity queries), but their values are similar in 

relation to the respective prototype of their class. For example, the Volkswagen Golf GTI 

is a very expensive and extremely powerful car compared to other compact cars, just as 

the Porsche Cayenne GTS is for SUV cars. This leads to the central challenges of discov-

ering the correct classes for comparison (e.g. compact cars vs. SUVs), and the respective 

prototypical attribute values for obtaining relative statements such as “very expensive” or 
“extremely powerful”. While this can simply be done in the given example by calculating 

the average for each attribute, the task can become increasingly difficult in other cases. 

For example, because of its popularity, most people would consider the Apple iPad as the 

prototypical point of reference for tablet computers. However, its specifications do not 

match the average product at all. Discovering which values are prototypical might requires 

additional steps like opinion mining in product reviews [19]. 

3.2 Linked Open Data and Ontologies 
The main advantage of Linked Open Data (LOD) sources (e.g. DBpedia, Yago) or var-

ious available ontologies is that information on concepts and relationships is explicitly 

available. The sources are usually cleaned to improve data quality, which, however, may 

lead to many LOD sources containing only very few (but correct) relationships. For ex-

ample the entry of “Tokyo Skytree” in DBpedia (one of largest available LOD sources) 

contains only few attributes like size, location, build date, and very few additional rela-

tionships linking for example to the owner company, the architect, or the city district. 

While the usefulness of current LOD sources for analogy processing is therefore still lim-
ited, this will likely improve when more information is incorporated. Furthermore, identi-

fying relevant or prototypical concepts or relationships is more difficult with no quantita-

tive information available, and most approaches which aim at discovering typicality on 

linked data fall back to text mining (e.g. [20]). 

3.3 Unstructured Text and the Social Web 
Most current approaches for automatically processing analogies are based on pro-

cessing natural language text, usually crawled from the Web. In contrast to databases and 

LOD, the Web contains an astonishing amount of information, even on more obscure con-

cepts and entities. However, extracting this information is usually an error-prone task with 

many challenges. Therefore, current approaches aim at dealing with simplified analogy 

problems as for example solving multiple-choice analogies from the SAT analogy test data 

[11–14, 21], basically relying on the distributional hypothesis [10] for heuristically esti-

mating relational similarity. For example in [13], the natural language text snippets rele-

vant to an analogy are obtained via web-search, and then concepts and relationships are 

identified using predefined extraction patterns. Such approaches are strictly heuristics in 
their nature, and apply statistics on words with no or only limited further considerations 

on their actual semantics or type. However, they have shown to deliver good performance 

for multiple-choice analogy queries, mainly due to the fact that statistically analyzing a 

large number of web sources allows to grasp perceived similarity and consensus of a large 

number of people quite well.  



Besides purely textual approaches, the Web is also the premier source for establishing 

prototypicality and similarity measures in structured knowledge-bases, as e.g. described 

in [20] which discovers typical attributes and relationships for classes. Extracting this type 

of information from the Social Web (e.g. Blogs, Microblogs like Twitter, product reviews, 

or even more exotic sources like user-tagged image galleries, or recommender system 

feedback [22]) promises to be a valuable source for perceptual information. 

4 Conceptual Model for Analogies 

In this section we will first present a high-level design for an analogy-enabled infor-

mation system. This design is limited by certain practical considerations, and will mostly 

be suitable for processing analogies which can be represented as 4-term analogies. We 

will then continue to develop a conceptual model for analogies and related concepts that 

allows representing the required information and operations.  

4.1 System Design   
One of the challenges of designing an analogy-enabled information system is the ability 

to combine a range of different data sources and diverse semantics, since we believe that 

no single approach will be applicable and well suited for every scenario. We therefore 

propose a system architecture with a layer of interpretation models to be used alternatively 

or even in parallel, to complement each other. Data sources can include typical knowledge 

bases or Linked Open Data sources such as DBpedi2 or Yago3, containing explicit struc-
tured information on entities, instances, their relationships, and properties. Also tabular 

databases containing structured data on entities and their attributes are possible (e.g. Free-

base4), but also fully unstructured natural language sources such as Web data and docu-

ment collections. Therefore, our modeling strives for containing only concepts and oper-

ators which can be applied to both structured and unstructured data sources. Basically we 

follow the semantics of simple structured knowledge bases, but we will sometimes require 

additional information not necessarily available in an explicit form, and which has to be 

delivered by the interpretation model (such as how typical or similar certain relations are, 

a notion which is not stored in most ontologies or knowledge bases). A case study for such 

an interpretation model is given in section 5.  

A visual overview of our general system design is presented in Figure 1. Basically, data 

sources relying on different data models are transformed into a common shared abstrac-
tion, the knowledge base. This can be done in a push or pull fashion (i.e., purposefully 

extracting information for each query by e.g. using on-demand web search, or preemp-

tively extracting a large knowledge base). The primitives for modeling the knowledge base 

are described in section 4.2. All meta-data, intermediate results as well as final results 

from analogy processing can be stored in the analogy repository for later re-use. This co-

vers information on similarity or prototypicality, but also discovered analogies and their 

supporting facts.  
                                                                            

2 http://dbpedia.org/  
3 http://www.mpi-inf.mpg.de/yago-naga/yago/ 
4 http://www.freebase.com/ 



The general semantics of analogy processing are given by our conceptual model, while 

the specific operative semantics for different data sources, domains, or special cases are 

provided by respective interpretation models. Please note that in this work, we refrain from 

discussions about how to parse natural language queries or statements, but assume that the 

required language processing is provided by a suitable query parser. 

4.2 Knowledge Base Primitives 
In this section, we introduce the basic building blocks for modeling the semantics of 

analogies in information systems. Please note, our model and architecture is only intended 

to be used for analogical reasoning. Like in the human thinking process, this allows ignor-

ing several constraints of logical reasoning or formal ontologies, like certain consistency 

requirements, and will not always give clear, precise answers, as analogies are often am-

biguous by nature.  

Concepts 𝑪: Concepts are our primary modeling primitives, and are identified by their 

unique label. The set of all concepts is denoted by 𝒞 ⊆ ℒ, wheras ℒ is the set of all unique 

labels. Several different types of concepts can be encountered and depending on their type, 

these might require special considerations while designing an interpretation model, result-

ing in tailored evaluation algorithms or data sources (see section 3). In the following, we 

distinguish between entities and abstract objects and their special cases classes and proto-

types. Heuristics employed in the interpreting model may take advantage of this disam-

biguation. 

 Entities: We use entities to represent potential real-world objects which can also be 

identified by their attribute values, similar to entities in the relational model for data-
bases. This can encompass existing objects as for example the city “Tokyo” or the 

“Eiffel Tower”. Furthermore, entities might also represent more abstract notions 

which are often used in speech to  represent groups of real world instances with the 

same attributes, as for example the iPhone5 (all actual iPhones have closely similar 

attribute values, and when used in analogies, no further distinguishing between indi-

vidual physical objects is usually required). Information on entities is often readily 

available in Deep Web or LOD data sources, especially in form of structured data or 

stored in relational databases (for example FreeBase, DBpedia, IMDB, etc.) 

 Abstract Objects: Abstract objects do not exist in a particular time or place, but rather 

represent ideas or high-level abstractions as for example “truth”, “curiosity”, but also 

 
Figure 1: General System Overview 
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abstractions which frequently appear as attribute dimensions like “size” or “costs”. 

Information on abstract objects is usually harder to obtain than information on enti-

ties, and they have often only few explicit attribute values. 

 Classes are a special case of abstract objects, and represent collections of concepts, 

as for example city, monument, or planet, but also more descriptive classes like “fa-

mous monuments loved by tourists which are also towers”. One reason for special 

treatment of classes is due to their implications (especially due to class-subclass rela-

tionships) for interpreting algorithms. Class-related information is often explicitly 

available in web-based ontologies and taxonomies (e.g. ProBase [23]).  

 Prototypes: Another special case of abstract objects relevant for analogies are proto-

types. Prototypes are associated to certain classes, and represent a consensual abstrac-

tion of the entities grouped by the classes. For example, the prototypical tablet com-

puter is white and made by Apple. Note that a prototype is not just the average entity, 

but is usually the prominent representative in peoples’ mind. Also, having multiple 

prototypes per class is possible when perception significantly differs between groups 

of people. Prototypes play a crucial role when evaluating simile analogies (see section 

3.1). 

Attributes 𝓐: Attributes describe the properties of an entity, and can be considered as 

a labeled relationship between an entity and some alpha-numeric literal values. Attributes 
only play a minor role for modeling analogies, and we do not further distinguish between 

different data types for attributes. The set of attributes is given by 𝒜 ⊆ 𝒞 × ℒ × ℐ , 

whereas ℐ is the set of literal values. 

Relationships 𝓡: The set of relationships further describes the relations and interac-

tions between concepts. Each relationship is labeled, and the label represents certain real-

world semantics. As the knowledge base does not have to follow a strict vocabulary or 

schema, one challenge with respect to relationships is that there may be multiple relation-

ships with different labels describing similar real-world semantics.  

The set of relationships ℛ is given by ℛ ⊆ 𝒞 × ℒ × 𝒞. Furthermore, we define a func-

tion 𝓇: 𝒞 × 𝒞 → (𝒞 × ℒ × 𝒞) returning all relationships between two given concepts. 

4.3 Analogons, General Analogies and 4-Term Analogies 

An analogy is a high-level comparison between source and target. Both are represented 

as analogons and the general form of all analogies can be denoted as 𝐴 ∷ 𝐵 (with 𝐴 being 

the source and 𝐵 being the target analogon). In general, analogons represent a set of con-

cepts (usually with one dominant core concept while the others are related) and, implicitly, 

the relations between them. We formally define the set of all analogons as a subset of the 

power set of all concepts: 𝒜ℊ𝐹𝑢𝑙𝑙 ⊆ 𝒫(𝒞). This definition is close to one of the dominant 

views in cognitive sciences, where analogies are often described as high-level structural 

mappings between two complexes mental representations [5] (concepts and relationships). 

However, this complex cognitive model is difficult to realize, and therefore we will 

focus on the less complex special case of 4-term analogies as the basic and canonical form 
for representing analogy statements and queries in our model. Of course, an adaption to 

the more general case is possible, but would strongly increase the required effort for the 

problem’s presentation and is usually beyond the reach of most of the current and still 

prototypical implementations. In the case of 4-term analogies, only a restricted set of those 

analogons which contain exactly two concepts is used: 𝒜ℊ4 ⊆ 𝒞 × 𝒞 ⊆  𝒜ℊ𝐹𝑢𝑙𝑙.  



Using analogons, 4-term analogy statements (in the following also referred to as ca-

nonical analogy statements) can be expressed as:  

𝐴 ∷ 𝐵 with 𝐴, 𝐵 ∈ 𝒜ℊ4      or        [𝑎1, 𝑎2] ∷ [𝑏1, 𝑏2] with 𝑎1, 𝑎2, 𝑏1, 𝑏2 ∈ 𝒞 

We also allow incomplete analogons with ?  representing the missing concept. The 

shorthand notation [𝑎1] represents [𝑎1, ? ]. We refer to the set of all canonical analogy 

statements as 𝒜𝓃𝒶ℓℴℊ𝓎4, which is a subset of general analogies 𝒜𝓃𝒶ℓℴℊ𝓎𝐹𝑢𝑙𝑙. 

4.4 Semantics of Analogy Statements 
 In order to define the semantics of 4-term analogy statements, several additional oper-

ators are required on the conceptual level. Analogously to logical languages and their re-

spective interpretations, our interpretation models will provide the operative semantics of 

these operators and the involved modeling primitives. Therefore, they also decide which 

analogy statements actually hold true and which don’t. Unfortunately, unlike logic-based 

systems or relational databases, these operators can only be defined heuristically and have 

to mimic the imprecise and vague semantics of analogies, trying to grasp the consensual 

opinions on concepts and their relations. 

Basically, the intended semantics of a canonical analogy statement is that the statement 

holds true if all relevant relationships (in the context of the current analogy) between the 
concepts of each analogon are closely similar. Furthermore, there can be stronger analo-

gies (i.e. good analogies which people usually consensual agree to, i.e. the Skytree-Eiffel 

Tower analogy) or weaker analogies (i.e. analogies people often do not agree with, like 
[𝑢𝑛𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦, 𝑙𝑖𝑓𝑒] ∷ [𝑠𝑡𝑟𝑎𝑤𝑏𝑒𝑟𝑟𝑦, 𝑐𝑎𝑘𝑒]). This is reflected by applying an interpreta-

tion function ℐ, given by an interpretation model, to an analogy statement. The interpreta-

tion function will return a numerical value between 0 (weak) and 1 (strong) representing 

the respective strength of the analogy (analogously to interpreting logical statements 

which evaluate to true or false), i.e. ℐ: 𝒜𝓃𝒶ℓℴℊ𝓎4 → [0,1]. An analogy holds true when 

this value is above a threshold specific to each interpretation model. Interpretation models 

are further discussed in section 3.  

𝓻∗  (Relevant Relationships): The first conceptual operation required to formally de-

fine the analogy is retrieving the set of relevant relationships, which is given by:  

𝓇∗(𝐴, 𝐵) = 𝑟  with 𝐴, 𝐵 ∈ 𝒜ℊ4 and 𝑟 ⊆ ℛ  

 
Figure 2: Intended semantics of a 4-term analogy statement:  An analogy holds true when the 

relevant relationships between the concepts of the analogons are sufficiently similar 



This function returns those relationships between 𝑎1 and 𝑎2 (with [𝑎1, 𝑎2] = 𝐴) which 

are relevant to the analogy 𝐴 ∷ 𝐵 . As we consider analogies being symmetric, i.e. 

ℐ(𝐴 ∷ 𝐵) = ℐ(𝐵 ∷ 𝐴),  𝓇∗(𝐵, 𝐴) can be used to obtain all those relationships between 𝑏1 

and 𝑏2 relevant for the analogy 𝐴 ∷ 𝐵.  

Unfortunately, to realize these intended semantics in an interpretation model one has to 

rely on heuristic assumptions for “relevant for the analogy” (please note that humans in-
terpreting analogies also heuristically infer these relationships individually for each anal-

ogy). The simplest heuristic is to assume that all relationships between the concepts of an 

analogon are relevant, which will result in weaker semantics but might be sufficient in 

certain restricted scenarios. A practically feasible trade-off between complexity and ex-

pressivity is relying on (proto-) typicality, i.e. assuming that those relationships are rele-

vant for the analogy which are typical for the concept pair of the analogon (i.e. for 

[Skytree, Tokyo], being an iconic landmark). For this task, approaches for capturing prop-

erty or relationship typicality as for example [19, 20] can be adapted.   

𝜎 (Relationship Set Similarity): Having defined the sets of relevant relationships, the 

next step is to define a notion of similarity between these sets. We denote the relationship 
similarity function:   

𝜎: 𝑅1 × 𝑅2 → [0,1] with 𝑅1, 𝑅2 ⊆ ℛ 

The function describes the similarity between two sets of relationships (with 1.0 repre-

senting maximal similarity) and can be used to describe the strength of an analogy when 

applied to the sets of relevant relationships:  

ℐ(𝐴 ∷ 𝐵) =  𝜎(𝓇∗(𝐴, 𝐵), 𝓇∗(𝐵, 𝐴)) 

We further denote: 𝑅1 ≈ 𝑅2 as the relationship sets 𝑅1, 𝑅2 being sufficiently similar, 

i.e. their similarity is above an interpretation model specific threshold: 

𝑅1 ≈ 𝑅2 ≡ 𝑅1, 𝑅2 ⊆ ℛ ∧ 𝜎(𝑅1, 𝑅2) > 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

Again, the operative semantics of this notion and the threshold have to be established 

by an interpretation model. Here, most heuristics for set similarity will have to rely on the 

similarity between two single relationships, which is discussed in the next section.  

𝝈𝑹  (Relational Similarity): Similarity in the context of analogies does not refer to at-

tribute similarity, but to the more challenging concept of relational similarity. We will 

denote relational similarity between two relationships as a function returning a value rang-

ing from 0 to 1, with 1 representing maximal similarity:    

𝜎𝑅: 𝑅 × 𝑅 → [0,1] 

One heuristic for approaching this problem is the distributional hypothesis [10] from 

linguistics, which claims that words frequently occurring in the same context also have 

similar meanings. An implementation of this heuristic can be found in [13]. Another heu-
ristic approach relying on pattern extraction is given in [24]. Also, approaches based on 

crowd-sourcing can provide valuable input [18]. Still, developing effective heuristics for 

relational similarity needed for interpretation models remains as one of the core challenges 

of future research - poor implementation of similarity might capture only simple analogies, 

while a superior heuristic interpretation model may cover even more complex metaphors. 

Please note that especially for similes, also attribute values may play a role. This is still 

covered by our model, as the semantics of such analogies are that attribute values are sim-

ilar relative to another concept or in a certain context (e.g. compared to a prototype or 



reference concept), and are therefore captured by relational similarity. For example, a Por-

sche 911 is expensive for a sport car, as is the Mercedes Benz S-Class for a sedan. How-
ever, mining the correct relationships from attribute values is its own challenge (see 3.1). 

A graphical summary of our intended analogy semantics can be found in figure 3.  

4.5 Normalizing Analogies, Expansions, and Supportive Facts 

As indicated before, analogies are usually given in natural speech and are therefore 
often not fully explicit.  In our model, we propose a normalization of analogies by trans-

forming an implicit analogy into its explicit canonical form, i.e. a complete 4-term anal-

ogy. This step requires to find the implicit information in a statement like “The Skytree is 

analog to the Eiffel tower” to normalize it into the explicit form “The Skytree is to Tokyo 

what the Eiffel tower is to Paris”. Since the explicit statement contains more information 

than the implicit one, this transformation can obviously not be performed by applying a 

strict set of rules, but is in itself a non-trivial cognitive task relying on heuristic inference. 

One simple heuristic for normalization, i.e. inferring the missing concepts, could be 

realized as follows: Given an implicit analogy statement  [𝑎1]: : [𝑏1]  (equivalent 

to [a1, ?1 ]: : [b1, ?2 ]), the values of  ?1 and ?2 can be obtained by inspecting all possible 

assignments of  ?1 , ?2 (i.e. those concepts which have a relationship with 𝑎1 or 𝑏1), and 
selecting that pair for which the prototypical relationships are similar. This task is closely 

related to evaluating an explicit analogy statement, and the same heuristics provided by 

an interpretation model for relevance and similarity can be reused. The careful inclusion 

of crowd-sourcing could also be beneficial.  

The analogy expansion and supportive facts are optional features of our model. Basi-

cally, after evaluating an analogy statement or query, they provide additional information 

on the evaluation process. The expansion represents the information that is implicitly 

transferred by the analogy, i.e. the relevant relations existing in both analogons (“isIconi-

cLandmark”), with their similarity. The supportive facts are facts from the knowledge base 

used to derive the similarity and relevance of the relations. In summary, an analogy is true 

because of the similar and relevant relations shown in the expansion, which were derived 
using the data in the supportive facts. You can see an overview of the different proposed 

representations of analogies in Table 1. 

Table 1: Different Representations of Analogies 

 Natural Communication Formal Example  

Implicit Analogy “The Skytree is analog to / like 

the Eiffel tower” 

[𝑎1] ∷ [b1] 
≡ [𝑎1 , ? ] ∷  [𝑏1 , ? ] 

Explicit Analogy “The Skytree is to Tokyo what 
the Eiffel tower is to Paris” 

[𝑎1 , 𝑎2]: : [𝑏1 , 𝑏2] 

Expansion Inferred by receiver:  
List of relevant relationships and 
their similarity, representing the 

transferred knowledge  

{ℐ(𝐴 ∷ 𝐵) = 𝑠,  
𝜎𝑅(𝑟𝑎,1 , 𝑟𝑏,1) = 𝑠1 , … } 

Supporting Facts Facts supporting the decisions on 
relevance and similarity, e.g.: 

“Tokyo is a city”, “Paris is a city”  

{𝑖𝑠𝐶𝑖𝑡𝑦(𝑎2), 𝑖𝑠𝐶𝑎𝑝𝑖𝑡𝑎𝑙(𝑏2), 
𝑖𝑠𝐴(𝐶𝑖𝑡𝑦, 𝐶𝑎𝑝𝑖𝑡𝑎𝑙), … } 

 



4.6 Analogy Queries  
To query an analogy based information system, we propose to state the analogy with 

all unknown concepts or parts replaced by a ‘?’. The answer returned by the system would 

be all analogy statements in canonical form that fulfill the request, optionally including 

the extension and the supporting facts, or an empty result set if no analogy could be found. 

This process is very similar to normalizing statements. In the following, we present some 

examples of possible analogy queries: 

 ? [𝑎1, 𝑎2] ∷ [𝑏1, 𝑏2]: This statement checks if the given analogy statement is true (or 
the result set is empty) and retrieves its extension and supporting facts. 

 ? [𝑎1, 𝑎2] ∷ [? , 𝑏2]: This statement can be used to find the missing concept in a 4-term 
analogy. (“What is to Tokyo like the Eiffel Tower is to Paris?”) 

 ? [𝑎1, 𝑎2] ∷ ? : This statement can be used to find possible matches to an analogon. 
This is basically the non-multiple-choice version of the SAT analogy challenge. The 

SAT challenges are significantly easier to solve, as they just test 5 candidate analo-

gons and decide for the one with the highest similarity.  

 ? [𝑎1, ? ] ∷  [𝑏1, ? ] ≡ [𝑎1] ∷ [𝑏1]: This statement can be used to request the explicit 
form of an implicit analogy. 

5 Case Study: Mining Analogies from the Social Web 

In this section, we briefly show a case study outlining first steps towards a technical 

implementation of an analogy interpretation model based on mining the Social Web, and 

therefore demonstrate the real-world applicability of our proposed model. This study is 

discussed in closer detail in our later works, and is showcased here to highlight the feasi-

bility and applicability of analogy-enabled information systems. We focus on analogies 

between locations as e.g. used in travel and tourism systems, e.g. “West Shinjuku (a dis-

trict of Tokyo) is like Lower Manhattan”. During the course of the study, we used Web 

search with Hearst-like patterns to obtain a set of 22.360 Web documents retrieved mostly 

from various discussion forums and blogs. Using automated filtering heuristics and crowd-

souring-based manual filtering we extracted a Gold dataset with short text snippets con-
taining such analogies. Then, we designed, trained, and evaluated supervised learning 

models with rich feature sets to recognize analogy statements automatically, allowing us 

to substitute manual crowd filtering with automated techniques. Our best performing fea-

ture set based on subsequence patterns derived from PrefixSpans [25] resulted in a preci-

sion of 0.92 with recall of 0.88, clearly demonstrating that it is possible to extract analog-

ical statements from the Social Web reliably in an automated fashion.  

From here, the next steps are to actually extract the information required to implement 

the interpretation model: “relevant relationships”, “prototypical relationships”, and “per-

ceived similarity” between relationships. This task is particularly promising when working 

on Social Web data, as user’s often explicitly explain the analogy they used by providing 

why they believe it holds true. Consider one of the text snippets from our Gold dataset: 

“Tokyo, like Disneyland, is sterile. It’s too clean and really safe, which are admirable 
traits, but also unrealistic. Tokyo is like a bubble where people can live their lives in a 

very naive and enchanted way because real problems do not exist.” Here, the speaker 

clearly provides that in her opinion, Tokyo´s most prototypical properties are that it is very 



clean and safe, and that it shares these properties with Disneyland. However, in order to 

use such statements for building an analogy knowledge base as described in the previous 

chapters, extraction models have to be designed and trained to locate the properties com-

pared in this natural language statement. This task is actually quite closely related to trig-

ger detection in NLP exploiting analysis of the word-dependency graph representation of 

the sentence. This problem, and of course aggregating the (potentially subjective and even 

conflicting) information obtained from multiple statements authored by different users re-

mains as a challenge to be solved by current research in progress. 

6 Summary & Outlook 

During the course of this paper we outlined a generic conceptual design for an analogy-

enabled information system that can be adapted to different data sources and operative 

semantics using one or several interpretation models. We continued with an overview on 

different data sources, and highlighted their challenges and prospects and provided some 

insights for designing respective interpretation models, including references to existing 

work. We then gave a formal model for analogies, including an explicit canonical form, 
and related problems as e.g. normalization of implicit analogies. We further defined the 

semantic operations needed to perform analogical reasoning and query the system. Also, 

we provided a brief survey outlining how an interpretation model based on text crawled 

from the Social Web can be realized. In our future works we plan to complete this inter-

pretation model, and also provide several additional interpretation models based on alter-

native data sources for selected scenarios for a complete multi-model analogy-enabled 

information system, able to adapt to situations where a single model would fail. 
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