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Preface 

Multimodal interaction constitutes a key technology for intelligent user interfaces (IUI). The 

possibility to control devices and applications in a natural way enables an easier access to complex 

functionality as well as infotainment contents. In recent years, the complexity of on-board and 

accessory devices, infotainment services, and driver assistance systems in cars has experienced an 

enormous increase. This development emphasizes the need for new concepts for advanced human-

machine interfaces that support the seamless, intuitive and efficient use of this large variety of 

devices and services.  

A modern car already implements hundreds of functions that a user can interact with, in some cases 

deployed over almost a hundred embedded platforms. These numbers will even grow for the next 

generation of high-class vehicles. The growing number of electronic devices integrated into cars also 

affects the creation of the user interface. The built-in electronic control units are able to provide 

valuable context information, which needs to be considered for an intelligent management of 

multimodal interaction inside the car. Sensor information like e.g. vehicle speed, location (using GPS 

plus gyroscope and accelerometer for greater reliability), outside temperature, etc., allows drawing 

conclusions about the current driving situation. Furthermore, dialog management needs to keep 

track of state changes of operating elements like control switches. Access to vehicle functions is also 

essential in order to initiate desired operations. 

The goal of this workshop is to present, discuss, and outline context-aware multimodal interfaces for 

drivers and car passengers. The ultimate goal of this workshop is to unify innovative concepts that 

aim towards a new dimension of ease of use. 

The topics of the workshop with a strong focus on automotive or traffic applications are: 

 speech interfaces for in-car use 

 multimodal interaction 

 novel multimedia interfaces and in-car entertainment 

 user interface issues for assistive functionality 

 audio-visual information and entertainment 

 information fusion and fission 

 can bus architectures 

 experimental platforms and simulation solutions 

 user centered design applications 

 multi-party interaction concepts 

 integrated hardware solutions 

 car2car and car2X communication 

 approaches for the evaluation of novel car user interfaces 

 user interfaces for navigation systems 

 detection and estimation of user intentions 

 novel interactive car applications 

 interactive applications for drivers and passengers 

 model-driven user interface development 
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In the next sections, we detail how we extract information 

from the web. Then we explain our design and interaction 

decisions for our solution prototype. This is followed by the 

result analysis of the prototype’s heuristics evaluation and 

finally. We conclude with our final remarks and talk about 

future work. 

CREATING CUSTOMIZED IE SOLUTIONS 

There are different approaches to extract information from 

the web without the use of complex natural language 

parsers. Different algorithms use different features to 

extract the information. Generally, we find three different 

classes of approach that use: number of results found for a 

given query [9]; lexico-syntactic patterns [5,6]; and word 

co-occurrence [8]. Next we’ll see how we can use these 

different classes together to create customized IE tools. 

Selected Information Extraction approaches 

The number of results can be used as a way to identify the 

popularity of one or more concepts on the Internet, and also 

to measure the validity of extracted data. For example, if 

“fishing water” has more results than “fishing wall” then 

fishing is probably more related to water than to a wall.  

By using lexico-syntactic patterns like C{,} “such as ” 

IList, where C is a concept and IList is a list of instances 

from that concept, it is possible to generate special queries 

to use in search engines that will be able to map concepts to 

instances or instances to concepts.  

Recent works have been created to prove the validity of 

using term co-occurrence to do opinion mining [7,8]. With 

the rise of micro-blogging usage, it is now possible to more 

easily extract the general Internet opinion of a given 

concept by looking at what words co-occur with that 

concept. 

Putting It All Together 

Each one of these approaches is a way to extract a different 

type of information, so it would be good if we could use 

them together or alone, depending on what we want to 

extract. We can think of each one of these as a different 

search module. If we would like to extract a list of cities 

and then check their popularity online, instead of manually 

executing two different searches it would be good to create 

a single search query for the whole extraction. 

Because these modules are domain independent it’s a 

matter of defining a way to direct a module’s output to 

others input. In order to do this we can standardize all the 

three modules’ main input as a single query parameter and 

their output (result set) as a table (Figure 1), were the rows 

represent the different extracted information and the 

columns represent the extracted information (primary 

column) and some auxiliary attributes of the extraction. 

Looking at only the primary column of a result set we get a 

list of results which can be iterated by another search 

module as its input parameter. This way it is possible to 

easily create multi-level search queries. Figure 1 also shows 

a result of a multi-level search. 

A prototype library was implemented with these 

capabilities and also the possibility to customize each 

search parameters (thresholds, search engine, etc.). Several 

search engines can be used, including social networks. A 

modular approach was used to create this library in order 

for it to be easily expansible with new search engines, IE 

algorithms, or simple web service APIs. Also, since some 

IE modules need to sometimes perform thousands of search 

queries, a cache system was developed to make the searches 

faster when possible. The direct use of this library still 

requires programming skills. Hence, we developed a 

special-purpose interface, Metabrain, which allows even 

non-programmers to perform IE and visualization tasks in a 

more natural way. 

METABRAIN PROTOTYPE 

With the library complete, we started looking into how we 

could create a GUI simple enough to allow regular Internet 

users to interact with it, without neglecting all the advanced 

options required by expert users. With this in mind, we 

decided to use HTML and Javascript, in order to create a 

very dynamic interface with standards-compliant 

technology. Also, it is easy to connect with our Python 

library. We want not only the users to extract information 

but also for them to create meaningful visualizations of the 

raw data. All these visualizations were implemented using 

the Protovis framework [4]. 

Data Set Creation 

Since the use of IE tools may not be common to most users, 

our efforts were to simplify every possible step of the 

extraction process, without disregarding the needs of 

advanced users. By default all customization options are 

hidden, although easy to access, and preset to a default 

value. This way the only thing needed is for the users to 

select what they want to extract. They can choose, and at 

any time change, between the different available extraction 

modules. These modules allow for the same type of IE 

previously discussed plus easy access to public API 

services, such as location to geographic coordinates and 

search engine suggestions. Each module is accompanied by 

a quick description of its purpose and a series of possible 

input examples with explanations.  

The design philosophy we follow is to only show relevant 

information in the interface so, by default, there is only one 

input section visible to the user. This reduces the visual 

noise needed to complete his task. For a simple one level IE 

 

Figure 1. Left: result set for an extraction of city instances. 

Each row represents an extracted city, which is presented 

on the Extracted column, the table’s primary column; 

Right: result set for the number of results found for the 

different cities extracted on the left table. 
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includes prepositions and does not attempt to find a picture 
for the main event. As mentioned earlier, it is not clear from 
the description how they represent hard-to-depict events. It 
might have worked in their simple domain; however, they 
explained they only find pictures for easy-to-depict words.  
Many events can be missed as part of the filtering process. 
ROC-MMS makes appropriate trade-offs that enable it to 
create MMS diagrams for arbitrary text, even text that 
includes complex sentences. 

One example output from our system is given below:  

 
Figure 8: Multimodal summary (MMS) of the sentence, 

“French fur traders established outposts of New France around 
the Great Lakes; France eventually claimed much of the North 

American interior, down to the Gulf of Mexico.” 

Some sentences do not contain prepositions (or the they 
may not be correctly extracted). In such cases, we show 
only the event, subject and object, as shown below.  

 
Figure 9: MMS of the sentence, “The Carolingian dynasty ruled 
France until 987, when Hugh Capet, Duke of France and Count 

of Paris, was crowned King of France.” 

For sentences lacking an object, we merge the event text 
with the subject text and show it in subject text field. In the 
following example, died (event) is merged with the Charles 
IV (subject).  

 
Figure 10: MMS of the sentence, “Charles IV ( The Fair ) died 

without an heir in 1328 .” 
EVALUATION 
Illustrating a sentence with a diagram of pictures and text is 
difficult; evaluating how good a diagram is may be even 

harder because it is very subjective. In this evaluation 
section, we first evaluate the subtasks of our multimodal 
summarization system in isolation. We then evaluate how 
well our representation retains the overall information of 
the overall sentence. All our evaluations are done on 44 
sentences drawn from Wikipedia article on United States 
and France.  

Identifying the Main Event and Related Entities 
We trained our main event identification classifier on 
TempEval-2 training data and tested it with 10 cross 
validation. Our performance for main event identification 
was around 77.94% (fscore). The baseline of choosing the 
first verbal event as the main event achieves around 59.64% 
on the TempEval domain. We ported that system on the 
Wikipedia domain and evaluated considering each 
annotator as gold standard. We calculated precision and 
recall for both cases, the performance is reported in Table 1.  

Metric Performance 

Precision 79.10% 

Recall 73.11% 

Fscore 75.98% 
Table 1. Main event identification performance 

We extract entities by first traversing the nn (noun 
compound modifier) and amod (adjectival modifier) 
dependencies of the dependency tree. If that entity results in 
a good picture (the matching score is above threshold), we 
keep it; otherwise we traverse through all dependencies of 
the event, resulting in a phrase. Our extracted entities often 
don’t exact match with the annotator’s entity but may 
partially12 match with them. We report the average 
performance (considering both annotators) of our system on 
entity extraction in Table 2. We only consider cases in 
which our system and the annotators identified the same 
main event. 

Metric Performance 

Average strict precision 29.29% 

Average strict recall 31.64% 

Average relaxed precision 76.76% 

Average relaxed recall 83.82% 
Table 2. Entity extraction performance 

Extracting Pictures 
For evaluating how well our system extracts pictures, we 
compared our system output to extractions by two human 
annotators. We consider cases where our system and the 
annotater, with relaxed matching, identified the same main 
event and same entities and both extracted an image. In 
                                                             
12 Either our entity is substring of annotator’s entity, or vice versa. 
Relaxed matching is partial matching.  
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Table 3, we show the percentage of cases when both 
systems extracted an image, given that both systems 
extracted the same entity. Not all extracted entities have a 
picture because human annotators sometimes didn’t extract 
the picture because they thought some concepts couldn’t be 
illustrated with a picture and sometimes thought there were 
no suitable pictures in Wikipedia to represent that entity. 
We also didn’t suggest a picture for entities if no picture 
was found with a score above threshold. We compared 
between two annotators and show the average system 
performance. We can see that our system has a very similar 
performance compared to performance between each 
annotators.  

Evaluation Both entity 
got Image 

Annotator1 vs Annotator2 66.66% 

Average of Annotators vs System 65.47% 
Table 3. Performance of Image Extraction 

On these selected matching pictures, we compare our 
extracted image with the images extracted by the 
annotators. We classify our output into Same Image (if both 
the system and annotators extracted the same image), 
Different Image but acceptable (e.g. for France, one 
extracted the French flag and the other extracted a map of 
France) and finally Bad Image by our system (this category 
is the category of images that we think are not acceptable, 
i.e. wrong representation of the text). A judge, another 
graduate student - who was not an annotator or an author, 
performed this classification.  

Evaluation Ann 1 vs 
Ann 2 

Ann vs System 
(Average) 

Exact same image 47.05% 21.51% 

Different image, but 
acceptable 52.95% 44.15% 

Different and bad image  34.34% 
Table 4.  Performance on quality of our extracted images  

We can see that our system extracts decent pictures around 
65% of the time.  

How well our structure with simple compressed text 
helps to understand text better 
In the previous subsections, we showed our performance in 
the different subtasks, which eventually propagates to the 
final performance; but overall how well does our system 
generate diagrams that convey the message of the content to 
the users? Does automatic illustration really help text 
comprehension? Do human-generated illustrations help for 
text comprehension? An illustration without text is unlikely 
to be useful if the domain is new to the reader because the 
reader won’t be able to interpret the pictures in the first 
place. That’s why MMS diagrams include simple 

compressed text and the simple structure along with the 
event, subject, object, and prepositions. 

In this section, we motivate MMS over picture-only 
diagrams by showing that users get a better understanding 
from the MMS diagrams generated by ROC-MMS than 
they do for diagrams containing only pictures, even when 
human annotators have identified the pictures.  

For this evaluation, we recruited participants on Amazon 
Mechanical Turk13. In the task shown to participants, we 
show our system generated MMS diagram and ask the 
turkers to explain the diagram in English text. Participants 
were also given the option of saying that they “Can’t 
explain the diagram.” One example is shown in Figure 11.  

 
Figure 11: ROC-MMS generated diagram for “Gaul was 

conquered by Rome under Julius Caesar in the 1st centiry BC” 

Next we created the diagram using entities and pictures 
selected by human annotators (representing a gold 
standard), but we didn’t add the structural layout or text like 
our MMS diagram. Influenced by Mihalcea and Leong [3], 
our baseline ordered the picture of the entities in the order 
of the sentence. For example, for the sentence, “Gaul was 
conquered by Rome under Julius Caesar in the 1st century 
BC”, we created the diagram with first picture for Gaul 
then event conquered (in text), then picture for Rome and 
finally Julius Caesar. The annotators thought 1st century BC 
was hard to illustrate, and so did not find a picture for it. 
We asked our annotators not to find pictures for events, 
since we are not going to represent events with pictures and 
added the text for events instead in annotator’s diagram. 
One example diagram is shown in Figure 12.  

 
Figure 12: Diagram using human identified entities and 

pictures for “Gaul was conquered by Rome under Julius Caesar 
in the 1st century BC” 

Although the pictures are accurate, it is quite difficult to 
find the meaning of this diagram. We see two maps; many 

                                                             
13  Mechanical Turk website: www.mturk.com. For this task, we 
paid $0.01 for explaining the diagram with text. For each sentence, 
we collected responses from10 unique workers.  
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people might not understand which country or place is this. 
Even if they were to somehow interpret first one as Gaul 
and the second as Rome, they will read it wrong as Gaul 
conquered Rome, because it is linearly ordered, instead of 
using subject, event, object structure like ours. On the 
contrary, our diagram for the same example, failed to get a 
good representative picture for Rome and the Stanford 
parser failed to find that 1st century BC is also related to the 
event conquered, but with structure and text, many people 
were able to understand the content and produced 
something very similar to the original summary text.  

Participants provided explanations of the diagrams (both 
those generated by our system and those of the two 
annotators) in English text from 10 different turkers for 
each sentence. We used Rouge [27], the automatic 
evaluation toolkit for summarization, to test how well their 
explanations retained the information of the original 
sentence’s summary. We generate the reference summaries 
using annotators’ identified entities and events and ordered 
them linearly like the diagram. For the example given 
above, our annotator’s reference sentence summary was 
“Gaul conquered Rome Julius Caesar 1st century BC”.  

These reference summary sentences are not grammatical 
and only consisted of the main event and the important 
entities. The Rouge evaluation handles this well because it 
is based on ngram matching and does not consider the 
grammaticality of sentences. For each system, we get the 
average Rouge score for each sentence (averaging over 10 
turker’s score) and then average over all sentences. We also 
average the two annotators’ score and report the average 
annotator Rouge score.  

In reporting our performance, we report both Rouge-1 and 
Rouge-L, since Rouge-114 and Rouge-L perform very well 
in evaluating very short summaries (head-line like 
summaries) [27]. In reporting our results, we are reporting 
precision (P), recall (R) and Fscore (F).  

Evaluation Rouge-1 Rouge-L 

0.0892482 (F) 0.08451066 (F) 

0.0680995 (R) 0.0635695 (R) 
Explanation of 
Annotators’ diagrams 

0.1294495 (P) 0.1260265 (P) 

0.2405093 (F) 0.21649513 (F) 

0.26668 (R) 0.23619 (R)  
Explanation of the 
ROC-MMS diagrams  

0.2190162 (P) 0.199832 (P) 
Table 5. Rouge-1 and Rouge-L for explanation of annotators 

diagram (average) and our system diagram 

The results match our intuition that participants didn’t do a 
very good job explaining the diagram with a sentence when 
they are provided with only pictures – even though human 
                                                             
14 Rouge-1 is based on unigram and Rouge-L is based on longest 
common subsequence. 

annotators selected these pictures. On the other hand, our 
system, despite the possibility of cascading errors from 
parsing, main event identification, entity extraction and 
identifying appropriate picture, did a lot better. 

Although the inclusion of text gave the MMS diagrams a bit 
of an advantage in the Rouge score measurement because it 
is based on ngrams, it suggests that ROC-MMS is able to 
accurately identify the main concepts of the sentences and 
create pictures that are reasonable. More broadly, this 
evaluation shows the advantage of adding even minimal 
text, as many participants’ were largely unable to produce 
accurate descriptions of the diagrams containing only 
pictures. Surprisingly, few participants simply wrote the 
text contained within the MMS diagrams, suggesting that 
the evaluation was more nuanced. 

We believe that MMS diagrams will eventually be helpful 
for people who have trouble reading and understanding 
complex text and may help capable readers more easily 
skim documents. The end goal of MMS will be its ability to 
improve reading comprehension; ROC-MMS represents an 
important step in this direction. 

FUTURE WORK 
We evaluated ROC-MMS in the Wikipedia to show that 
multimodal summarization can be applied to complex text 
in order to generate diagrams that combine text, pictures, 
and structure. These evaluations have shown the promise of 
creating MMS diagrams completely automatically for 
arbitrary text, and suggest numerous future research 
opportunities. 

First, our system currently relies partly on Wikipedia. An 
obvious extension would be to explore its performance in 
raw text, and adapt its modules to handle more general 
resources. The TRIPS parser used in ROC-MMS, already 
identifies named entities, which may be able to use to find 
better pictures for specific kind of entities, e.g., for people - 
we might search for portrait, for country – a flag or map.  

Multimodal summarization is in the middle of two 
extremes. One would be to consider all events, instead of 
main events, i.e. represent everything with pictures and text. 
This may be useful for people who have trouble reading and 
want to get as much information in multimodal 
representation as possible. The other extreme is applying 
the summarization to pick the important sentences first and 
then apply multimodal summarization only on the selected 
sentences. In this way, it will represent the important 
sentences and only the important information in those 
sentences. This could be very useful for capable readers to 
skim through articles. Exploring the relative benefits along 
this dimension could better characterize their potential.  

We simplified the problem of illustration by not 
representing events with pictures because events are usually 
hard to depict. Future work may try to illustrate events by 
more intelligently searching for events along with the 
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subject and object. We also want to extend the proposed 
multimodal summarization by adding speech modality [15].  

Finally, we want to extend our evaluation to look at how 
MMS (and other summary techniques) improve reading 
comprehension for the target groups who motivated this 
work – specifically people who have difficulty reading. 

CONCLUSION 
In this paper, we approached the problem of visualizing text 
as multimodal summarization. To create MMS diagrams, 
we automatically summarize text by extracting simple 
sentence structures (subject – who did it, event – what 
happened, object – to whom, preposition – how) and 
illustrate the text with pictures and compressed text 
together. Our evaluation showed that we achieve good 
performance on all of the subtasks required to create MMS 
diagrams, and that the MMS diagrams generated by ROC-
MMS were easier to understand than human illustrations 
with pictures alone. Our implementation and evaluation 
leveraged the Wikipedia domain, but the approach 
embodied in ROC-MMS can be generally extended to 
unrestricted text. 
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