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ABSTRACT 
This paper presents Latent Semantic Googling, a variant of 
Landauer’s Latent Semantic Indexing that uses the Google search 
engine to judge the semantic closeness of sets of words and 
phrases. This concept is implemented via Ambient Google, a 
system for augmenting conversations through the classification of 
discussed topics. Ambient Google uses a speech recognition 
engine to generate Google keyphrase queries directly from 
conversations. These queries are used to analyze the semantics of 
the conversation, and infer related topics that have been discussed. 
Conversations are visualized using a spring-model algorithm 
representing common topics. This allows users to browse their 
conversation as a contextual relationship between discussed 
topics, and augment their discussion through the use of related 
websites discovered by Google. An evaluation of Ambient Google 
is presented, discussing user reaction to the system. 

Categories and Subject Descriptors 
H.3 [Information Systems]: Information Storage and Retrieval; 
H.3.3 [Information Storage and Retrieval]: Information Search 
and Retrieval - clustering, relevance feedback; 
H.5 [Information Systems]: Information Interfaces and 
Presentation; 
H.5.2 [Information Interfaces and Presentation]: User 
Interfaces - input devices, natural language evaluation; 

General Terms 
Algorithms, Human Factors 

Keywords 
Speech, Context, Latent Semantic Indexing, Augmented 
Intelligence. 

1. INTRODUCTION 
Current systems for monitoring user context during textual or 
speech communications use simple word extraction, for example, 
to provide the user with documents related to their activities. In 
such applications, verbal input is typically filtered for the purpose 
of extracting keyphrases, which are then used to query for emails, 
text documents, and web sites that may be relevant to the user’s 
current task. However, existing systems have difficulty 

constructing an accurate representation of topical context of 
conversations, resulting in the presentation of documents 
irrelevant to the user’s task. 

In this paper, we present Latent Semantic Googling (LSG), a 
method for understanding the semantic relationships between 
keyphrases extracted from user input. LSG provides a means for 
users to gauge the contextual relationships within a set of words, 
by using the Internet as a data set. LSG is based upon Latent 
Semantic Indexing, a method of extracting higher-level concepts 
from written human language. Latent Semantic Indexing works on 
a static set of documents provided by the user. Instead, LSG uses 
Google, querying up to 8 billion available documents [10]. By 
doing so, LSG offers a unique method of augmenting a user’s 
workflow by a more general context than is provided by simple 
keyword extraction. As such, we believe our method may allow 
for a more accurate representation of the user’s topic focus, and 
thus a more accurate retrieval of documents related to the user’s 
tasks. 

 

2. BACKGROUND 
2.1 Simple Conversation Augmentation 
A considerable body of work exists on the augmentation of textual 
conversations through content analysis tools. 

Cockburn and Thimbleby created Mona; an “email system that 
provides an automatic hypertext representation of conversational 
context” [5]. Mona was an early attempt at classifying 
conversational structure, allowing for email collections to appear 
as related discussions. In Mona, context extraction is done entirely 
without user input, and is accomplished by means of heuristics 
gleaned from standard email headers. The heuristics are based on 
factors such as the names and addresses of the sender and 
recipients, the time the message was sent, and the time it was 
received. Mona combines this knowledge with a record of 
previous communications, and “infers probable relationships” [5] 
between messages. 

A more recent example of email context extraction is Gmail, a 
free email service provided by Google [7]. Gmail provides 
context-relevant advertisements that appear alongside users’ 
messages. Gmail analyzes the content of the current email, which 
is then used to select an appropriate advertisement. The entire 
system is completely automated, thus protecting users' privacy. 
This form of augmentation not only benefits the advertisers, but 
also the users who may find Gmail’s targeted advertisements 
more useful than ones that are randomly selected. Gmail also 
provides a conversation-based approach to viewing emails, as 
opposed to the standard folder-based view. Messages are grouped 
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by context, and when retrieving old emails, the user uses a 
contextual search engine, as opposed to sorting by sender or date. 

A more extensive content analysis tool is Rhodes’ Remembrance 
Agent; a “continuously running automated information retrieval 
system.” Rhodes’ system works by monitoring a user's entry into 
the EMACS text editor, and retrieves related emails, documents, 
and online content. Rhodes found that there is “a large difference 
between relevant suggestions (those that have a strong relation to 
the user’s current context), and useful suggestions.” Items may 
have been semantically related, but either contextually 
unimportant or hopelessly out of date [16]. Rhodes emphasized 
the importance of continuous monitoring, and presenting 
information in the periphery. The Remembrance Agent succeeded 
in its gathering of information, but not in its filtering. 

 

2.2 Conversation Visualization 
Donath designed a number of systems that seek to remedy the 
social problems inherent in computer-assisted communication 
amongst groups. Projects include Visual Who, a system for 
visualizing electronic communities by analyzing user membership 
across several listservers. Visual Who allows users to discern 
people with related interests by looking at clusters formed in a 
window visualizing their interactions. Users can create anchor 
points from a list of listservers, and users who are members are 
pulled toward them by means of a spring model. By using color to 
distinguish social groups (students, professors, etc.) and spring 
strength to discern listserver activity, the visualization helps the 
users understand the data. 

Donath also produced Chat Circles, a system that seeks to emulate 
face-to-face conversation in text-only chats. This is accomplished 
by using circular avatars that users move to clusters of other 
avatars, allowing them to “overhear” each others conversation. 
Conversations in distant clusters cannot be heard, but the clusters 
can still be seen, showing an overview of all potential 
conversations. 

Another related project is People Garden. It visualizes the social 
dynamics of IRC (Internet Relay Chat) discussions. Each user in 
an IRC channel is given a “data portrait” in the form of a flower 
graphic. If a user is active in the discussion, their flower shows 
more petals. The power of PeopleGarden's visual metaphor allows 
for a quick understanding of the dominant voices in an IRC 
channel. 

2.3 Augmented Speech 
Context extraction for speech input allows for systems that can 
monitor discussions and provide assistance in real-time. Jebara et 
al. studied the use of tracking conversational context in machine-
mediated discourse [14]. They designed a system that followed a 
conversation using speech recognition and topic modeling. The 
system used this information to query Usenet archives, acting as a 
third party to the conversation. However, as mediator, such 
machines must have some situational awareness or understand the 
conversational context such that they intelligently assist the 
overall interaction. 

3. IMPLICIT QUERYING 
Implicit Querying is a subset of the field of Augmented 
Intelligence. Augmented Intelligence takes advantage of a 
computer's ability to store and access huge amounts of 

information, saving the user from having to know everything 
about a situation. 

Traditional searches for information on a computer are typically 
performed in the form of an explicit query [6]. By this we mean 
that the user has to manually state the search parameters, such as a 
keyphrase or document location. To do so, the user must stop 
working on her current focus task, switch to a search tool, recall 
and enter a query, and wait for the engine to returns a list of 
structures. If the parameters were incorrect or not specific enough, 
the user must repeat the entry process until the desired file or 
information is discovered. 

Instead, implicit querying allows the user to augment their work 
environment with automatic presentation of documents that are 
relevant to the current task being performed. To achieve this, the 
system tracks the context of the user’s task, and uses this 
information to gather related information in the background. 
Discovered information is presented in the user’s periphery, and is 
easily moved to the foreground of user attention. 

The fundamental concept of Implicit Querying is the notion of 
context-awareness. The system must have knowledge of what the 
user is doing, and what documents relate to that work. This is 
typically accomplished using similarity metrics, algorithms that 
judge word co-occurrence amongst documents. If the similarity 
metric is highly accurate, there is a better chance that the system 
will provide relevant feedback. 

In many ways, Rhodes’ Just-in-time Information Retrieval (JITIR) 
[16] was a predecessor to Czerwinski’s work on implicit querying 
[6], with a similar goal. Rhodes’ system, The Remembrance 
Agent, focused on retrieving the user’s personal files stored on 
their computer. It did so by monitoring the text entered by the user 
into the EMACS text editor and comparing it to a corpus of 
documents such as emails and text files. A subsequent system 
developed by Rhodes, Margin Notes, expanded the JITR project 
to monitor web pages being viewed by the user in order to extract 
situational context. 

Budzik’s Watson [4] was the first system to provide forward-
searching of web pages. Unlike earlier systems, Watson is not 
limited to web pages that have been viewed and bookmarked on 
the user’s system. Watson monitors the user’s word processing 
input, but extends the notion of Information Augmentation by 
expanding the knowledge base to include information that the user 
has never seen. Watson used the Altavista search engine to 
discover related documents on the Internet, providing an 
automated querying tool to the user. 

4. LATENT SEMANTIC INDEXING 
Deerwester et al. [7] conceived of Latent Semantic Indexing (LSI) 
as a method of extracting higher-level concepts from written 
human language. LSI allows a system to reason about semantic 
relationships in text, which can then be used to gauge the context 
of a discussion. 

LSI applies reasoning to the data set by calculating the semantic 
distance between data points. When working with documents, this 
is achieved by looking at the content of each document, 
comparing it with the contents of every other document in the data 
set. The amount of content-overlap between documents results in 
the semantic distance between the two data points. For example, if 
the terms “usability”, “accessibility”, and “GUI” appear together 
in several documents, they are considered semantically close. Had 
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they not appeared together, they would be considered 
semantically distant. In another example, in news stories the terms 
“George W. Bush”, “Elections” and “John Kerry” may all be 
related. However, individuals news stories may contain only one 
or two of these terms. A user who is searching for stories related 
to these topics would have to submit 3 separate queries to cover 
all of the topics. Using LSI, the system would understand that the 
stories are related, due to the fact that those 3 terms appear 
together frequently in other stories. 

This concept of semantic distance is particularly useful when 
querying the entire data set. Standard search engines use a literal 
search; if the user queries for “usability”, only documents 
containing the exact phrase “usability” will be returned. Typically, 
documents with the highest occurrence of the query phrase are 
given a higher relevance ranking. Some search engines support 
stemming, which removes common suffixes of words to allow for 
a broader search for varying forms of the query phrase. However, 
this only saves the user from having to repeatedly search for each 
variant of the root word. 

Search engines that use LSI have the added benefit of returning 
documents that contain words that are semantically close to the 
query phrase, even though the document may not even contain the 
query phrase itself. A query for “usability” would additionally 
return pages that contain the word “accessibility”, because the two 
words are considered semantically close in other documents. This 
allows users to search for related concepts without querying for all 
the terms that may be present. LSI also addresses the problem of 
homonyms (a word that has the same spelling and pronunciation 
as another word but different meanings or derivations) and 
multiple taxonomies for describing word semantics. 

 

4.1 LSI Word Culling 
The general concept behind LSI is the search for word co-
occurrence in large sets of documents. The words that have the 
highest co-occurrence are the ones that contribute the least to the 
content of a sentence, and are in fact the most commonly 
occurring words. These include functional words, conjunctions, 
prepositions, auxiliary verbs and others [21]. These words are 
removed from the data set, leaving only words that relate directly 
to the content of the documents. Yu et al. [21] present a standard 
algorithm for culling extraneous words from the data set 

1. Make a complete list of all the words that appear anywhere 
in the collection. 

2. Discard articles, prepositions, and conjunctions. 
3. Discard common verbs (know, see, do, be). 
4. Discard pronouns. 
5. Discard common adjectives (big, late, high). 
6. Discard frilly words (therefore, thus, however, albeit, etc.) 
7. Discard any words that appear in every document. 
8. Discard any words that appear in only one document. 
The words that are left in the data set are considered to have 
semantic value, which can then be used in the LSI process. The 
resulting data set is known as a Term-Document Matrix. 

 

4.2 Term-Document Matrix  
To calculate the frequency of occurrence scores, the data set is 
arranged into a matrix, with the contents of each document along 
one axis, and the each individual word in the data set along the 
other axis. For each individual word, the system iterates through 
each document and checks if the word appears in its contents. A 
binary flag is inserted at the intersection point of that particular 
row and column, indicating whether or not the word appeared. 
Once this has been repeated for each individual word, the Term-
Document Matrix is complete. 

 

4.3 Singular Value Decomposition 
A further application of LSI is the automated analysis of the term-
document matrix. In order to distill the TDM into reasonable 
amounts of data, we must reduce its scope through the use of 
Singular Value Decomposition (SVD). The general purpose 
behind its use is that it allows us to compress hundreds of 
dimensions into just a handful. This optimal mapping of data 
points from one dimensionality to another compresses the matrix 
into a manageable set of overlapping word occurrences. These 
overlapping word occurrences are what are used to calculate the 
semantic closeness score. By applying SVD, systems can 
aggregate the semantic information to present documents that are 
related to terms that the user may be interested in. 

4.4 Multi-Dimensional Scaling 
LSI output can also be plotted for visual analysis. Once the scores 
for all terms are calculated, the semantic clusters are visualized 
using a multi-dimensional scaling (MDS) process. MDS creates a 
two or three dimensional visual representation of the term-
document matrix. This approach allows for humans to use their 
natural visual pattern recognition ability to detect clusters of 
related terms. All terms in the TDM are initially scattered 
randomly around the visualization space. As the relationship 
scores are calculated, terms are drawn towards each other, 
depending on their semantic closeness. This results in clusters of 
terms, as shown in Figure 1. 

Figure 1 - MDS visualization of news articles [21] 

 
  

 

 

Clusters in the data become apparent, as shown in this example by 
Yu, et al. [21] The data being plotted is a number of Associated 
Press news stories; zooming in the colored clusters shows the 
individual data points to be contextually related. 
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5. Latent Semantic Googling  
In Latent Semantic Googling (LSG), we aimed to overcome two 
problems of LSI: its static corpus and its use of binary occurrence 
scores. Latent Semantic Googling is a variant of LSI that uses the 
web sites indexed by Google to generate its corpus, or data set. 
Since its creation in 1998 [3], Google has evolved to become the 
dominant search engine on the Internet. At the time of writing, 
Google indexes over 4 billion web pages and receives over 200 
million hits per day [10]. As such, we deemed it to be broadest 
possible corpus that our system could draw from.  

5.1 Latent Semantic Googling Algorithm 
Sentences entered into the LSG system are processed in a fashion 
similar to the one mentioned by Yu, et al. Instead of a complex 
English sentence full of redundancy, a processed sentence should 
contain only words that have semantic value. 
After a sentence is processed, it is sent to Google as a query 
string. Google in turn returns a result set containing the top n 
results (n=10 in our initial prototype). For each result in the set, 
the following information is included: 
 The title of the web page. 
 The URL of the web page. 
 A brief summary, or “snippet”, of the web page’s contents. 

 
Google does not return the entire textual content of the pages. 
This content can be retrieved through a URL, but instead the LSG 
implementation relies on the snippet alone to provide a glimpse at 
the page’s content. The advantage of this is that the variance 
between snippet lengths is very small; had we used the entire web 
page content the algorithm would have had to make 
accommodations for the large variability in page length. 
Each time a query is performed, an object is created that contains 
the query data and the result set. The text in these results are 
culled for content-words, and then added to the corpus as they 
arrive. This results in a continually expanding corpus for cross-
referencing query string occurrences. 
After a query is completed and its result added to the corpus, the 
system iterates through each Google result in the corpus and 
counts the number of times that the query string occurs within the 
text of each result. This algorithm is presented in Error! 
Reference source not found.. The result set that was generated 
by that particular query string is not included in the frequency 
count, however, because the system is not interested in how often 
a topic refers to itself, only to other topics. This counting of 
references, instead of merely seeing if it is present or not, is an 
important difference between LSG and LSI. LSI stores a binary 
record of the query strings appearance in the Term-Document 
Matrix, and then performs the term-weighting in a subsequent 
step. LSG combines these two steps so normalization can occur 
continuously. 

 
Figure 2 - Algorithm for calculating LSG scores 

 
 
Once the frequency count for the new query string has completed, 
the system iterates through all previous query strings, and does a 
frequency count for occurrences in the latest addition to the 
corpus. This allows for early entries into the system to cross-
reference later additions to the corpus. 

The primary difference between LSG and LSI at this stage in the 
algorithm is the fact that the Term-Document Matrix (TDM) is 
both created and calculated in real time as the corpus of query 
strings and Google results arrive. Traditional LSI calls for the 
corpus and TDM to be pre-computed, due to the overhead 
required in computing the Singular-Value Decomposition (SVD). 
Our first implementation of LSG, Ambient Google, avoids the 
SVD phase, by allowing the user to select only the particular 
dimensions (individual query strings) that they would like to 
visualize. Because only a handful of the query strings (normally 
between 10 and 20) are typically of interest to the user, the SVD is 
unnecessary in the reduction of dimensionality. Instead, a Multi-
Dimensional Scaling visualization is done by presenting clusters 
relative to multiple anchor points (representing query strings of 
interest to the user) instead of a standard scatter-plot relative to 
one central anchor. 

6. AMBIENT GOOGLE 
Ambient Google [21] is a first implementation of the LSG concept 
that aims to augment conversations with automated Google 
queries. Ambient Google uses a speech recognition engine to 
generate keyphrase queries directly from conversations between 
users. By extracting keyphrases rather than requiring perfect 
transcriptions, Ambient Google overcomes typical accuracy 
constraints of speech recognition systems. 
The system uses extracted keyphrases as Google query strings. 
The information returned from the Google query is used to create 
a knowledge base to analyze the structural semantics and 
pragmatics of the speech input, using the Latent Semantic 
Googling algorithm. 
As an implementation of LSG, Ambient Google seeks to visualize 
the contextual relationships between topics uttered by the user. 
This is accomplished by means of a two-dimensional visualization 
(Figure 3), in which users can create anchors from previously 
discussed topics. When a user has created two or more anchors, 
the other topics discussed in the conversation are placed in the 
visualization field, in respect to how they contextually relate to 
the anchors. If a topic frequently occurs in an anchor's Google 
results, the topic will be placed near to that anchor, because they 
are semantically close. The user is free to add and remove anchors 
at will, or move them around the visualization to better understand 
the patterns expressed in the data. 

Figure 3 - Ambient Google interface 
 

 

147



6.1 Speech Input 
Speech is entered into the Ambient Google system through a 
simple lapel microphone. Because Ambient Google is only 
interested in the general terms being discussed, the accuracy of 
recognition need not be very high. Keyphrases are extracted 
through the use of the following algorithm.  

6.1.1 Keyphrase Extraction 
Ambient Google uses a grammatical parsing system for extracting 
keyphrases. Grammatical text parsers work by using the 
grammatical structure of a sentence to create a parse tree of its 
components. From this, contextually-relevant information can be 
extracted, such as noun or verb phrases. The grammatical 
extractor used in Ambient Google is the Link Parser API, 
developed at Carnegie-Mellon University [18]. The Link Parser 
API is robust enough to handle all but the most incoherent of 
sentences. While it would be optimal on perfectly formatted text, 
it served well enough to work as the basis for our system. 

The use of a speech parser was initially motivated by work by 
Barker et al. [2] on the use of noun-phrases for document keyword 
extraction. Through evaluation of their own system, they found 
that “…the simple noun phrase-based system performs roughly as 
well as a state-of-the-art, corpus-trained keyphrase extractor…”  
Although they were discussing their own system, it is accepted 
that the Link Parser system is an equally robust implementation of 
similar techniques. While our system uses continuous dictation for 
judging word boundaries, it uses discrete dictation for judging 
sentence boundaries. Simple heuristics are used to determine 
sentence breaks; if no recognition event occurs for 1.5 seconds, it 
is deemed to be the end of a sentence [17]. We adapted the Link 
Parser algorithm to return only noun-phrases. When the noun-
phrase contains more than one word, the sub-phrase is 
automatically surrounded by quotation marks by the link parser. 
When a query is submitted to Google, this summons the words to 
appear alongside one another, thus increasing the accuracy of the 
search [11]. 

Voice input is processed by a C# application through the 
Microsoft Speech API v.5.1 (SAPI) [15]. SAPI is a free, closed-
source API that allows Microsoft Windows developers to 
incorporate speech functionality into their applications. Our 
speech recognition engine functions at a rate that is consistent 
with other engines that we have tested, including IBM ViaVoice 
[13] and Dragon NaturallySpeaking [20]. 

6.2 Google Querying 
Google offers a free API [9] for accessing its database. The API 
uses SOAP (Simple Object Access Protocol) and WSDL (Web 
Service Definition Language) standards to allow an easy and 
efficient method for performing queries. We used this API to 
access Google’s database. 

As mentioned in our discussion of the LSG algorithm, the Google 
query results are stored and processed in an object-oriented data 
structure that allows for a constantly changing corpus. When a 
query result is returned to our system, the context-relevant words 
are culled, and the results are added to the corpus with its 
corresponding query string as its key. 

6.3 Interacting With Ambient Google 
As spoken sentences are recognized and processed into topic 
keyphrases, they are added to a list on the edge of the Ambient 

Google window. The keyphrases are listed in chronological order, 
allowing for simple recall of a conversation’s progress. 

If the user is interested in topic A, and would like to see what 
other aspects of their conversation relate to it, she simply drags 
the topic from the list and drops it in the visualization area. Upon 
doing so, a new anchor is created in the visualization. Once two 
or more anchors are placed, all other topics that have been 
discussed begin to place themselves in the visualization, relative 
to the anchors that have been created. 

6.4 Applying the LSG Algorithm 
The Latent Semantic Googling score is calculated for each anchor 
relative to every topic. Initial implementations calculated the 
score for all topics relative to every other topic, but this proved to 
be both inefficient and unnecessary. By running the LSG 
algorithm only when an anchor is initially created and when a new 
topic is added, the system saves computational overhead. 

6.5 Contextual Anchor Placement 
With multiple anchors in the visualization, Ambient Google must 
decide where to place each topic relative to each anchor. This is 
accomplished by Ambient Google’s version of multi-dimensional 
scaling, known as contextual anchor placement. 

If a topic is deemed by Ambient Google to be semantically-close 
to topic A, then it will appear near to A’s anchor in the 
visualization. If it is completely unrelated to A, or semantically-
distant, it will appear farther away from A’s anchor. Placement of 
topics relative to the anchors is calculated through a weighting 
scheme derived from the topics’ LSG scores (Figure 4). The 
distance from an anchor to the center of mass for all anchors 
represents the line upon which a topic’s position is calculated. The 
system sums the position for all anchors, and then divides by the 
number of anchors. The resulting co-ordinates determine the final 
position for the topic. 

Figure 4 - Algorithm for topic placement 

 
 

We initially considered normalizing the scores of all topics, but 
this would have presented some scaling issues. Instead, all topic 
scores are rated from a minimum score of 0 (no occurrences in an 
anchor’s Google results) to a maximum of 5 (5 or more 
occurrences in an anchor’s Google results). In the rare occurrence 
of a very high score, this technique stops the score from 
overwhelming the positional scaling of the more common low 
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scores. Figure 5 and Figure 6 demonstrate how the addition of a 
new anchor affects the placement of topics. 

Figure 5 - Contextual grouping with 2 anchors 

 
Figure 6 - Contextual grouping with 3 anchors 

 
This method of topic placement creates a spring-mass system, 
allowing for the movement of anchors with instant feedback by 
the related topics. 

6.6 Access to Google Results 
Ambient Google further augments conversations by giving the 
user access to the automated Google query results. Googling in 

mid-conversation is becoming more common. However, breaking 
from the conversation to perform a query requires the user to 
switch context. Ambient Google prevents this by automatically 
performing the topic queries for the user. 

Each topic has a subset of Google query results associated with it. 
To access this Google information, we incorporated a drill-down 
approach [19]. When the user enters a topic cluster with his mouse 
cursor, a contextual menu appears that contains the Google 
summaries of relevant websites. Selection of the summary in the 
menu causes the corresponding page to be loaded in an external 
web browser. By continuously working in the user’s periphery, 
Ambient Google allows the user to continue his primary task, yet 
consult an interface seamlessly and without disruption of focus. 

6.7 User Evaluation & Future Directions 
User evaluations were performed to understand the 

effectiveness of Ambient Google. The participants consisted of 
four males and two females, aged between 24 and 29. All 
participants rated their computer literacy as above average to high. 
Each participant engaged in a short dialogue with the test 
coordinator. The participant wore a headset microphone, which 
was connected to Ambient Google; the coordinator did not wear a 
microphone. The speech recognition was not specifically trained 
for each individual user. To obtain a standardized set of results, 
the coordinator prompted the participant to discuss a series of five 
topics: baseball, hockey, American elections, Switzerland, and 
beer. Having pre-defined topics avoided the common problem of 
participants freeze up when asked to speak on a topic of their 
choosing. After completing the dialogue and Ambient Google 
interaction, each participant was asked to rate the following 9 
statements, using a 5-point Likert scale. 

1. The system accurately recognized my speech 

2. The system produced proper Google queries from 
speech input 

3. The system kept up with my conversations 

4. Topics related by meaning appeared close to each other 

5. When I moved topic anchors around, topic groupings 
responded as I expected 

6. It was easy to find the topic clusters 

7. The system did not interfere with my conversations 

8. It was easy to access suggested websites from the 
system 

9. I would use this system for my daily tasks 

The null hypothesis for our experiment was that for each 
statement, test subjects did not have a positive, neutral or negative 
attitude to the statement. This was rejected for three of the 
statements (speed of response, meaningfulness of topics 
clustering, and ease of access to suggested URLs) with χ2> 7, p < 
.05. Median rank scores were 3 for recognition accuracy; 3.5 for 
quality of Google queries; 4.5 for speed of response; 4 for 
meaningfulness of topics clustering; 1.5 for interference with 
conversations; 4 for ease of access to suggested URLs. All 
participants complained about the speech recognition accuracy, 
which was expected, given the current state of SR. Transcription 
accuracy could be improved with extended training for each user. 
Clustering accuracy was deemed to be appropriate, especially 
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given the poor input. While the clusters moved and responded as 
the users anticipated, there were complaints regarding the overlap 
of topic labels in the visualization.  

All users agreed that Ambient Google in some shape or form 
would be useful for daily interactions, but was hampered by the 
speech recognition problems. 

7. CONCLUSION 
We have presented Latent Semantic Googling, a novel 

approach to classifying speech context using the Google search 
engine as a semantic corpus. By applying the context given to 
words by Google, LSG allows for insight into the semantic 
relationship between words and phrases beyond simple searching. 
By updates the corpus of terms, we allow for the use of LSG in 
augmenting user input as it appears, instead of having to 
continually compile our corpus. We evaluated the use of Ambient 
Google as a means of augmenting conversation through use of a 
qualitative user study. This evaluation has demonstrated the 
potential and need for a system to help users overcome the 
information overload that is present in a technological society.  
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