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omAbstra
t: An Ant Colony Optimisation te
hni
 has been implemented in order to help students roamingamong pedagogi
al items proposed by the system of Paras
hool (Fren
h leading e-learning 
ompany).The large number of students rise the idea to use the students instead of arti�
ials ants to leave stig-mergi
 information on the web-site graph. This di�eren
e brought many 
hanges in the original ACOpro
ess, but also a large improvement in the students'guiding system. The 
on
ept of \Man-Hill" hastherefore been introdu
ed. In this stage, the need of rating pedagogi
al items shows up in order topresent students with strength-adapted items. The Elo automati
 
hess rating pro
ess has been appliedto Paras
hool system. Thanks to this me
hanism, students and pedagogi
al items 
ould be rated. As aside-e�e
t, it is also a powerful audit system that 
an tra
k semanti
 problem in exer
ises.Key-Words: E-learning, Ant Colony Optimisation, Man-hill optimisation, Elo Rating.Introdu
tionParas
hool (the Fren
h leading e-learning 
ompany,with 200 000 registered students) was looking fora system that 
ould enhan
e web-site navigationby making it intelligent and adaptive to the user.Sin
e their software is based on a graph traversedby students (where pedagogi
al items are nodes andhypertext links are ar
s), Ant Colony Optimisation(ACO) te
hniques [6, 1, 2℄ 
an apply and show in-teresting properties: adaptability and robustness.ACO (developed after the observation of ant-hills [8, 4℄) uses virtual ants to �nd minimal pathsin a graph. In the Paras
hool system, the very largenumber of students triggered the idea to apply asimilar te
hnique using real students rather thanvirtual ants, with the aim of optimising pedagogi-
al paths traversing a set of edu
ational topi
s.Real-size experimentations have shown thatant-hill optimisation te
hniques developed inParas
hool do not dire
tly apply be
ause studentsdo not behave like arti�
ial ants. The 
on
ept ofan arti�
ial \student-hill", or more generally \man-

hill" has been introdu
ed and analysed [13, 14, 16℄.In a re�nement stage, the level of items andstudents needs to be evaluated in order to dire
tstudents towards exer
ises of mat
hing level (thereis no point in suggesting an exer
ise that is overlydiÆ
ult or simple to a parti
ular student). TheParas
hool pedagogi
al team 
ould rate the di�er-ent items based on their knowledge and experien
e,but what may seem simple for a tea
her may seemdiÆ
ult for a student. Moreover the level of thestudents must also be evaluated, whi
h is quite dif-�
ult if the student does not have a long enoughintera
tion with a human tea
her.A solution to this very important problem wasfound in the 
hess world, with the automati
 Elo-rating 
omputation. After a short des
ription ofthe Paras
hool \man-hill", the 
hess Elo rating isdes
ribed in the se
ond se
tion and then appliedto Paras
hool system in the third se
tion. Resultson 3 years data are presented and dis
ussed, beforedes
ribing future developments.1



1 The Paras
hool \man-hill"1.1 The goalThe Paras
hool e-learning software is used inFren
h s
hools or by individual students at homeover the internet. Conne
ted students have a
-
ess to thousands of pedagogi
 items (know-hows,lessons, drills) that were originally deterministi
allyrelated by hypertext links.The aim of the presented work is twofold:1. �nd the best su

ession of items to maximiselearning,2. and insert some intelligen
e into the systemso that di�erent students have a di�erent viewof the Paras
hool software.1.2 Di�eren
es between humans andantsThe �rst idea was to use Ant Colony Optimisation(ACO) sin
e the two main features of this te
hniqueare robustness and adaptibility. Rather than usingarti�
ial ants as in ACO, the very large number ofusers makes it possible to use them dire
tly to re-lease arti�
ial pheromones on the graph, dependingon how they validated an item (su

ess or failure).This stigmergi
 information 
an then be used byother students to 
hoose their way on the di�erentpossible pedagog
al paths.Developing an ant 
olony optimisation te
h-nique using human students on the Paras
hoolgraph has however led to the 
on
lusion that hu-mans do not behave as natural or arti�
ial ants:� Usually, arti�
ial ants are programmed so asto solve the problem at hand. On the 
on-trary, human students do not follow any par-ti
ular algorithm. They go wherever they likeand 
an only be suggested to follow a parti
-ular path (whi
h might be 
loser to real antsbehaviour).� Arti�
ial ants are permanently a
tive on theentire environment, to the 
ontrary of stu-dents, who periodi
ally go on holiday, andare studying di�erent topi
s along the year.

Standard arti�
ial ant-hills time-based evap-oration te
hniques lead to information losswhen used with students, be
ause studentsare not equally a
tive all year long, on allparts of the graph (
f. �g 1).� Constraints apply on human students thatsimply do not make sense with arti�
ial ants.Arti�
ial ants, for instan
e, will never 
om-plain of going several times through the samear
s. Human students, on the 
ontrary, willimmediately re
ognise a drill that is proposedfor a se
ond time and may get fed up with thesystem if this happens too often, or if a samedrill is suggested �ve times.� So
ial inse
ts are inherently altruisti
: ants orbees work for their 
olony and do not mindexploring a remote part of the environment inorder to �nd new food spots. On the 
ontrary,one 
annot expe
t a student to explore someremote bran
h of the Paras
hool software forthe sake of his fellow-students. Worse: hu-mans 
annot stand not being treated as indi-viduals, as Nb 6 franti
ally shouts in the 
ultseries from the 60's 
alled The Prisoner star-ring Patri
k M
Goohan: \I am not a number:I'm a free man."
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Figure 1: Number of visits during oneyear on the Paras
hool system, depend-ing on the navigation modeTests have shown that be
ause of these di�er-en
es, the standard ACO paradigm does not workstraight out of the box. The 
on
ept of \man-hill"optimisation has therefore been introdu
ed, sin
ewhat started with a 
ouple of workarounds is nowa distin
t model with its own features, that 
anbe reused in other di�erent websites, provided that2



they are visited by a suÆ
ient number of humanusers.Emergent pro
esses are still mostly un
ons
iousin human so
ieties: many stru
tures have emergedover the Internet without any 
lear design. Study-ing the behaviour of our \man-hills" 
ould allow toharness this power to optimise desired features.1.3 Man-hill optimisationThe solution found to ta
kle pheromone evapora-tion during holidays, for instan
e, is to use a similarme
hanism that is not based on time, that we 
allerosion. Erosion o

urs on all ar
s leaving from anitem only when a user validates the item. This ero-sion (rather than evaporation) 
ould also be usedon ACO problems that are fa
ed with uneven a
-tivity.The need for individuality is dealt thanks to in-trodu
tion of multipli
ative pheromones, that onlybelong to a parti
ular student (unlike the 
umula-tive pheromones that bear stigmergi
 informationa

essible to all the individuals of the 
olony).Standard 
umulative pheromones allow optimalpaths to emerge, while multipli
ative pheromonesapplied on 
umulative pheromones allow to bias the
hoi
e for a parti
ular individual.As an example, on
e a student has validated anitem, an individual multipli
ative pheromone 
alledHistory weight is left on all ar
s leading to this itemwith a value of 0.1. Therefore, if later on, the stu-dent has the opportunity to visit the item again, thestandard pheromone found on the ar
 will be mul-tiplied by 0.1, therefore tenfold redu
ing the prob-ability for the student to be presented this ar
.While global 
umulative pheromones erode to avalue of 0 (the neutral element of addition), individ-ual multipli
ative pheromones erode or evaporate(depending on their nature) to a value of 1 (the neu-tral element of multipli
ation). In the 
ase of theHistory weight multipli
ative pheromone, one 
antry to adjust evaporation speed to the (time based)volatility of the memory of a student, so that a stu-dent has a reasonable 
han
e to be proposed againan already visited node when it is probable he hasforgotten the drill.A further re�nement allowing to tailor the sys-tem for a spe
i�
 student is to take into a

ount thelevel of the student, and dire
t him towards exer
i-
es he has a reasonable 
han
e to solve. In order to

a
hieve this, one must �nd a way to rate the drillsand the students.
2 Usage of an Elo rating s
hemein an intera
tive tutoring sys-temOne 
ould think of several ways to rate the respe
-tive diÆ
ulty of a drill and the pro�
ien
y of a stu-dent. The �rst idea that 
omes to mind is to askthe tea
hers who wrote the item to rate it on a s
alegoing from easy to diÆ
ult, but this is error-pronebe
ause it depends on the judgement of the tea
her,and on the level of the student that is fa
ed withthe drill.A mu
h better system would be an automati
rating pro
ess for both items and students, but su
ha thing is terribly diÆ
ult to 
alibrate. The 
hosensolution was to use a very re�ned system 
alled theELO rating [19℄, that has been used in the Chess
ommunity for the last 50 years, where individuals
ompete with ea
h other on a regular basis.This system takes into a

ount spe
i�
 diÆ
ul-ties, su
h as the fa
t that1. human abilities 
hanges over time due tolearning and aging,2. performan
es 
an 
u
tuate pun
tually (a
ompetitor may be impaired if he is ill duringthe 
ompetition),3. there is a massive turnover of parti
ipants(some people may stay in the system for avery short while only).At the end of the �fties, a mathemati
ian, A.E. Elo [19℄, developed a 
hess rating system, basedon the Thursone Case V Model [18℄ whi
h hasbeen adopted by 
hess federations worldwide. Hisrating system was not the �rst one to be tried;the �rst rating list was published in Germany byH�osslinger, a

ording to the Ingo system[20℄. How-ever the Elo-system was mu
h more su

essful, dueto the fa
t that rating-di�eren
es between two 
om-petitors (si � sj) and mutual winning 
han
es aremu
h more 
learly related in this system than inany other. Moreover, Elo was the �rst one to use3




omputers for his 
al
ulations, whi
h enabled himto rate a huge amount of players.The major interval (unit) used is derived fromstatisti
s and probability theory. Individual per-forman
es are distributed normally. The standarddeviation of individual performan
es is de�ned as200 Elo points.2.1 Rating updateThe equation Si(t+ 1) = Si(t) +K(Rij �Rije) de-s
ribes how an original rating Si(t) is updated as afun
tion of the expe
ted out
ome Rije . If i and j arerated players, one 
an logi
ally expe
t the strongerto win over the weaker. The expe
ted out
ome is
alled Rije . However, the real out
ome of the gameRij may be di�erent, for reasons quoted above.If Rij = Rije , the rating of the players was a
-
urate. If Rij 6= Rije , the ratings Si(t) and Sj(t)need to be updated to re
e
t the out
ome of thegame.The impa
t of the Rij �Rije di�eren
e is tunedthanks to a variable K, whi
h represents the max-imum amount of rating points that 
an be won inone game. A high K-fa
tor gives more weight tonew results while a low value in
reases the in
u-en
e of earlier performan
es. The K-fa
tor 
u
tu-ates between 16 for great players (Elo-rate> 2400)and 32 for weak ones (Elo-rate< 2100).A

ording to the Bradley-Terry Model[18℄, ifthe rating di�eren
e (Si(t) � Sj(t)) is known be-tween players i and j, the expe
ted probability ofsu

ess of player i against player j 
an be de�nedas: Rije = 11 + 10Si(t)�Sj(t)400This is the basi
 formula for the rating system ofthe United States Chess Federation.In the Paras
hool system, one 
an 
onsiderthat students and exer
ises \
ompete" against ea
hother, with the ni
e out
ome that one 
an obje
-tively 
ompute their respe
tive Elo rating, indepen-dently of any biases.2.2 In
ation and De
ationSin
e the introdu
tion of the Elo-rating system inthe world of Chess, the range of values has beenexpanding 
onstantly. This is mainly 
aused by
hess tournaments be
oming in
reasingly popular,

as well as the use of Elo ratings be
oming morewidespread. In the past, Elo-ratings were only 
al-
ulated for the happy few who were strong enoughto parti
ipate in world 
lass tournaments. Nowa-days ratings are available for everybody. As theamount of players in the pool in
reases, the prob-ability of some of them being extremely weak orextremely strong in
reases as well. The expandingrange of Elo-ratings is a normal phenomenon anddoes not pose any problems for the system. How-ever, other problems arise be
ause of:1. players entering and leaving the rating pool(turnover),2. and the in
uen
e of subpools on ratings.These fa
tor question the \integrity" of the Elosystem, as they 
an 
reate a general in
ation orde
ation of the global ratings.The integrity of the system indi
ates to whi
hextent a given rating si re
e
ts a same level overtime, and a
ross di�erent subpools.2.2.1 TurnoverIf no new players enter or leave the pool of ratedplayers, then every gain in rating by one playerwould (ideally) result in a de
rease in rating by an-other player by equal amount. Thus, rating pointswould be 
onserved, and the average rating of allplayers would remain 
onstant over time. But, typi-
ally, players who enter the rating pool are assignedlow provisional ratings, and players who leave therating pool are experien
ed players who have above-average ratings. The net e�e
t is this 
ux of play-ers lowers the overall average rating. Rating de
a-tion 
an be de�ned more spe
ially as the result ofa me
hanism that 
auses players'ratings to de
lineover time when their abilities, on average, improveover time. These players will 
ompete against un-derrated opponents who are improving, and will onaverage obtain lower ratings at the expense of theunderrated players.2.2.2 SubpoolsIn
ation and de
ation do not only o

ur in the rat-ing pool as a whole but also within subpools. Asubpool is a subset of players who keep playing to-gether over longer periods of time without mu
h4




onta
t with players outside their group. This re-sults in subpools with arti�
ially low or high rat-ings. Within the subpool, ratings may still havea reasonable predi
tive value, but as soon as play-ers from a subpool enter larger tournaments, theywill start winning/loosing many points qui
kly, un-til their Elo rating is readjusted with referen
e tothe larger pool.Altogether, the subpool-phenomenon showsthat it is important for players to periodi
ally playagainst people outside of their sub-pool.
3 Elo ratings inside theParas
hool SystemSin
e the algorithm works straigth out of the box,the equations and parameters are exa
tly the samein Paras
hool as in Chess Tournaments. As soonas a student rating has stabilized, appli
ations arenumerous :1. Students have a way to know their pro�-
ien
y, and visualise their evolution.2. The Paras
hool pedagogi
al team does nothave to put a subje
tive arti�
ial rating onea
h item.3. A very interesting side e�e
t is that the Elorating 
an tell if a drill 
ontains a semanti
or pedagogi
 
aw (something very diÆ
ult todete
t otherwise, when there are thousands ofdi�erent items): if an item has an extremelyhigh Elo rating, this shows that either there isan error in the exer
ise, making it impossiblefor students to solve it, or that the exer
iseis mu
h too diÆ
ult for the students to solve(indi
ating a pedagogi
 
aw). The same goesfor items with very low Elo values, that are ei-ther too simple for the students, or that 
anbe solved using a bypass (not requiring themental pro
ess planned by the tea
her).The Elo rating of items revealed to be aninvaluable aid to the Paras
hool pedagogi
alteam if 
onsidered as an audit system.4. Finally (and that was the primary goal of theimplementation of the Elo rating), the man-hill system 
an be re�ned to propose items

adapted to the strength of a parti
ular stu-dent.3.1 Turnover and subpools inParas
hoolAs in Chess, turnover in Paras
hool representsstudents entering or leaving the Elo rating sys-tem. These 
ases happen more often in the be-ginning/end of the s
hool year.Normally a student should keep his a

ount forseveral years. In pra
ti
e, however, s
hools unfor-tunately update student lists and a

ounts everyyear leading to possible turnover and subpool 
on-
erns.
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Figure 2: Average Elo Ratings and num-ber of visits over a three years period.3.1.1 Turnover in Paras
hoolOn �g. 2, the number of visits 
learly shows peri-ods of ina
tivity during summer va
ations. In be-tween, the Elo rate average of the students tendsto in
rease, whi
h is a positive result (students aregetting better).The drop in the beginning of ea
h year 
omesfrom the fa
t that Paras
hool in
reased its numberof students from 50 000 to 200 000 over the threeyears on whi
h data was 
olle
ted (as 
an be seenby the in
reasing number of visits).Fig. 2 also shows that the Elo rate of itemstends to de
rease year after year. This is be
ause tothe 
ontrary of s
hools (that reset student a

ountsevery year) Paras
hool does not reset the Elo ratingof items, therefore 
ausing a 
onstant de
ation ofitems ratings, as students get better over the years.5



3.1.2 Paras
hool subpoolsIn Chess tournaments, a player 
an possibly 
om-pete with any other player, even though most 
om-petitions are held within 
ountries.In the paras
hool system, it is mu
h less so forseveral reasons:1. An item 
annot 
ompete agains another item,and a student 
annot 
ompete against an-other student. This de fa
to 
reates two sub-pools of a di�erent kind however from 
hesssubpools where subsets of players 
an play ex-
lusively within their group. The dynami
s ofthis environment is therefore slightly di�erentfrom the 
hess environment.2. The Paras
hool system also shows 
hess-likesubpools, sin
e it hosts di�erent grades. Stu-dents in a grade will most ex
lusively 
om-pete with items of their grade, meaning thatthe rating of items of di�erent grades may notbe 
onsistent.A more pre
ise analysis is ne
essary in order tounderstand the in
uen
e of these subpools.3.2 Man-hill feedba
k and overall dif-�
ulty of the Paras
hool e-learningsoftwareWhen the Paras
hool man-hill was �rst elaboratedthree years ago, the na��ve 
on
eption we had of thesystem had us ask it to maximise su

ess on allitems, hoping that the man-hill 
ould possibly �ndan optimal progression within the items allowingstudents to su

eed all the time.This a
tually worked too well, as paths emergedthat found the shortest way to 
omplete a lesson,while visiting the easiest items. This was very en-
ouraging as it showed that the man-hill was doingits job well, even though it did not exa
tly 
orre-spond to what the pedagogi
al team had in mind.The goal was then 
hanged to have the systemaim for items on whi
h the students would have a60% 
han
e of su

ess. The idea of the pedagogi
alteam for this 60/40 rate was that it is ne
essary tofail periodi
ally, in order to learn something. How-ever, it was 
onsidered as en
ouraging if students
ould nevertheless su

eed 60% of the times (ratherthan aiming for a 50% 
han
e of su

ess).

Of 
ourse, this 60/40 rate of su

ess 
an only beattained if the students 
hoose to follow the man-hill suggestions (indi
ated by a small ant on thegraphi
 interfa
e). Students who de
ide not to fol-low the hint are 
onfronted with exer
ises of variousdiÆ
ulty.A ni
e 
on�rmation that things are happeninga

ording to the plans 
omes with the inspe
tionof the di�eren
e in Elo between students and ex-er
ises during a 
onfrontation, depending on the
hosen navigation mode (
f. Fig 3).This graph shows two phases. After a short un-stable period (
orresponding to the time needed bythe man-hill to globally �nd paths 
orrespondingto a 60/40 
han
e of su

ess over visited items), inaverage, the man-hill system suggests items thathave a 200 Elo di�eren
e with students. The verysatisfying thing is that the Elo equation says thata 200 Elo rating di�eren
e means that the strongerof the opponents (the student in this 
ase) has a60% probability to win the game, whi
h exa
tly
orresponds to the goal set for the man-hill.
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Figure 3: Cumulative di�eren
e be-tween student rating and item ratingin e�e
tive 
onfrontations depending onthe type of navigation over one year.
4 Con
lusionDespite the imperfe
tions of the Elo rating, the sys-tem has proved its stability for the last 50 years inthe Chess tournament environment. By adding thisautomati
 rating system to the man-hill pro
ess,Paras
hool hopes to have a good idea of students'and items' level. While tea
hers are proposed a6



high quality feedba
k on the 
ontent and relevan
eof proposed drills, students 
ould follow their rela-tive progression (relative, as an absolute value hasno 
lear pedagogi
al meaning).For the moment, the Elo rating is 
omputed in-side the system and has shown that the man-hillparadigm �ll the wishes of the pedagogi
al teamby suggesting items of the righ strength (60% su
-
ess rate 
orresponding to a di�eren
e of 200 Elorate between the student and the drill). A
tually,the Elo progression is slightly higher for studentswho do not follow the man-hill hints. This sug-gests that items proposed by the man-hill system(60% 
han
e of su

ess in average) are too simplefor the students, not allowing them to in
rease theirElo rate as rapidly as if they were presented withharder drills. This observation would vote for alesser bias (50% for instan
e) but this may dis
our-age some students from using the system. This de-
ision is therefore a strategi
 one, to be made by theParas
hool management and pedagogi
al teams.The next step will be to show to students thelevel of the proposed items. By this way, the sys-tem 
ould see the behaviour of ea
h student fa
ingdiÆ
ulties. For instan
e, when a student de
ideby her/his own to do a tough item, she/he will be
lassi�ed as a pugna
ious student. After that, theman-hill pro
ess 
ould adapt to those students byin
reasing the level of the proposed items. On the
ontrary, the level will be lower for students whoneed to be en
ouraged.Referen
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