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Abstract

This paper presents EmailValet, asystem that learns users' email-
reading preferences on email-capable wireless platforms — specif-
ically, on two-way pagers with small "qwerty” keyboards and an
8-line 30-character display. In use by the authors for about three
months, it has gathered data on email-reading preferences over more
than 8900 email messages received by the authors during this pe-
riod. The paper presents results comparing the ability of different
learning methods to form models that can predict whether a given
message should be forwarded to the user’s wireless device. Our re-
sults show that the best performance of one method, over arange of
established learning methods devel oped on the information retrieval
and machinelearning communities, wasableto achieve abreak-even
point of over 53% for one user that had received over 5000 messages.
We aso find that, in general, all methods are able to achieve better
performance than what would be achieved by a baseline of simply
forwarding all messages to the wireless device, and that many meth-
ods are able to find procedures that, although they forward only a
small fraction of the messages that auser would want, achieve 100%
precision on those messages that it does actually choose to forward.

1 Introduction

Imagine that while commuting home you receive an email
message on your pager from your spouse asking you to pick
up somemilk onyour way home. Comparethiswith commut-
ing home and receiving an email message on your pager from
acoworker with amonthly reminder to use the recycle bins at
work. One of these messages would likely be relevant to you
at that particular point in time, while the other would not be.
It would be nice if we could automatically decide which mes-
sagesto send to the pager in such away that the first message
would be forwarded and the second one would not. Further-
more, we would like such forwarding to take placein atrans-
parent fashion for the people sending and receiving the email.
For example, it would be desirable to have a single, central-
ized email address to which email would be sent, and some
software agent residing at that location could then forward
each messageto wherethereceiver would liketo read it, elim-
inating the need for both receiver or sender to figure out where
to read a message from or send a message to. ldedlly, this
agent would work in away much akin to a secretary, knowing
where the user is and knowing which messages to forward to
where. Thus, for example, if the user had a pamtop device
with awireless data service, apager, acomputer at home, and
a desktop at work, the agent would need to decide where a
message should be delivered, based on a number of factors,
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such as what the message is about, and when and where the
user would want to read this message. Obviously different
people would have different preferenceseven in identical cir-
cumstances, so the agent must tailor itself the user’s email-
reading preferences. We call such an agent an EmailValet, in
that it provides“valet”-likefunctionality to help usersmanage
email.

In this paper, describing work in progress, we discuss afirst
instance of such an EmailValet. More specifically, this Email-
Valet interacts with its user through a two-way pager that can
both receive alpha-numeric pages sent to the pager’s email
address, and send messages composed on the device's small
“gwerty” keyboard. The EmailValet triesto learn which mes-
sages to forward to the pager by “looking over the shoulder”
of the user, keeping track of user actions as email messages
are sent and received. The end goal for this type of system
would be for the EmailValet to eventually take over and only
take the actions that the user would want, such as only for-
warding those messagesthat it knowsthe user would want for-
warded to the pager. This paper presents experimental stud-
ies on the ability of arange of learning approaches to learn
from the history of interactions the authors have taken with
the EmailVValet over a period of three months. One key ques-
tion we ask isthe extent to which non-content information (for
example, the time-stamp of a message, as opposed to its text
body) canimprovelearning. Thus, for example, if you are sit-
tinginfront of your desktop (probably during normal business
hours), you are less likely to want a message on your pager,
and more likely to want it sent to your desktop. Conversely,
if you haveleft work, you might be morelikely to want anim-
portant message sent to your pager than have it wait on your
desktop for reading thefollowing businessday. Thisisincon-
trast to much of the existing work on email filtering, which fo-
cuses on thetext content of email. Althoughthe EmailValetis
currently being used to send and receive email, this paper dis-
cusses an “offling” analysis of arange of learning approaches
on the email-processing actions of the three authorsover ape-
riod of three months use of the EmailValet.

In the remainder of this paper we first describe the archi-
tecture of our EmailValetin more detail, followed by adiscus-
sion of the experimental design for our study. We then present
our main results, in which we compare the performance of a
range of established methods from the machine learning and
information retrieval community, including the Naive Bayes,
TFIDF, and Ripper learning methods. In the best case, we are



able to achieve a break-even® point of 53%. We also present
some more detailed analyses of the various methods, includ-
ing how different ways of encoding the email for the learner
affect learning performance. We conclude the paper with a
discussion of future work and final remarks.

2 EmailValet Architecture

Our EmailValet is based on two-way paging devices
available from BellSouth Wireless Data Services
(www.bellsouthwd.com/ips). The equipment used by all
three authors were RIM Inter@ctive Pagers, whose func-
tionality through the BellSouth Wireless services includes
sending and recelving text messages both through Bell-
South’s proprietary interactive paging®™ network, as well as
to and from arbitrary internet email addresses.

Through the BellSouth interactive paging®™ service these
devices each have a unique email address. Rather than hav-
ing email senders address these devices directly, we instead
maintain our Rutgers email account as the central location to
which email issent. However, we created an agent, the Email-
Valet, at the Rutgersmailserver that filtersall of therecipient’s
email transparently to both the message's sender and receiver.
The headersof all received messages are then passed on to the
user’s pager, with the headers modified so that any reply from
the device goes back to the agent (i.e., to the user’s own email
address) rather than directly to the original message sender.
Upon recei pt of the message headers at the pager, the user can
then reply, requesting (among other options) the full text of
the message from the EmailValet, again with the “reply-to”
field reset to the user's own EmailValet agent. Upon receipt
of the full message the user can then reply to the email, with
the reply actually going to the EmailValet. The EmailValet
then “repackages’ any outgoing email to appear to be from
the user’s Rutgers account and sends it to the intended email
recipient. The Rutgers EmailValet has been in constant use
through this interface by the three authors for roughly three
months, representing over 8900 messages received by the au-
thors.

3 Experimental Methodology

This paper presents the results of arange of learning methods
on data obtained from the authors” use of the EmailValet over
athreemonth period. Thissection presentsthedifferentlearn-
ing algorithms used, the encoding of the datafor the learners,
and the evaluation methodol ogy.

3.1 LearningAlgorithms

Our experiments concern the use of five different learning
algorithms often used for text categorization: Naive Bayes
[Mitchell, 1997], TFIDF, Probabilistic TFIDF [Joachims,
1997], Ripper [Cohen, 1995; 1996], and Winnow [Little-
stone, 1988; Blum, 1997]. We used publicly available ver-
sions of the first four systems (Rainbow [McCallum, 1996]
for the first three, and the version of Ripper available from

1As will be discussed later, this metric, commonly used in the
information retrieval literature, says that 53% of all messages that
should be forwarded do get forwarded, and that 53% of all messages
that were forwarded were from the set of messages that should have
been forwarded.

www.research.att.com/~ wcohen). We used our own imple-
mentation of Winnow.

The Naive Bayes classifier uses Bayes' ruleto estimate the
probability of each category for a given document, based on
the prior probability of a category occurring, and the condi-
tional probabilitiesof particul ar wordsoccuringin adocument
given that it belongsto a category, assuming that these prob-
abilities are conditionally independent. Joachims[1997] and
Mitchell [1997] give further details on the use this algorithm
for text categorization.

The TFIDF (“Term Frequency times Inverse Document
Frequency”) classifier [Joachims, 1997] is based on the rel-
evance feedback algorithm by Rocchio [1971] using vector
space retrieval model [Salton, 1991]. This algorithm repre-
sents documents as vectors so that documents with similar
content have similar vectors. Each component of such avec-
tor corresponds to a term in the document, typically a word.
The weight of each component is computed using the TFIDF
weighting scheme, which tries to reward words that occur
many times but in few documents. In the learning phase, a
prototypevector isformedfor each classfromthe positiveand
negative examples of that class. To classify a new document
d, the cosines of the prototype vectorswith the corresponding
document vector are calculated for each class. d isassignedto
the class with which its document vector has the highest co-
sine.

The Probabilistic TFIDF classifier [Joachims, 1997] is a
probabilistic version of the TFIDF classifier, based on esti-
mation of the probability of a category C' given document
d, Pr(C|d), using the retrieval with probabilistic indexing
method proposedin[Fuhr, 1989]. To classify anew document
d, Pr(C;|d) is estimated for each class, C;, (as described in
more detail by Joachims [1997]). d is assigned to the class
whose probability is the highest.

Ripper [Cohen, 1995; 1996] is a learning method that
forms sets of simple rules for data described by sets of
attribute-value pairs. Each rule tests a conjunction of con-
ditions on attribute values. Rules are returned as an ordered
list, and thefirst successful rule providesthe predictionfor the
class label of a new example. Importantly, Ripper allows at-
tributes that take on sets as values, in addition to numeric and
nomina features, and a condition can test whether a partic-
ular item is part of the value that the attribute takes on for a
given example. Rules are formed in a greedy fashion, with
each rule being built by adding conditionsone at atime, using
an information-theoretic metric that rewardsteststhat cause a
rule to exclude additional negative data while still hopefully
covering many positive examples. New rules are formed un-
til a sufficient amount of the data has been covered. A final
pruning stage adjusts the rule set in light of the resulting per-
formance of the full set of rules on the data.

Winnow? [Littlestone, 1988; Blum, 1997] learns linear
threshold functions using a multiplicative weight-updating
scheme. It works with a set of experts, each of which can ei-
ther make some prediction about the class of an exampleor ab-
stain from predicting. Each prediction is given some weight,
or vote, and the class that gets the highest overall voteis re-

2Strictly speaking, we are making use of the basic “Winnow 11”
strategy [Littlestone, 1988]. Since, over time, the number of spe-
cialists can increase unboundedly, we are using the infinite attribute
model by Blum [Blum, 1992; Blum et al., 1991].



turned as thefinal class. The goal of learning isto find a suit-
ableweighting schemefor each expert. Inthiswork each spe-
cific expert correspondsto some property of amessage. For a
new message it consultsthe last five times messages with this
property were previously seen (or fewer if there areless than
five previous occurrences),® and returns a vote for whichever
class was the majority amongst the previous examples. For
a given message, only those experts whose associated prop-
erties are in the instance to be classified cast avote; al other
expertsabstain, as do experts appearing in an examplefor the
first time, since there are no previous examples of this prop-
erty. When a new property is seen for the first time, a new
expert is created with aweight of 1. Learning is achieved by
updating the weights of an expert only when the overall pre-
diction for an exampleisincorrect. In such cases, the weights
of expertswho predicted correctly are increased by multiply-
ing them by some o > 1, and the weights of expertswho pre-
dicted incorrectly are decreased by multiplying them by some
8 < 1. Based on informal studies, since no values of « or 3
seemed clearly superior to any other, their values were some-
what arbitrarily settoa = 3 and 8 = 2. The weights of
abstaining experts are unchanged in case of incorrect predic-
tions. Finally, Winnow isanincremental learning method, up-
dating the weights after each example, and given afixed col-
lection of examples, our implementation makes only one pass
through the data, running through the examples in order and
updating weights after each incorrect prediction.

3.2 Experimental Setup

Full traces of the Email Val et were maintained for all users. In-
cludedin the user logswererecordsof all new email received
by the EmailVValet. Recall that the headers of each new mes-
sage are then forwarded to the remote pager, and the user can
select to receive the full text of each such message. Informa-
tion on which messages were so selected are thus also avail-
able from these logs. Asaresult, two sets of email were cre-
ated for each user, one containing those messagesthat the user
chose to see, and a second that the user did not choose to see.
We set for ourselves the task of learning to distinguish these
classes, to learn which messages should have their full body
sent to their user’s pager.

Since data are chronological in nature, it is not appropriate
to dividethe datainto random training and testing sets, sincea
later message should not be part of thetraining datathat led to
aclassifier used on an earlier message. Instead, data were di-
vided into two contiguous segments. Thefirst two-thirdsof a
user’'sdatawere taken asthetraining set for all learning meth-
ods, and the last one third was taken as the test set for each
method. In the case of Winnow, after learning hastaken place
onthefirst two-thirdsof thedata, theweightsarefrozenfor the
testing stage on the test data. All experiments reflect a two-
third/one-third split after the first 5% of the data has been re-
moved, since this reflects a period of time in which the user
was first learning how to use the EmailValet.

For evaluation purposes we compute precision/recall
curves for each method. The precision of a classification
method is the proportion of data that is labeled positive that
really is positive. In our case it correspondsto the proportion
of messages that were labeled as forward that really should

3We selected five after informal studies showed that results were
not strongly affected by this value, aslong asit was over one.

have been forwarded. The recall of a classification method
is the proportion of al truly positive data that are labeled as
positive. Herethis correspondsto the proportion of messages
that should have been forwarded that were labeled forward.
Together these two values reflect a trade-off between the
coverage of a classifier and its accuracy on the class that
is of interest. Since for different people different points on
this trade-off may be more or less desirable, we use preci-
sion/recall curves to better reflect the range of possibilities
that a method provides.

We also consider a second evaluation method, the break-
even point of amethod. This method attempts to find a point
where precision and recall are roughly equal. Although it fo-
cuses on only one point on the precision/recall curve, it yields
a way to obtain single-value evauations of a method, sim-
plifying the process of making direct comparisons between
methods.

Precision/recall curves are created for the Rainbow meth-
ods by sorting instances based on the score assigned by the
method for the forward class for that instance. Setting a
threshold on this score alows varying the number of exam-
ples predicted as forward. Thisthreshold can be varied so as
to include examples in the list one-by-one,* yielding a pre-
cision/recall point for each threshold. Thus, for example, at
one extreme all messages are forwarded, yielding a baseline
of 100%recall, but typically low precision. Thevariouspreci-
sion/recall points can then be pruned, where apoint is deleted
if thereis another observed point with better precision and re-
call. Theresulting pointscan then be plotted asacurve, yield-
ing our final precision-recall graph. Break-even pointsare ob-
tained directly from Rainbow, yielding the precision and re-
call that come closest to being equal. The valueswe report as
break-even points are the average of these two quantities.

Precision/recall curves were created for Ripper by varying
its misclassification-cost parameter This number was varied
from 0.05 to 2.0 in increments of 0.05, with each run giving
one precision/recall data point. Precision/recall curves were
created from these pointsin the same fashion as was done for
Rainbow’smethods. Break-even pointswerefound by the av-
erage of the precision and recall for either the last point on
thecurve, if it didn’t crossthe precision=recall line, or the last
point in the curve before crossing that line.

Precision/recall curves were created for Winnow by sort-
ing the weighted forward vote given to each instance. Preci-
sion/recall curves were computed as for the Rainbow meth-
ods, and the break-even point was determined as for Ripper.

3.3 Data

Asdiscussed in the preceding subsection, asimple classifica
tion problem — whether a message should be forwarded —
was set up from the traces of data obtained from the Email-
Valet. Table 1 shows the amount of data obtained for each
user, and the proportion of email that each user requested for-
warded.

To create the data that we passed on to our learning meth-
ods, whenever words were extracted, they were tokenized by
converting them into al lower case, with al punctuations,

4|f the scores were equal, we drop down to the next score that is
different, since we can obviously not put a threshold to distinguish
between instances that have the same score.



Table 1: Dataset properties

% of messagesforwardedin
User | Size | full set | first 2 last £
AD | 1730 | 13.70% | 11.43% | 18.22%
HH | 5651 | 17.02% | 16.67% | 17.72%
SM | 1526 | 10.41% | 10.69% | 9.86%

numerics, and special characters removed. Stemming (per-
forming a morphological analysis of each word and only
maintaining its root word) and stop-list removal (ignoring
words with little information content, such as “the’) were
also performed. Email addresses were tokenized to create
multiple tokens — one for the whole email address, and one
for each lexica item in the address (hames, username, ma-
chine name, domain name, etc.). Thus, for example, “ Sof us
Macskassy <sof mac@s. rutgers. edu>" became the
tokens “Sof us Macskassy sof mac@s. rutgers. edu
sof mac cs.rutgers. edu rutgers. edu”).

Each learning method has its own reguirement about how
data should be represented. The Rainbow methods require
that a message be represented as a bag of words. Ripper re-
quires that data be a set of attribute-value pairs over a fixed
set of attributes, where an attribute may take on a set of val-
ues. Winnow requires an (open-ended) set of binary features,
where, when present, each makes a prediction concerning the
label of an example.

We begin by describing the data representation for Ripper,
sinceit isthe easiest to describe. For Ripper, 10 featureswere
used. The Body feature contains all words found in the text
body of the message. The Subject feature contains all words
found in the subject of the message. The From and To features
contain the tokens from email addressesin the From: and To:
fields of the message, respectively, and the ToCc feature con-
tains the tokens from the email addresses in the union of the
To: and Cc: fields. The Length feature contains the length of
the body in bytes. The Date feature contains the date of the
month. (We do not include a feature for month, since all the
data come from less than a years worth of data)) The Day-
name feature includesthe day of the week that amessage was
sent, and the Day feature is the day in numerical form, 0-6
for Sun-Sat. The Daytype feature representswhether aday is
aweekday or on the weekend.

Rainbow effectively requires that an example be a single
bag of words. To achieve this all words in the body are in-
cluded, asareall wordsin the subject with the token “ subject”
prepended (to distinguish words in the subject from wordsin
the body). Similarly, all tokensfrom the From: and To: fields
are included, with the tokens “from” and “to” prepended to
each asappropriate. All tokensfrom the unionsof the To: and
Cc: fields are dso included with the token “tocc” prepended.
The day of the week and weekday or weekend are also in-
cluded, with suitable prepended tokens to distinguish them
from when those words occur elsewhere in the message. For
thelength and time of day (represented in minutes since mid-
night) bins were created, with a different token included if
a message fell into that bin. For length there were bins for
whether amessagewassmaller than 0.5, 1, 2, 4, 8, and 16 kilo-
bytes, and asimilar set for whether the length was larger than
each of these values. Similarly, for the time of day we cre-

Table2: Vocabulary sizes used in the experimentsfor text cat-
egorization methods

Nave
User | Bayes | TFIDF | Pr-TFIDF
AD 500 4000 4000
HH 500 2000 1000
SM 1000 2000 4000

ated 48 bins, one for each half-hour mark, half of them rep-
resenting whether the time was before a given mark, and a
second set for whether it was after a given mark. Finally, the
lastcommand, lastmailfrom, and lastmailto features were also
split into 26 bins each, representing adhoc cutoff points rang-
ing from less (or more) than aminute to less (or more) than a
day.

In al experiments using the Rainbow systems we per-
formed feature selection, wherein only some top evaluated
set of words are kept and used for learning and classifica-
tion — results have shown that vocabulary size can often
have a significant impact on learning [Lewis, 1994]. In each
case arange of vocabulary sizeswere used, finding whichever
yielded the highest break-even point when trained on the first
2 of the training set and then evaluated on the last $ of the
training set. Thevocabulary sizesfor each dataset and method
isgivenin Table 2.

Finally, for Winnow, each of the “words’ that could poten-
tially be used in Rainbow were considered an expert. How-
ever, oneof the advantagesof Winnow isthat itisabletolearn
from data with many experts, so in addition to these experts
we added expertsthat correspond to pairs of “base-level” fea
tures. More specifically, for Winnow we used an expert for
al combinations of any of the time-of-day bins with the day-
name, daytype, length-hin, subject, and from values; any of
the from values with any of the to, tocc, and subject values;
any of theto values with any of the to, tocc, and subject val-
ues; any of the tocc values with any of the tocc and subject
values; and any of the subject values with any other subject
values. Thus, for example, there were experts for al pairs of
words that occur in a Subject: field, for any pair of usersin
the To: or Cc: fields, and for any pair of a user in the from
and word in the subject.

4 Results

In this section, we present the results of our experiments us-
ing each of the five learning methods on each dataset. Table 3
showsthe precision/recall break-even points of the fivelearn-
ing methods for each dataset.

The graphs allow certain conclusionsto be made about the
use of these five methods. First, a very simple baseline ap-
proach is to forward al email to a user. This method yields
100% recall, but aprecision that equal sthe proportion of mes-
sagesthat should beforwarded in the data (see Table 1). Inall
cases, for all methods, thisdefault figureis met or, most often,
surpassed, demonstrating that even the less-successful meth-
ods still achieve some modicum of success on this task.

The graphs show that for each user there are learning meth-
odsthat can enable the Email Valet forward a small number of
messagesall of which should have been forwarded, that is, for
cases when 100% precision is desired, with small, but non-
zerorecall. Unfortunately, however, there was no consistency



Table 3: Break-even pointsfor all methods

Naive
User | Bayes | TFIDF | Pr-TFIDF | Ripper | Winnow
AD | 41.71 | 36.02 39.81 36.5 43.36
HH | 46.94 | 30.02 46.34 5342 | 47.15
SM | 4555 | 39.61 47.53 3756 | 27.28

Table 4: Results of removing body and date information

#Wins # Losses
FeaturesUsed | Clear | Generd | Clear | General | # Unclear
+body+date 1 2 0 0 12
+body-date 0 2 0 0 13
-body+date 1 1 0 1 12
-body-date 0 1 2 2 10

as to which learning method was able to achieve this.

One subtle point of these experimentsis that the learning
method has access to the full body of all messages, whereas
the user is making decisions based only on the headers. We
justify this choice by thefact that the email recipient typically
has a tremendous amount of background knowledge that can
be brought to bear in interpreting the headers of a message,
whereasthe EmailVal et doesnot. The hopewasthat the body,
sinceitisaccessibleat the server, wherethe EmailValet reside,
can make up for some of this absent knowledge.

A second issue concerns the use of date and time informa-
tion in the learning process. We would ideally like the learn-
ing agorithm to know where a user is— at home, work, in a
car, etc. However, thisis not available to the Email Valet, but
we conjectured that date and time information may be ahelp-
ful surrogate for such information about the message’s con-
text, as opposed to its content. For example, a person istypi-
cally at work certain times of day and days of the week.

To understand the contribution these two sources of infor-
mation played in the classification processwe performedthree
additional runs for each user with each learning method, one
with the body features removed, one with date and time in-
formation removed, and one with both removed. All other
features were kept unchanged. Each case generates its own
precision/recall curve, yielding a total of 15 graphs — one
graphfor each learner and each user, each containing four pre-
cision/recall curves, one for each of the combinations of in-
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cluding or excluding the body and date information. Due to
space limitations, we are only able to present summaries of
these resullts.

Table 4 shows some summary statistics of these runs. Each
row corresponds to a different choice of whether body or
date information is removed, and reports the number of times
the resulting curve for a method and user surpasses the other
curvesfor that method and user using the other combinations.
In each case the number of times the curve was aboveaall oth-
ers, either clearly or most of thetime, clearly or generally be-
low the other curves, or the relative superiority was ambigu-
ous, is shown. In none of the cases does including the body
harm learning, while in three cases does excluding the body
improve results, and in five of the cases does it clearly harm
learning.

Finally, we observe that in the total of 60 curves we gen-
erated across these experiments, in seven of the cases did the
default of forwarding all messages exceed the performance of
a learning method, supporting our similar observation made
earlier. Further, in onethird of theruns (22 of the 60), wewere
able to attain a classifier with 100% precision, with varying
degreesof recall (at worst, only one message was forwarded),
whichisroughly comparableto the27% (4 out of 15) achieved
in the graphs presented earlier when both body and date were
included. Unfortunately, here, too, there was no consistency
to the learning method that achieved this performance.
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5 Progpectsfor the Future

This paper has described the use of machine learning and
information retrieval methods to predict whether to forward
email to a user’s wireless email device. Our results, based
on actual use of our EmailValet system, show that, while no
single method tested is superior to al others, we are able to
achieve modest break-even points with most methods, sug-
gesting further research in this areais warranted.

We also found that including the body of a message — in-
formation available at the server, but not to the user decid-
ing whether to a message based on its headers— tendsto im-
prove the results of learning. These results are also shown to
be substantial improvements over the default of sending all
messages to a user.

In the short term, we would like to understand whether
other features already discernable by the EmailValet system,
can further improve performance. In particular, there are
many features about the context of an email message, such as
when you last read a message from its sender, whether it is
part of an ongoing email discussion, or whether you recently
sent email to this person, that may be helpful in deciding how
to handle a message. We would also like to be able to order
pending email messages effectively, so that if the person has
not read email for awhile, when the messages do appear they
are presented in a prioritized fashion.

On alonger timeframe, wewould like to explore the use of
the EmailValet across arange of wired and wireless platforms
and with a wider range of information sources. For exam-
ple, forwarding a message should depend on what devicesare
availableto auser at apoint in time—if the user isin front of
aworkstation email probably need not be sent to apager. Ide-
aly, we would like an EmailValet to have access to informa-
tion such as a user’s calendar or physical location (as should
become possible in the future via GPS systems on wireless
devices). This could make it possible for the EmailValet to
know to forward a message from the person to whom you are
walking across campusfor ascheduled meeting if the message
might be canceling the meeting. Wewould also liketo expand
the range of interaction modalities that a user can have with
the EmailValet — eye tracking (which is becoming possible
for desktop workstations) would make it possible to identify
the portions of amessage that auser had read, and voiceinter-
action also providesthe opportunity for finer-grained interac-
tion between the user and EmailValet. Similarly, permitting a
wider range of interaction between theuser and EmailValet—
such as via natural-language dialog — could provide a valu-
able resource to an EmailValet, such as making it possible to
ask the user questions about his or her decisions.

Finally, although the EmailValet concerns email, the very
same architecture would allow a user to interact with an agent
that can access the Web or other sources of information from
arangeof platforms. Inthislight, the EmailValet representsa
very first step in our overal vision of software “valets’ that
more generally serve our heterogeneous information needs
across a range of interaction devices.
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