
Adapting the ELO rating system toompeting subpopulations in a �man-hill�Grégory Valigiani a,b Evelyne Lutton b Pierre Collet a

aLIL Lab - ULCO - 62228 Calais - Frane
bCOMPLEX Team - INRIA Roquenourt - 78150 Le Chesnay - FraneAbstrat. Parashool (the Frenh leading e-learning ompany, with morethan 250,000 registered students), wanted an intelligent software toguide students in their graph of pedagogi items. The very large numberof students suggested to use students as arti�ial ants, leaving stigmer-gi information on the web-site graph to optimise pedagogial paths.The di�erenes between arti�ial ants and students led to desribe anew onurrent paradigm alled "man-hill optimization," where opti-mization emerges from the behaviour of humans exploring a web site.At this stage, the need of rating pedagogial items showed up in orderto diret students towards items adapted to their level. A solution wasfound in the ELO [12℄ automati rating proess, that also provides (asa side-e�et) a powerful audit system that an trak syntati and se-manti problems in exerises. For an e�etive use, this paper shows howthe ELO rating proess has been modi�ed to overome the De�ationproblem.Keywords. E-Learning, Ant Colony Optimization, "Man-Hill" Optimiza-tion, onurrent optimization, ELO Rating, Turnover, Sub-pools.IntrodutionParashool is urrently the Frenh leading e-learning ompany, with more than250,000 registered students. Bak in 2002, Parashool was looking for a systemthat ould enhane web-site navigation by making it intelligent and adaptive tothe user. Sine the tree of available exerises ould be turned into a graph visitedby students (where pedagogial items are nodes and hypertext links are ars),Ant Colony Optimization (ACO) tehniques (a onurrent optimization paradigm[4,1,2℄) ould apply and show interesting properties: adaptability and robustness.Unfortunately, real-size experimentations have shown that ant-hill optimiza-tion tehniques developed in Parashool do not diretly apply beause studentsdo not behave like arti�ial ants. The onept of an arti�ial �student-hill,� ormore generally �man-hill,� has been introdued and analysed [7,8,9℄.In a re�nement stage[10℄, the level of items and students needs to be evaluatedin order to diret students towards exerises of mathing level (there is no pointin suggesting an exerise that is overly di�ult or simple to a partiular student).The Parashool pedagogial team ould rate the di�erent items based on their



knowledge and experiene, but what may seem simple for a teaher may seemdi�ult for a student. Moreover the level of the students must also be evaluated,whih is quite di�ult if the student does not have a long enough interation witha human teaher.A solution to this very important problem was found in the hess world,with the automati ELO rating omputation. After a short desription of theParashool �man-hill� onurrent optimizer, the hess ELO rating is desribed insetion 2 and then applied to Parashool system in setion 3. Results over 4 yearsof data show that the ELO evaluation proess an be modi�ed to overome theknown problems of the ELO system, thanks to the spei�ities of the e-learningsystem.1. The Parashool �man-hill�1.1. Ant Colony OptimizationThe Parashool e-learning software is used in Frenh shools or by individual stu-dents at home over the Internet. Conneted students have aess to thousands ofpedagogi items (know-hows, lessons, drills) that were originally deterministiallyrelated by hypertext links.The aim of the presented work is twofold:1. �nd the best suession of items to maximize learning, and2. insert some intelligene into the system so that di�erent students have adi�erent view of the Parashool software.ACO (developed after the observation of ant-hills [6,3℄) uses virtual ants to�nd minimal paths in a graph. In the Parashool system, the very large number ofstudents triggered the idea to apply a similar tehnique using real students ratherthan virtual ants, with the aim of optimizing pedagogial paths traversing a set ofeduational topis. Students release arti�ial pheromones on the graph, dependingon how they validated an item (suess or failure). This stigmergi informationan then be used by other students to hoose their way on the di�erent possiblepedagogial paths.Developing an ant olony optimization tehnique using human students onthe Parashool graph has however led to the (obvious) onlusion that humansdo not behave as natural or arti�ial ants:
• There is no ontrol on human students as on arti�ial ants.
• Arti�ial ants are permanently ative on the entire environment, to theontrary of students (holidays, navigation per topis along the year).
• Soial insets are inherently altruisti, while human users are individualby essene: they do not like to be treated identially, and on the ontrary,appreiate systems that are adapted to their partiular ase.Tests have shown that beause of these di�erenes, the standard ACOparadigm does not work straight out of the box. The onept of �man-hill� opti-mization has therefore been introdued. Problemati pheromone evaporation dur-



ing periods of inativity over some areas of the graph has been solved by a newonept of pheromone erosion, and the need for individuality is dealt with thanksto the introdution of multipliative pheromones, that only belong to a partiularstudent. A further re�nement allowing to tailor the system for a spei� studentis to take into aount the level of the student, and diret him toward exeriseshe has a reasonable hane to solve. In order to ahieve this, one must �nd a wayto rate the drills and the students.2. Using an ELO rating sheme in an interative tutoring systemOne ould think of several ways to rate the respetive di�ulty of a drill and thepro�ieny of a student. The �rst idea that omes to mind is to ask the teaherswho wrote the items to rate them on a sale going from easy to di�ult. Anexperiment over 45 items has been done with two di�erent teahers who wereasked to evaluate items on a sale from 1 to 6. It appears that 8 evaluations didnot re�et the real suess rate of students on the item and 16 other evaluationswere not quite right. This method tends to be error-prone beause it relies on thejudgment of the teaher, and on the level of the student that is faed with thedrill. A muh better system would be an automati rating proess for both itemsand students, but suh a thing is very di�ult to alibrate. The hosen solutionwas to use a very re�ned system alled the ELO rating [12℄, that has been usedin the Chess ommunity for the last 50 years, where individuals ompete againsteah other on a regular basis. At the end of the �fties, a mathematiian, A. E.ELO [12℄, developed a hess rating system, based on the Thursone Case V Model[11℄ whih has been adopted by hess federations worldwide. The ELO system wassuessful, due to the fat that rating di�erenes between two ompetitors (si−sj)and mutual winning hanes are muh more learly related in this system thanin any other. Moreover, ELO was the �rst to use omputers for his alulations,whih enabled him to rate a huge amount of players.2.1. Rating updateThe equation Si(t + 1) = Si(t) + K(Rij − Rije
) desribes how an original rat-ing Si(t) is updated as a funtion of the expeted outome Rije

. If i and j arerated players, one an logially expet the stronger to win over the weaker. Theexpeted outome is alled Rije
. However, the real outome of the game Rij maybe di�erent.If Rij = Rije

, the rating of the players was aurate. If Rij 6= Rije
, the ratings

Si(t) and Sj(t) need to be updated to re�et the outome of the game.The impat of the Rij − Rije
di�erene is tuned thanks to a variable K,whih represents the maximum amount of points that an be won in one game.A high K-fator gives more weight to new results while a low value inreases thein�uene of earlier performanes. The K-fator �utuates between 16 for greatplayers (ELO-rate> 2400) and 32 for weak ones (ELO-rate< 2100).Aording to the Bradley-Terry Model[11℄, if the rating di�erene (Si(t) −

Sj(t)) is known between players i and j, the expeted probability of suess ofplayer i against player j an be de�ned as:
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1
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400This is the basi formula for the rating system of the United States Chess Feder-ation.In the Parashool system, one an onsider that students and exerises �om-pete� against eah other, with the nie outome that one an objetively omputetheir respetive ELO rating, independently of any biases.2.2. In�ation and De�ationSine the introdution of the ELO rating system in the world of Chess, someproblems arose beause of:Turnover : If no individuals enter or leave the pool of rated players, then everygain in rating by one player would (ideally) result in a derease in rating byanother player by equal amount. Thus, rating points would be onserved,and the average rating of all players would remain onstant over time. But,typially, players who enter the rating pool are weaker than players wholeave it. The net e�et is this �ow of players lowers the overall averagerating.Sub-pools : In�ation and de�ation does not only our in the rating pool as awhole but also within subpools. A subpool is a subset of players who keepplaying together over longer periods of time without muh ontat withplayers outside their group. This results in subpools with arti�ially lowor high ratings. Within the subpool, ratings may still have a reasonablepreditive value, but as soon as players from a subpool enter larger tour-naments, they will start winning/loosing many points quikly, until theirELO rating is readjusted with referene to the larger pool. Altogether, thesubpool-phenomenon shows that it is important for players to periodiallyplay against people outside of their sub-pool.These fators question the �integrity� of the ELO system, as they an reatea general in�ation or de�ation of the global ratings. The integrity of the systemindiates to whih extent a given rating si re�ets a same level over time, andaross di�erent sub-pools.3. ELO ratings inside the Parashool SystemSine the algorithm already works quite well in the hess environment, the sameequations and parameters were used for Parashool. As soon as a student ratinghas stabilized, appliations are numerous:1. Students have a way to know their level, and an visualize their evolution.2. The Parashool pedagogial team does not need to put a subjetive arti-�ial rating on eah item.



3. A very interesting side e�et is that the ELO rating an tell if a drillontains a semanti or pedagogi �aw (something very di�ult to detetotherwise, when there are thousands of di�erent items): if an item has anextremely high ELO rating, this shows that either there is an error in theexerise, making it impossible for students to solve it, or that the exeriseis muh too di�ult for the students to solve (indiating a pedagogi �aw).The same goes for items with very low ELO values, that are either toosimple for the students, or that an be solved using a bypass (not requiringthe mental proess planned by the teaher). The ELO rating of itemsrevealed to be an invaluable aid to the Parashool pedagogial team ifonsidered as an audit system.4. Finally (and that was the primary goal of the implementation of the ELOrating), the man-hill system an be re�ned to propose items adapted tothe strength of a partiular student.3.1. Parashool subpoolsIn Chess tournaments, any player an possibly ompete with any other player,even though most ompetitions are held within spei� ountries.In the Parashool system, it is muh less so for several reasons:1. An item annot ompete against another item, and a student annot om-pete against another student. This de fato reates two subpools, but ofa di�erent kind, where players an play exlusively with an individual ofthe other group. This peuliar dynamis is di�erent from what ours inthe hess environment, and it an be used to �nd a way to get around thede�ation problem (f. below).2. The Parashool system also exhibits hess-like subpools, sine it hostsstudents of di�erent grades. After analysis, 95% of students in a gradeexlusively ompete with items of their grade. This leads to the onlusionthat the student ELO rate may be inonsistent if a student tries to solvea problem of another grade. In this ase, the deision was simply not totake into aount a "math" between a student and an item of di�erentgrades. This means that 5% of information is lost, but the impat on thesystem is minor.3.2. Turnover in ParashoolAs in Chess, turnover in Parashool represents students entering or leaving theELO rating system. These ases happen more often in the beginning/end of theshool year. Normally a student should keep his aount for several years. Inpratie, however, shools unfortunately update student lists and aounts everyyear, leading to possible turnover onerns.On Fig. 1, the number of visits learly shows periods of inativity duringsummer vaations. In between, the average ELO rate of students tends to inrease,whih is a positive result (students are getting better). The drop in the beginningof eah year omes from the fat that Parashool inreased its number of students
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Figure 1. Average ELO Ratings and number of visits over a four years period.from 50 000 to 250 000 over the four years on whih data was olleted (as anbe seen by the inreasing number of visits).Fig. 1 also shows that the ELO rate of items tends to derease year afteryear. This is beause, to the ontrary of shools (that reset student aounts everyyear), Parashool does not reset the ELO rating of items, therefore ausing aonstant de�ation of items ratings, as students get better over the years and stealELO points to the items.As seen above, the dynamis is di�erent in the Parashool system, sine thesystem is dealing with two groups (the students and the items) that exlusivelyompete against eah other. If one group has a stable ELO rating, this shouldstabilise the rating of the other group too.The idea is then to apply di�erent ratings for eah group, in order to obtaingreater stability and �ght against natural de�ation. For the students, the lassialELO rate system is kept. For the items, two options were studied:Freezing: After a period of stabilization, the item gets its optimal rating and thende�ation ours. The goal is therefore to freeze the item before de�ationbegins. This means that one an item has its mature ELO rating, it keeps itforever, therefore stabilizing student ELO ratings at the same time. But theELO rating of an item should also be omputed from stabilized students.Sine the average number of visits per student (resp. item) is around 26(resp 236), it was deided that student (resp. item) �maturity� would beobtained after 10 (resp. 75) evaluations.On Fig. 2, the overall ELO gain is displayed depending on these two param-eters: the number of evaluations after whih an item is onsidered to have itsoptimal rating (item_maturity), and the number of evaluations after whiha student is onsidered to have his optimal rating (student_maturity).Probability-based ELO Rating for Items (PERI) If the lassial ELO system anbe seen as being too adaptive (therefore leading to de�ation), the freezingmethod an be seen as being too stati.
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Figure 2. Average ELO gain over 4 years.The ELO system is based on the fat that it is possible to ompute a winningprobability from the ELO ratings of two players. This means that if thewinning probability of a player is known, one an evaluate his ELO ratingby inverting the equation.The PERI method omputes a rating for items aording to the su-ess/failure ratio of students who tried to solve the item up to now. Thismeans that the PERI rating is not subjet to de�ation, while at the sametime, staying adaptive.
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Figure 3. Average ELO Ratings for three ELO rating methods over a one year period.Fig.3 shows the ELO rating of items and students during the previous shoolyear (2004/2005) where the Parashoom �man-hill� system should have found itsstability. The thin solid urve represents the osillating ELO rate of the standardmethod. The dashed urve shows the result of the Freezing method, while thebold urve represents the result of the PERI method. It appears that PERI isthe most stable method over the year (with the Freezing method seond, and thestandard ELO rating third). It also appears that the students ELO rating (the
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