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Abstract

Generating satisfactory routes for driving is a challeng-
ing task because the desirability of a particular route de-
pends on many factors and varies from driver to driver.
Current route advice systems present a single route to
the driver based on static evaluation criteria, with little
or no recourse if the driver finds this solution unsatisfac-
tory. In this paper, we propose a more flexible approach
and its implementation in the Adaptive Route Advisor.
Our route advice agent interacts with the driver to gen-
erate routes that he or she finds satisfactory, uses these
interactions to build a model of the driver’s preferences,
and then uses the model to generate better routes for that
driver in future interactions. As the preference model
becomes more accurate, the need for interaction de-
creases and the agent’s autonomy increases. We also
present a pilot study on using route selections to con-
struct a personalized model of driver preferences.

I ntroduction 1

factors varies among individuals, and drivers may not know
themselves what they value most in routes.

In this paper, we describe the Adaptive Route Advisor, an
adaptive user interface (Pat Langley 1997) agent that recom-
mends routes from a source address on a road network to a
destination address. Given a routing task, the Route Advisor
interacts with the driver to generate a route that he or she
finds satisfactory. Initially, the agent proposes a small num-
ber of possible routes, taking into account the driver’s pref-
erences if known. The driver can then request solutions that
differ from the initial options along some dimension. For
instance, the driver may request a route that is simpler, even
if it means a longer route. The driver and the Route Ad-
visor continue to work together, generating and evaluating
different solutions, until the driver is satisfied. During this
process, the agent unobtrusively collects information about
the driver's choices and uses these data to refine its model of
the driver’s preferences for the next task.

If we define the level of autonomy as the number of in-
teractions with a user, with zero interactions implying total

The state of the art in computer technology has advanced to autonomy, the user adjusts the autonomy of the Adaptive
the point where systems for generating driving directions be- Route Advisor by continuing to request routes until satis-
tween two points are commonplace. There are several web fied. Since the system bases its initial route suggestion on
sites offering street-level driving directions, and several in- the user model, the user’s satisfaction with the initial route
car systems available as an option on purchased or renteddepends on the accuracy of the model. Ideally, after a rea-
cars. The availability of vector road map digital represen- sonable number of interactions, the agent’s user model will
tations (digital maps) and large-capacity, fast processors en- be accurate enough so that in most cases the driver will be
able this technology, but little attention has been paid to en- satisfied with the routes proposed and that additional inter-
suring that the interface is flexible enough to deliver satis- actions will not be required. This is particularly important
factory routes to users that have different preferences. in a driving environment where the demand on the driver's
Current systems for route advice compute solutions us- attention must be limited.
ing a shortest path algorithm to find the minimal-cost route The Adaptive Route Advisor is designed for in-car use. It
from the origin to the destination. Some systems fix the cost is a Java application that functions as a resource-light net-
as the estimated travel time, while others allow the user to work client, suitable for mobile environments with a wire-
choose between the shortest path, the quickest, or the “mostless communication infrastructure. The remote servers pro-
scenic” one. In all cases, the system then describes the routevide resource-intensive functions such as routing and geolo-
to the user with little or no recourse if the driver finds the cation? Although the current version does not yet take ad-
route unsatisfactory. These systems disregard the fact thatvantage of information available from mobile deployment
driving occurs in a rich environment where many factors in-  (primarily current and past locations from the Global Posi-
fluence the desirability of a particular route. For example, tioning System), and the interface is not fully optimized for
some drivers may prefer the shortest route as long as it does limited input and output resources common in vehicles, we
not have too many turns, or the fastest route as long as it intend to more fully assimilate the Adaptive Route Advisor
does not go on the highway. The relative importance of these in a mobile environment in future work.

2Geolocation is mapping a plain English street location $o it
place in a digital map structure.

1An HTML version of this paper with links is available on the
web at http://pc19.rtna.daimlerchrysler.com/rogex€9.



| GPS | Interface Client

Vo
5|3 3
g% E
33
2 ¢ R
Sl © - Current Trafflc;
S o o . Conditions
=/ O L |
o o 0000000 b----- [
HEE |
? x |
v
| Initial Links, iqital
—_——————= B
User Model [5references|  Route Serveri<toaires|  Digital Map

Figure 1: Architecture for the Adaptive Route Advisor. Elementdwgblid lines are already implemented, whereas elements
with dashed lines are under development.

The pages that follow describe our approach in more de- changes in the preference model to reflect unusual situations
tail and present the results of an experiment in personaliz- or corrections in the model.
ing the user model from rankings of routes generated from  The system initializes the agent with a default user model,
static preference models. First we present the overall sys- and refines the user model with feedback from interaction
tem architecture, including the route generation component, with the interface. Future versions will also allow feedback
the adaptation method the Route Advisor uses to personal- from direct sensing of the driver’s preferred routes using the
ize the user preference model, and the user interface that Global Positioning System. The future work section dis-
presents route options to the user and gathers preferencecysses these extensions in more detail.
feedback. We then report on an experiment adapting a pref-
erence model to human subjects and its results. Next, we
present our approach to handling hidden attributes and out-
line planned improvements to the agent. Finally, we summa-
rize the Adaptive Route Advisor and describe its relevance
to more general problems.

The Routing Algorithm

The generative component of the Adaptive Route Advisor is
a routing algorithm that plans a path through a digital map
from a starting point to a destination. The planner represents
the digital map as a graph, where the nodes are intersections
System Architecture and the edges are parts of roads between intersections. Our
digital maps provide four attributes for each edge: length,
The Adaptive Route Advisor requires heavy memory re- estimated driving time, turn angle to connected edges, and
sources to store the digital map, and processing resources toroad class (e.g., highway, freeway, arterial road, local road).
compute an optimal route. However, we assume computa- The planner refers to these digital maps to minimize the
tional resources in vehicles will be limited in the near future. weighted sum of the driving time, length, number of turns,
The client/server architecture shown in Figure 1 resolves this number of intersections, and driving time on each road class.
difficulty by offloading resource-intensive processes onto a  The routing algorithm finds a path from a designated
remote server. This architecture also lets the routing system source node, usually the current position, to a designated
use dynamic information about the currenttraffic conditions, destination. The cost of an edge is computed as a weighted
which would be available as a centralized service, as in the sum of its attributes,
ITGS service in Tokyo (Hadfield 1997).
In the figure, portions in the current implementation are = Z (w; - a;).
drawn in solid lines, and planned extensions in dashed lines. P
The interface client is a resource-light process suitable for
a vehicle’s limited computational power. It connects to the The weight vector plays the role of a user preference model
servers via a wireless TCP/IP connection. The route server that defines the relative importance of the attributes. The
receives route requests from the client, and uses the digital system uses an optimized version of Dijkstra’s shortest path
map to compute an optimal route according to preferences in algorithm (Dijkstra 1959) to find the path with the minimal
the user model. Later route requests may include short-term sum of the costs for the edges in the path.
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Figure 2: The route request window.

Constructing the User Modél training data until the weights stop changing or it has per-
formed a maximum number of iterations. Although the sys-
tem can update the perceptron on-line after each new train-
ing example, the experiment described in the next section
trains on a fixed set of examples.

Once the differential perceptron algorithm finds a weight
vector that best predicts preferable routes as a weighted sum
of attributes, the routing algorithm uses this weight vector in
its cost function. Since the routing algorithm is optimal on
the cost function, the resulting route is guaranteed to be the
lowest cost route for that user model among all routes be-
tween the same two nodes. In other words, the routes com-
puted are always Pareto optimal, in that there can be routes
that are better along each of the dimensions (attributes) in-
dependently but none that can be better simultaneously on
all dimensions.

Although weighting each edge attribute creates a flexible
cost function for the planner, the space of possible models is
a continuum with as many dimensions as there are attributes.
It would be difficult and inconvenient for a user to specify
his relative preference for each attribute. Instead, our system
automatically induces driver preferences from driver route
choices. We have implemented a perceptron-style training
algorithm (Nilsson 1965), which we califferential percep-
tron, that processes a sequence of interactions with the plan-
ner and produces a weight vector that attempts to model the
preferences expressed. In this way, as the driver uses the
interface, it adapts itself to the user’s preferences. This is
reminiscent of the way in which Hermens and Schlimmer’s
system for filling out repetitive forms (Hermens & Schlim-
mer 1994) adapts itself to a particular usage pattern and pre-

dicts defaults values based on those observed in prEViousTheInteraction Component
interactions.

We define an interaction with the planner to be the presen- When started, the Route Advisor client locates the servers it

tation of a set ofV generated routes and feedback from the needs and displays a route request screen, like the one pic-
user indicating which route is preferable. This is completely tured in Figure 2. In the current implementation, the user
unobtrusive to the user, because he or she evaluates a set ofPecifies origin and destination in a postal address style,
routes and selects one as part of the route advice process.2nd identifies him/herself for the purpose of loading the
For training, we expand the interaction inié — 1 pairs, user model. An in-car |mplementat|_0n could simplify thl_s
representing the fact that the selected route is preferable to SCr€en by providing the current location as a default starting
each of the presented alternatives. These training pairs canP0int, and the most frequent car driver as a default user iden-
be used to improve the user model in a simple manner. If, tity. The driver could selec'g a O!estlnatlon from a list of that
out of the two routes in a training pair, the route preferred driver's most common destinations. o

by the current user model is not the one the user selected, After requesting a route, the main interaction window ap-
the adaption method increases the weights corresponding to P&ars, as displayed in Figure 3(a). It provides a list of cur-

the features in the selected route and decreases those correl€Nt route options and two menus, “Route” and “Modify.”
sponding to the features in the other route. The current routes are presented in terms of five attributes:

total time, total distance, number of turns, number of in-
tersections, and total time on highways. Initially the agent
presents two routes to the user. The first route uses the cur-
rent preference model as the weight vector for the routing
cost function. The second uses novel weights in an attempt
to explore new directions in the space of preference models.
Presenting at least two route options forces the user to
make a choice and provide some feedback to the agent. The
turn directions for the selected route are shown in the field
below the route list and the map displays the selected route,
AT = nEy — niy =Ly — T1). as in Figure 3(b). Clicking “Select” indicates that the high-
lighted route is satisfactory and terminates the window. The
For each pass through all available training data, the learning route advisor assumes that the highlighted route is preferable
algorithm adds\« to « and continues running through the to the alternative routes and updates the user model. Click-

More precisely, the system represents routes with a vec-
tor  containing its measurable attributes. Given an initial
weight vectord, it estimates the cost of a route to be the lin-
ear product: = « - Z. If route #; is rated better than route
Z» and the cost off; is lower than that ofts, the weights
are consistent and do not need modification. If the cogj of
is higher than that of’;, the system applies the differential
perceptron update rule @, which decreases the costdf
and increases the cost8f using
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Make a U turn at W MIDDLEFIELD RD
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(a) The route selection window. (b) The map window.

Figure 3: Initially, the user is presented two alternative routes.BEs¢route according to the current user-model is highlighted.
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Start out going East on W MIDDLEFIELD RD 3.1km 3:10
becames unknown a short distance 0:04

Turn left onte OLD MIDDLEFIELD WAY a short distance 0:03
becomes W MIDDLEFIELD RD 107 m 0:06
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Turn slight left onte E CHARLESTON RD 529m 0:33
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Turn right onto REDWOOD CIR a sheort distance 0:06 =
Turn slight left onte STARR KING CIR 121m :11 .
becomes LINDERD DR 114m 0:09 =]
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(a) The route selection window. (b) The map window.

Figure 4: The user generated the third route by selecting the firs emd choosing “Shorter” from the “Modify” menu.



Figure 5: Sample task for the subjects. The starting point is tlkeabthe upper left and the ending point is at the lower right.
A is the route with fewest turng3 is the fastest route; is the route with fewest intersections, afids the shortest route.

ing “Cancel” terminates the window but does not update the
model.
The “Modify” menu lets the user generate a new route that

First, it lets the users easily find routes they like by giv-
ing them choices and letting them interactively modify the
routes proposed. Second, it unobtrusively collects the infor-

is faster, shorter, has fewer turns, has fewer intersections, or mation the learning algorithm needs to refine the user model

has less highway time than the selected route. The implicit
assumption is that the driver is willing to accept routes that
are somewhat worse on other attributes if he or she can find

and adapt to a particular driver.

one that is better on the selected attribute. This approach to Experimental Results

navigating through the space of possible solutions is simi- |, order to test the adaptation algorithm apart from the other
lar to “tweaking” in Burke et al.'s NDME systems (Burke,  fnctionality of the Adaptive Route Advisor, we simulated

Hammond, & Young 1996). In that system, the user can 3 series of interactions on paper with human subject evalu-
navigate a database of apartments for rent by asking for an 4tjons of planner output. The test consisted of 20 tasks that
apartment that is either cheaper, bigger, nicer, or safer than jnyolved trips between intersections in the Palo Alto area. To

the one currently displayed.

The Adaptive Route Advisor searches for new routes that
satisfy the improvement request by modifying the weights it
places on attributes, increasing the weight of the selected
attribute, and decreasing the other weights. Since slight
changes in the weight vector may result in the same route,
the system continues modifying the weights until the result-
ing route is significantly different. For example, Figure 4(a)
shows a shorter route added to the route list. If the useris un-
satisfied with all listed routes, the “Route” menu lets the user
generate an entirely new route as different as possible from
all those displayed. The route advisor does this by adding a
“penalty” in the cost function to all segments used by one of
the displayed routes.

The interface described above simultaneously and seam-

lessly fulfills two functions in the Adaptive Route Advisor.

compensate for the lack of interactivity, we produced four
routes for each task instead of two. Since we had no op-
portunity to build user models, we used exploratory weight
vectors with a unit weight for one attribute and zero for the
rest, creating routes optimized for time, distance, number of
intersections, and number of turns, respectively. We plotted
the four routes, labeled randomly through D, on a map

of Palo Alto. We presented the tasks in a different random
order for each subject. Figure 5 shows an example of one of
the tasks and its four route choices.

We asked the subjects to evaluate the routes for each task
and rank them in preference order, using 1 for best and 4
for worst. Since a ranking of four routes gives six indepen-
dent binary preferences (A better/worse than B, C, D; B bet-
ter/worse than C, D; C better/worse than D), each subject
provided6 - 20 = 120 training instances.



We trained the perceptron for 100,000 epoaofs (.001) Veloso (Haigh & Veloso 1995) note, the descriptor set may
for each subject, then looked for some way to compare the not represent all factors relevant to a driver. In fact, the dig-
resulting user models. Since the cost of a route is a relative ital map cannot possibly represent all the attributes that are
measure, the relative values of the weights are more infor- important to all individuals. However, an in-car navigation
mative than the absolute values. We will refer to the ratio of system is well situated to use personalized attributes, be-
two weights between two attributes as thechange rate cause it can constantly monitor the driver’s behavior using
because they define how much of one attribute a driver is traces from a Global Positioning System. In particular we
willing to give up to improve another attribute. For exam- can assume that the routes a person drives are desirable by
ple, if the exchange rate between time and turn weights is that person’s true internal cost functidmand use informa-

30, the driver is willing to drive up to 30 seconds longer to tion about familiar routes when planning new ones.
save one turn, but no more. Figure 6 shows the exchange The planner could represent familiarity as a binary vis-
rates between distance and the other three attributes. ited/not visited value for each edge, or it could try to repre-

The results indicate that route preferences differ widely sent the degree of familiarity as a continuous value. How-
across people. Some subjects, such as 11 and 16, are apever, with an additional assumption that sequences of famil-
parently willing to go to great distances to improve their iar edges (subroutes) are more desirable than isolated fa-
route on some other attribute. Other subjects, such as 9 andmiliar edges, we have developed a familiarity preproces-
17, would sacrifice other attributes to reduce the distance at- sor (Rogerset al. 1997) that groups sequences of road
tribute. The most surprising resultis that many subjects have edges between commonly used intersections into higher-
negativeexchange rates. For example, the distance/turns ex- level links, similar to disjunctive macro-operators. A macro

change rate for Subject 101is1027. This means that, given  link between two intersections represents all distinct routes
two routesA andB, if route A has one more turn than route  the driver has used between these intersections. These macro
B, itwill have a lower cost if it is more that027 feetlonger links are hierarchically organized, with some links recur-

than B. Besides its intuitive difficulties, it is inconvenient  sively incorporating smaller macro links. The largest macro
to use these weights directly for planning because it means links represent entire trips, such as the drive from home to
some edges could have a negative cost. We believe thesework. Including these macro links affects the planner in
negative weights come from the bias in the training data to- three ways: it uses sequences of familiar edges as primi-
ward optimal routes on some attribute. For example, the fact tives, it shortens the edge-by-edge description of the route
that drivers prefer shorter routes, other factors being equal, by summarizing familiar sequences, and it biases the route
is not explicitly represented in the training data. Our fu- description toward using familiar segments.
ture work will include using such background knowledgeto W can improve street descriptions by accessing existing
eliminate negative exchange rates. geographic databases and by generating new ones. Current
To evaluate the advantage of using personalized models databases provide information about the location and types
versus a single fixed model, we also created an aggregateof businesses, as well as demographic information. In future
training set of all120 - 24 = 2880 instances. Figure 7 work, we will generate new geographic databases by col-
compares the accuracy of the personalized model to the ag- lecting and analyzing traces of trips from a Global Position-
gregate model. As expected, the accuracy of the aggregateing System. Analyzing the trajectories of many cars along
model is poor, hovering around chance (50%). The person- the same edge provides average speed models for different
alized model is uniformly better than chance and the aggre- times of day, the location of traffic controls, and number of
gate model, but still far from perfect. Some possible sources |anes. An advantage to the client/server architecture is that
for this model failure are that people are inherently incon- clients can serve as a distributed sensor network to sample
sistent or that our model space does not represent some im-road conditions and provide dynamic updates to the digital
portant attributes in drivers’ route preferences. For example, map for more accurate routing. Some possible dynamic at-
people may dislike a certain road or intersection, which af-  tributes include transit time, congestion, and road closures.
fects the rankings for some tasks but not others. Future stud- gesides interacting with the interface, another form of

measure the subjects’ consistency on redundant tasks. If the driver does not take the route the user model predicted,
. . the new route is presumably better than the predicted route,
Directions for Future Work and this will generate a new instance for the personalization

The results of our initial experiment indicate that it is pos- module. This type of feedback may include more classi-
sible to learn a cost function that predicts driver preferences fication noise than direct feedback because there is no di-
with reasonable accuracy. More importantly, this cost func- rect evidence that the driver liked his route or even that he
tion serves as a user model for generating routes that will be or she was not lost. However, if the driver usually follows
satisfactory to the driver. The Adaptive Route Advisor can routes because of his own preferences, the noise should can-
be made more powerful and useful through additional work cel out after sufficient training data. These indirect forms of
in five key areas: use of personal attributes, better street de- feedback are less intrusive than the approach in the experi-
scriptions, use of direct driving feedback, a more effective ment reported earlier or the approach used in the Automated
interface, and better model induction.

One source of error in the experiment was the limited and ~ 3Situations in which this assumption does not hold include
impersonal nature of the route descriptors. As Haigh and cases where the driver is lost and where he is following tives.
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Travel Assistant (Linden & andNeal Lesh 1997), where the
user explicitly lists his preferences for airlines, airports, and
other plan components.

The current user interface is tuned to exhibit the function-
ality of the agent. To deploy the Adaptive Route Advisorin a
car, we will need to partly redesign the interface to take into
account the limited input and output facilities. For instance,
the menu for modifying the routes might be replaced by a
panel of buttons that the user can activate through a touch
screen. We will also need to evaluate the in-car user inter-
face with drivers to ensure that the capabilities of the route
advisor are easily and intuitively available to drivers.

We are also exploring other inductive methods for adapt-
ing the user model, such as regression over the preference
rankings, multi-layer neural networks, and principal compo-
nents analysis. A critical property of prospective methods is
that the model be able to generate a numeric cost for partial
and complete routes. We are also investigating more flexible
model representations, such as adjusting the weight vector
based on task characteristics. For example, the route advi-
sor may always plan the fastest route to work but a more
leisurely drive home. Results from any method could im-
prove with some background knowledge about the domain
and more relevant attributes for the street descriptions. We
can improve our evaluation by determining the fraction of
modeling errors that are due to driver inconsistency, which
we can measure by including some redundancy in the user
surveys. Our final goal is an agent with a flexible, usable
interface that accurately adapts itself to its user over time.

Conclusions

Route recommendation for automotive domains is a
knowledge-rich problem where the criteria for making deci-
sions and the relative weight of these criteria can be person-
alized. The Adaptive Route Advisor serves as an intermedi-
ary between the driver and the complexity of the digital map.
The agent and the driver interact to generate multiple route
options, giving the driver a more satisfactory route than he
or she would receive from a single-option route planner, and
providing feedback from the driver that reflects his or her

route preferences. The agent encodes these preferencesin a

user model that it uses to predict which route a driver will
find most appealing.

Although interaction is in the driver’s best interest if he or
she wants a satisfactory route, the Advisor does not require
it, and the amount of interaction is controlled by the driver.
Ideally, as the agent better approximates the driver's cost
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function, interaction becomes less necessary and the agent

becomes more autonomous. This low interaction require-
ment is crucial for in-car decision making where the driver’s
attention is necessarily focused elsewhere.

In general, our approach to developing advisory agents is
to automatically and unobtrusively acquire value judgments
by observing the user’s actions in a domain, and to utilize
interaction as an additional source of value judgments. The
advisor generates a solution using its current user model,
receives feedback from the user if its model is inaccurate,
and corrects its model in areas relevant to the problem being
solved.



