Artificial Life Applied to Adaptive Information AgentsFilippo MenczerRichard K. BelewComputer Science and Engineering Department, 0114University of California, San DiegoLa Jolla, California 92093, USA{fil, rik}@cs.ucsd.eduWolfram WilluhnCommunication Technology Lab, Image Science GroupETH-Zentrum, ETZ F868092 Zurich, Switzerlandwolfram@vision.ee.ethz.chAbstractWe propose a model, inspired by recent artificial life theory,applied to the problem of retrieving information from alarge, distributed collection of documents such as the WorldWide Web. A population of agents is evolved under densitydependent selection for the task of locating information forthe user. The energy necessary for survival is obtained fromboth environment and user in exchange for appropriateinformation. By competing for relevant documents, theagents robustly adapt to their information environment andare allocated to efficiently exploit shared resources. Weillustrate the roles played by document locality, adaptivesearch strategies, and relevance feedback, in the informationgathering process.Introduction*The World Wide Web (WWW) is an informationenvironment made of a very large distributed database ofheterogeneous documents, using a wide-area network and aclient-server protocol. The structure of this environment isthat of a graph, where the nodes (documents) are connectedby hyperlinks. The typical strategy for accessinginformation on the WWW is to navigate across documentsthrough hyperlinks, retrieving the information of interestalong the way. The dynamic and distributed nature of theenvironment, however, makes retrieving specificinformation a hard task [De Bra & Post 1994, McBryan1994].On the other hand, the WWW represents an idealenvironment in which to apply techniques recently maturedin the field of artificial life (ALife). In particular, adaptiveand distributed algorithms seem to appropriately capture

* Research partly supported by a fellowship from the AppleAdvanced Technology Groupthe complexity of such an environment. Traditional geneticalgorithms [Mitchell & Forrest 1994] are characterized byexploitation of information, but the distributed informationgathering problem requires adaptation rather thanoptimization. Therefore we propose a model inspired bythe endogenous fitness metaphor to search for relevantinformation through a population of intelligent agentsevolving in the WWW environment. This paper presentsvarious extensions to the work recently reported in[Menczer, Willuhn & Belew 1994].BackgroundThe traditional solution to the problem of informationretrieval (IR) on the WWW is to build a database index ofall the documents, on which to use traditional search andretrieval techniques. Such virtual libraries are built andupdated off-line, either in a user-driven fashion or byautomated exhaustive programs, called spiders or robots. Awell-known robot is the WWW Worm [McBryan 1994].The off-line approach has several drawbacks: first, the sizeof the WWW makes it increasingly difficult to updatevirtual libraries without inefficient use of networkresources. Moreover, any database has to abstract awayimportant information, concerning both the content ofdocuments and their structure [Belew 1985]. Finally, theinformation gathering and retrieval processes areindependent and therefore feedback from the latter cannotbe used to adaptively improve efficiency nor quality of theformer.To remedy some of these problems, the client-based FishSearch algorithm has been proposed [De Bra & Post 1994].This approach uses the metaphor of a school of fish, whereagents in a population survive, reproduce, and die based onthe energy gained from their performance in the retrievaltask. This approach, however, stops short of solving the remaining problems: no mutation occurs at reproduction,and each agent in the population follows a non-adaptive,exhaustive depth-first search algorithm. While someheuristics are used to order the graph traversal, the lack ofintelligent cutting of search branches results in slow speedand high network consumption (caching being proposed asa palliative).The idea of adaptive IR is not new [Belew 1989]. Morerecently, learning agents and traditional genetic algorithmshave been successfully applied to information retrieval[Yang & Korfhage 1993] and information filtering [Maes& Kozierok 1993, Sheth & Maes 1993]. Work in progressindicates that learning is sped up by extending such modelsto collaborative multi-agent systems [Lashkari, Metral, &Maes 1994]. Using a distributed population of cooperatingbest-first search agents has been recently proposed in theWebAnts project [Mauldin & Leavitt 1994] to overcomethe single-server and single-client bottlenecks.Information Search by Endogenous FitnessEndogenous fitness models are becoming an increasinglyappreciated and well-understood paradigm in the ALifecommunity [Mitchell & Forrest 1994]. While a thoroughdiscussion of the subject is out of the scope of this paper[see, e.g., Menczer & Belew 1995], we outline in thissection the main aspects that make this paradigm useful forthe problem of IR in the WWW.A population of agents becomes evolutionary adapted ina dynamic environment by a steady-state genetic algorithm.Energy is the single currency by which agents survive,reproduce, and die, and it must be positively correlatedwith some performance measure for the task defined by theenvironment. Agents asynchronously go through a simplecycle in which they receive input from the environment aswell as internal state, perform some computation, andexecute actions. Actions have an energy cost but may resultin energy intake. Energy is used up and accumulatedinternally throughout an agent’s life; its internal levelautomatically determines reproduction and death, events inwhich energy is conserved.Agents that perform the task better than averagereproduce more and colonize the population. Indirectinteraction among agents occurs without the need ofexpensive communication, via competition for the shared,finite environmental resources. Mutations afford thechanges necessary for the evolution of dynamically adaptedagents. This paradigm enforces density-dependentselection: the expected population size is determined by thecarrying capacity of the environment. Associating highenergy costs with expensive actions intrinsically enforces abalanced network load by limiting inefficient uses ofbandwidth.In the heterogeneous environment of the WWW, it ishard to associate a fitness measure with a strategy ingeneral, but it is easy to estimate the results of a strategyapplied to a particular query. Different information searchand retrieval strategies may be optimal for differentqueries, just as different behaviors may be optimal fordifferent environments. Only the end results of a search(the retrieved documents) can be evaluated, and the agentsidentify the relevant information from its correlation withenergy. Therefore populations will evolve strategieseffective in the different environments specified by bothinformation space and queries. Adaptation means foragents to concentrate in high energy areas of the Web,where many documents are relevant. Each agent’s survivalwill be ensured by exchanging an adequate flow ofinformation for energy.An ImplementationWe have implemented the endogenous fitness model in asimple prototype of IR system for the WWW. Thealgorithm is illustrated in Table 1. The user provides aquery consisting of a set of keywords. A population ofagents is initialized with some energy, some randomstrategy, and some distribution in the Web. The ideal, zero-knowledge assumption is to start with a population atminimal distance from all nodes. Typical heuristics suggestto initialize the population with a uniform distribution in adefault set of known starting points, or better yet in thedocuments returned by a preliminary call to a traditionalsearch engine.INPUT: n>0, e>0, t>0 ; query word(s)

1initialize population of n agents with random b, g, E

2while number of agents > 0 do for all agents:

2.1compute for each link i in current document the estimate Li = sum of occurrences of each query word in document, weighted inversely to the number of headers between the positions of i and the word in the document pick link i to follow according to the probability distribution

P i = exp βL i ( ) exp βL_j( )

j ∑ 2.2

E ← E − N +eR

where N = server access cost measure and current document’s relevance R =

number of occurrences of query words in document

if _{R+1} ( ) γ >

1

2

⇒ E ← E + F

where F = user feedback energy (optional)

2.3if E > t clone agent, split parent’s energy with

offspring, mutate offspring’s b, g else if E < 0 destroy agent

Table 1: Algorithm for adaptive information agents.In order to keep search strategies simple while allowingadaptivity, stochastic selection is used to navigate acrosshyperlinks. For each cycle, each agent estimates the

hyperlinks from the current node to decide which node tovisit next. The estimates, based on a fixed matchingfunction of the current document and the user keywords,are scaled by a non-decreasing function to obtain aprobability distribution that is in turn used by a stochasticselector. The slope of the non-linear scaling function isdetermined by the agent’s genetic parameter b. This traitrepresent the adaptive part of the agent’s search strategy. Itevolves by selection, reproduction, and mutation. Differentb values can implement search strategies as different asbest-first (b=¥), random walk (b=0), or any middle course.When a link is selected, the agent traverses it and findsitself in a new document. (To prevent agents from sitting ata favorable place without searching, no agent is allowed toreturn to a previously visited document.) Any traversalincurs an energy cost. Ideally, the cost should be a functionof the load imposed by the access on network resources,ultimately affecting search time. The amount of energy anagent receives by finding a document is determined by itsrelevance, which in turn is estimated by a precisionmeasure from standard IR theory.Each agent can also decide to present any document tothe user hoping to get bonus energy. This decision is basedon the relevance of the document and is biased by anothergenetic parameter, g, determining the likelihood withwhich a document is considered interesting enough to bepresented to the user. The extreme cases are when alldocuments are presented (g =1) or none (g =0). The useroptionally provides feedback by increasing or decreasingthe agent’s energy. This is a natural model of relevancefeedback, where the user can effectively modify theadaptive landscape with only incomplete knowledge of thesearch space.When energy exceeds a fixed threshold, the agentproduces an offspring by "local cloning." The geneticparameters undergo random mutations, and energyconservation is enforced by parents splitting their energywith offspring. When energy is reduced below zero, theagent dies. A possible variation of the algorithm in Table 1is obtained if step 2.3 is moved ahead of 2.2: this iseffectively equivalent to cloning with one-step "lookahead"[Menczer, Willuhn & Belew 1994]. We show in the nextsection that this variation actually results in a deteriorationof performance, due to the loss of locality.At steady-state, the user receives a flow of documents inthe form of a list of Web nodes that is updated on-line. Thesearch ends when the population gets extinct, convergesaccording to some measure, or is terminated by the user.ResultsPreliminary experiments of our system have been carriedout on a limited test bed represented by a collection of 116relatively short documents describing the WWW project:agents can move to any node whose URL starts with"http://info.cern.ch/hypertext/WWW/". The total number oflinks is 178, while 26 of the documents contain querywords. The graph corresponding to the test bed is shown inFigure 1. The fact that this collection is closed to the rest ofthe WWW is only one of its limitations.

Figure 1: WWW subgraph used as a test bed in the experiments.Given an impossible query (no words in documentsmatch those in the query), the environment kills the agentsand extinction occurs promptly, as expected. Otherwise, thepopulation quickly reaches the environment’s carryingcapacity (determined by the distribution of query wordoccurrences in the collection) and a steady-state documentretrieval rate from information-rich areas. These resultshold over a wide range of simulations and seem quitepromising in showing feasibility, robustness, and goodquality of retrieved documents.In the previous section we have mentioned twoalternatives of our endogenous fitness algorithm, namelylocal cloning (cf. Table 1) and lookahead cloning. Figure 2illustrates the superiority of the former. The increase ofover 200% in the rate of collected energy demonstrates theimportance of the search graph topology for effectiveinformation gathering.In Figure 3 we have plotted the size of four populationsof information agents to compare the performances of localvs. lookahead cloning as well as adaptive vs. nonadaptive(best-first) agents. Note that population size is anappropriate measure of population fitness in endogenous

fitness models [Menczer & Belew 1995]. Once again localcloning results in a large performance improvement. Thesearch strategy of adaptive agents can adjust according tothe selective pressures of the information environment.However, adaptive populations score significantly betterthan nonadaptive ones only in the simulations withlookahead cloning. This suggests that local adaptation isparticularly advantageous when less locality is preservedduring the search process.

0

10000

20000

30000

40000

50000

60000

70000

80000

0 50 100 150 200 250 300

<E> cycles

local cloning lookahead lookahead normalized

50

100

150

200

250

300

350

400

450

500

0 50 100 150 200 250 300

<p> cycles

local adaptive local beta=50 lookahead adaptive lookahead best link first

Finally, user feedback is tested in simulations whoseresults are shown in Figure 4. Five particularly relevantdocuments are identified manually and assigned positive

values (cf. Table 1); the rest are given negative

so thatour simulated user actually decreases the environment’scarrying capacity, on average. Therefore the observedincrease in population size confirms that the user, withoutany knowledge of information space topology, can userelevance feedback to alter the selective pressure and

0 5 10 15 20 25 30 35 40 45 50

no feedback small feedback large feedbackMany extensions are possible for improved

the previous section simulate on-line access in order toavoid network load. Several options (AppleScript, Tcl,SodaBotL [Coen 1994]) are being considered for the

Better measures for document precision and linkestimates, using for example cosine normalization, inversefrequency weighting, and word proximity, are under study.Local caching and back links are other additions likely to

Simple reinforcement learning during life may providefaster adaptive changes than evolution alone [Menczer &Belew 1994]. Learning local characteristics about thesearch space should complement the slower process of

Another set of extensions depends on inter-agentcommunication. Smart convergence measures, crossover, rich areas in the search graph. However, any advantages

Including server information in the computation ofenergy costs allows a more efficient exploitation ofresources and therefore decreases bandwidth waste.However, in the long run, we believe that network accesswill become a serious bottleneck for any client-based

distributed search. The answer, of course, is to transferagents from clients to servers. While many well-foundedconcerns make this solution unfeasible at present, weimagine that in the very busy network of a near future, theowner of a server might become willing to give up someCPU cycles on its machine in exchange for improvedbandwidth. Transportable agents [Kotay & Kotz 1994]would then access the server documents locally, and only important real-world application such as intelligent IR indistributed, heterogeneous information environments.Endogenous fitness models, in particular, have been shownto be a natural paradigm within which to evolvepopulations of adaptive information agents. The approach in existing systems. No index database is built, eliminating

We have shown locality to be important for distributedinformation gathering, and the use of the WWWhyperstructure has been made an essential feature of ourmodel. The search process dynamically adapts to changesin the information environment, as well as to the variabilitydue to different users and queries. Exhaustive search isovercome by more efficient, adaptive branch cutting in thesearch space. The model, making only minimalassumptions about the structure of the adaptive landscape,

The selective pressure mechanism, removing agentsfrom low energy zones and allocating new ones toinformation-rich areas, is connected to theoretical resultsabout optimal on-line graph-search algorithms [Aldous &Vazirani 1994, Deng & Papadimitriou 1990]. We arecurrently working on a rigorous proof to link algorithmic algorithm (and even more so for client-based, on-linesearch), the problem addressed in this paper is wellcharacterized by the need to limit communication amongagents to its minimum. The endogenous fitness algorithmallows to achieve this goal in a natural way, because nooverhead is incurred by explicit communication amongagents. Density dependent selection occurs by way of of the population is required. It should be noted, however,that certain "hidden" communication costs cannot beavoided. This is the case, for example, in order to makeretrieved documents "disappear" and avoid redundantaccess. Caching and efficient data structures are being

Many other directions remain open for further work.Present goals include analyzing evolved geneticparameters, evaluating how performance scales with searchspace size, and comparing our algorithm with existing

Aldous D and Vazirani U 1994. "Go With the Winners"Algorithms. Proc. 35th Annual Symposium onFoundations of Computer Science, 492-501. Los

Belew RK 1989. Adaptive information retrieval: Using aconnectionist representation to retrieve and learn about

Belew RK 1985. Evolutionary decision support systems:An architecture based on information structure.Knowledge Representation for Decision Support

ed. by Methlie LB and Sprague RH, 147-160.

Coen MH 1994. SodaBot: A Software Agent Environmentand Construction System. Proc. CIKM’94 Workshop on

De Bra PME and Post RDJ 1994. Information retrieval inthe World Wide Web: Making client-based searching

Deng X and Papadimitriou CH 1990. Exploring anunknown graph. Proc. 31st Annual Symposium onFoundations of Computer Science, 355-361. Los

Kotay KD and Kotz D 1994. Transportable Agents. Proc.CIKM’94 Workshop on Intelligent Information Agents.

Lashkari Y, Metral M, and Maes P 1994. Collaborative

Maes P and Kozierok R 1993. Learning interface agents.Proc. 11th AAAI Conference, 91-99. Los Angeles, CA:

Mauldin ML and Leavitt JRR 1994. Web agent relatedresearch at the Center for Machine Translation. Proc.

McBryan OA 1994. GENVL and WWWW: Tools fortaming the Web. Proc. 1st Intl. World Wide Web

Menczer F and Belew RK 1995. Latent EnergyEnvironments. Adaptive Individuals in EvolvingPopulations: Models and Algorithms, ed. by Belew RK

Menczer F and Belew RK 1994. Evolving sensors in

ed. by Brooks R and Maes P, 210-221. Cambridge, MA:

Menczer F, Willuhn W, and Belew RK 1994. AnEndogenous Fitness Paradigm for Adaptive InformationAgents. Proc. CIKM’94 Workshop on Intelligent

Mitchell M and Forrest S 1994. Genetic algorithms and

Sheth B and Maes P 1993. Evolving Agents forPersonalized Information Filtering. Proc. 9th IEEE

Yang J and Korfhage RR 1993. Query Optimization inInformation Retrieval Using Genetic Algorithms. Proc.