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Abstract. The majority of visual communication today occurs by ways of 
spatial groupings, plots, graphs, data renderings, photographs and video frames. 
However, the degree of semantics encoded in these visual representations is still 
quite limited. The use of icons as a form of information encoding has been 
explored to a much lesser extent. In this paper we describe a framework that 
uses a dual domain approach involving natural language text processing and 
global image databases to help users identify icons suitable to visually encode 
abstract semantic concepts.  
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1 Introduction 

Much scientific evidence indicates that visual encodings, if chosen well, are more 
effective than textual ones. Their decoding is more time-efficient because human 
visual processing can rapidly and effortlessly interpret what is seen, make inferences, 
and explain causal histories [13,20]. Further, the retention of visually encoded content 
in short-term memory tasks is higher and visual encodings are more space-efficient. 
Experiments with a database on terrorist attacks in the 1980s have shown that 
iconized data occupies 10 times less space than text [16]. Thus the time for an analyst 
to browse, analyse and search iconized data over textual data can be potentially 
reduced by an order of magnitude [19]. Along these lines it has also been 
demonstrated that people can work with multi-dimensional icons twice as fast as with 
text [30]. In fact, some have called visual language a ‘prosthesis’ for some of the 
limitations of human thought since it supports and augments the severe limitations of 
working memory [14]. The potential of visual information encoding is undoubtedly 
high, but the encodings must be selected wisely to reach these reported performance 
rates. Our paper proposes a framework that assists in a user’s effort to select or create 
good iconic representations for the visual encoding of concepts. 
 In particular we wish to take advantage of the fact that there exist iconic or 
canonical views of objects, as has been demonstrated in the psychology literature for 
human perception. In their seminal work, Palmer et al [24] find that humans agree on 
canonical views of objects and that recognition is faster for these views. We propose 
to find representative examples for hierarchies of object classes. However, instead of 
having humans hand select these canonical images to use as visual encodings, we 
propose that these biases in preference will emerge naturally when mining large 
collections of images taken and posted to the internet by people.  
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 Icons (in computing) have been around since the 1970s to make computer 
interfaces easier to understand for novice users, mapping concepts to standardized 
visual representations. The majority of these icons are symbolic representations of 
applications that need to be memorized by the user. Clip art, on the other hand, aims 
to be more descriptive and is meant for illustration. A very narrow set of clip art is 
used in practice, often marginally matching the situation at hand. A third option for 
selecting iconic representations is to use web search to gather images fitting a desired 
concept. However, for complicated concepts, this results in limited success because 
multiple queries or lengthy searching must be performed to match a concept exactly. 
The framework we present provides a computer-aided system that allows users to 
quickly and effectively design clip art that is well targeted to their concept of interest. 
We achieve these capabilities by extending and synthesizing techniques rooted in 
non-photorealistic rendering and computer graphics, image processing, web-scale 
content-based image retrieval and natural language processing. 

The ability to design well-targeted expressive clip art in a cohesive illustrative style 
enables applications at a scale much grander than a singleton. We may use them for 
the illustrations of documents, books, manuals, and the like, and they are also 
applicable to visualize taxonomies of objects and even more general concepts. 
Further, they can replace or complement textual annotations and photographs within 
node-link diagrams often used in analytical reasoning tasks, making these 
representations much more expressive.  

Our paper is structured as follows. Section 2 presents the general philosophy behind 
our methodology, which is rooted in a joint lexical and visual analysis. Section 3 
presents previous work in the area of visual languages and icon generation as well as 
the background of our approach. Section 4 describes our approach in detail. Section 5 
presents results and some discussion on our system, and Section 6 ends the paper with 
conclusions and future work. 

2  Overall Motivation and Philosophy 

We aim to find Visual Information Encodings (VIEs) that are intuitive, i.e., are 
already part of one’s visual vocabulary. This avoids the need for memorization of a 
set of dedicated symbols for iconic communication. VIEs are relatively easy to find 
for most objects and actions because they can be observed in real life and are already 
part of one’s visual vocabulary – yet their interpretation and aesthetics still leaves 
much room for artistic freedom in determining the best VIE design. However, as with 
visual languages, the greatest challenge comes from determining good VIEs for 
abstract concepts. Take for example, the concept ‘travel’. When asked, people will 
offer a wide variety of possible VIEs for these concepts, and this variety is also 
reflected in the query results with image search engines. Hence, we desire a VIE that 
reaches the broadest consensus among a sufficiently wide population.  
 We propose an indirect approach to find this consensus, circumventing the need for 
an active solicitation of user responses to candidate VIEs. Instead we exploit existing 
public lexical databases like WordNet [7] augmented with aggregated statistical 
information in the form of lexical triggers [1] and couple these with public image 
search engines. These triggers are computed by analysing thousands of documents 
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space of an input concept. This results in a powerful interactive interface to help the 
user build an effective I-bridge. Figure 3a shows the query input box. Figure 3b 
displays semantically related words from WordNet and statistically related words 
from Lexical FreeNet. Figure 3c provides translations of the query concept into four 
languages plus Basic English, while Figure 3d maintains a history of the explored 
query concepts during an I-bridge building session. In Figure 3e helper terms such as 
‘equipment’ or ‘tool’ are provided to enable focusing on particular visual senses. 
Finally, Figure 3f displays the top results from Google image search. 
 After the initial display of results, the user can do several things. In a perfect world, 
After the initial display of results, the user can do several things. In a perfect world, 
several relevant images would be found in the first go and the user can store them to 
the saved images panel. Otherwise, the user can continue browsing the lexical space 
until the images reflect his desired concept. For example, the user might want to 
explore concepts semantically or statistically related to his query (Figure 3b). 
Alternatively, the user could use the query builder to make complex queries. For 
example, for a query like ‘art’, the image results returned might be too ‘artsy’ and not 
represent the high level concept ‘art’ in a simple, concise manner. An image query of   
‘art’ + ‘supplies’ (a utility word from Figure 3e) gives more concrete results such as 
images depicting coloured pencils, crayons or paint. The image search results 
themselves can suggest good I-bridges. For example, the image results for travel 
includes an airplane, a map and a compass, suitcases, and a person on the beach.  
  In order to construct a good VIE for the user’s candidate I-sign, we will require a 
large number of relevant images to mine for the most iconic visual representation. In 
our experience with the I-bridge builder we have observed that more specialized 
queries tend to return image sets that are more coherent. For example, the query ‘man’ 
returns a diverse set of images with many depictions, while the image set for ‘police 
man’ is more homogeneous. This reveals a powerful strategy for I-sign learning: Join 
all the image instances obtained with specializations of the target term, obtained 
through our semantic analysis, and then use this collection to build the VIE.  
 In order to get a diverse and comprehensive set of images for a query, we download 
the top 200 results from Google Image Search. We ignore the later results as they tend 
to become much more noisy and unreliable. Instead, to increase the size of our data 
set while maintaining high quality, we translate our queries into 4 other languages and 
collect the top 200 results from each translated term. 

4.2  The VIE-Designer 

Constructing visual equivalents of model-based abstractions requires a semantic 
abstraction of these I-signs, which as mentioned above goes much beyond the image-
based abstraction methods available today. More concretely, we seek a picture of the 
given concept that unifies all of the concept’s known facts, but abstracts away the 
unknown facts. In images, a ‘fact’ is expressed as a visual feature, or a collection of 
features. An image set that bears feature ‘noise’ is a set of images that share some 
features (facts), but also contain a wide selection of other random features (unknown 
facts). We can construct an average or exemplar image for a category by looking for 
features in common across a set of queries. 
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6 Conclusions and Future Work 

In this paper, we presented an approach which can accomplish the goal of finding 
good visual information encodings for concepts we are interested in. This requires the 
integration of many fields – linguistics, vision, computer graphics, and user interfaces, 
with a human in the loop. Our framework has great prospects in the design of clip art 
for various applications, such as taxonomies, book illustrations, and the expressive 
augmentation of graphical node/link diagrams to make these much more engaging and 
informative. In future we plan to fully integrate our framework into a graph drawing 
engine, use abstractions more freely to summarize certain facts and attributes, and use 
compositions for compact visual story telling with context and key players.  
 Given the current status of implementation, we believe that we can deploy our 
interface and backend processes to a wider circle of users, over the web. Such a 
community-driven effort will likely result in much more robust icons, and give further 
insight into personal preferences. We plan to evaluate both usability and performance, 
in a conjoint manner (using the approach in [9])  using three types of experiments – 
determining I-signs given textual concepts, choosing between two I-signs for a textual 
concept, and finally given an I-sign, choosing among two alternative textual concepts.  
 Nevertheless, it goes undisputed that not all concepts have good visual 
representations and encodings. This is particularly true for difficult non-object 
concepts such as ‘worship’. For those concepts that do lend themselves well to visual 
encodings, we believe that the power of our approach is its ability to communicate 
possibly quite subtle differences much more efficiently than textual descriptions.  
Acknowledgement: This research was supported by NSF grants CCF-0702699 and 
CNS-0627447. 
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