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Abstract: An Ant Colony Optimisation technic has been implemented in order to help students roaming
among pedagogical items proposed by the system of Paraschool (French leading e-learning company).
The large number of students rise the idea to use the students instead of artificials ants to leave stig-
mergic information on the web-site graph. This difference brought many changes in the original ACO
process, but also a large improvement in the students’guiding system. The concept of “Man-Hill” has
therefore been introduced. In this stage, the need of rating pedagogical items shows up in order to
present students with strength-adapted items. The Elo automatic chess rating process has been applied
to Paraschool system. Thanks to this mechanism, students and pedagogical items could be rated. As a
side-effect, it is also a powerful audit system that can track semantic problem in exercises.
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Introduction

Paraschool (the French leading e-learning company,
with 200 000 registered students) was looking for
a system that could enhance web-site navigation
by making it intelligent and adaptive to the user.
Since their software is based on a graph traversed
by students (where pedagogical items are nodes and
hypertext links are arcs), Ant Colony Optimisation
(ACO) techniques [6, 1, 2] can apply and show in-
teresting properties: adaptability and robustness.
ACO (developed after the observation of ant-
hills [8, 4]) uses virtual ants to find minimal paths
in a graph. In the Paraschool system, the very large
number of students triggered the idea to apply a
similar technique using real students rather than
virtual ants, with the aim of optimising pedagogi-
cal paths traversing a set of educational topics.
Real-size experimentations have shown that
ant-hill optimisation techniques developed in
Paraschool do not directly apply because students
do not behave like artificial ants. The concept of
an artificial “student-hill”, or more generally “man-

hill” has been introduced and analysed [13, 14, 16].

In a refinement stage, the level of items and
students needs to be evaluated in order to direct
students towards exercises of matching level (there
is no point in suggesting an exercise that is overly
difficult or simple to a particular student). The
Paraschool pedagogical team could rate the differ-
ent items based on their knowledge and experience,
but what may seem simple for a teacher may seem
difficult for a student. Moreover the level of the
students must also be evaluated, which is quite dif-
ficult if the student does not have a long enough
interaction with a human teacher.

A solution to this very important problem was
found in the chess world, with the automatic Elo-
rating computation. After a short description of
the Paraschool “man-hill”, the chess Elo rating is
described in the second section and then applied
to Paraschool system in the third section. Results
on 3 years data are presented and discussed, before
describing future developments.



1 The Paraschool “man-hill”

1.1 The goal

The Paraschool e-learning software is used in
French schools or by individual students at home
over the internet. Connected students have ac-
cess to thousands of pedagogic items (know-hows,
lessons, drills) that were originally deterministically
related by hypertext links.

The aim of the presented work is twofold:

1. find the best succession of items to maximise
learning,

2. and insert some intelligence into the system
so that different students have a different view
of the Paraschool software.

1.2 Differences between humans and

ants

The first idea was to use Ant Colony Optimisation
(ACO) since the two main features of this technique
are robustness and adaptibility. Rather than using
artificial ants as in ACO, the very large number of
users makes it possible to use them directly to re-
lease artificial pheromones on the graph, depending
on how they validated an item (success or failure).
This stigmergic information can then be used by
other students to choose their way on the different
possible pedagogcal paths.

Developing an ant colony optimisation tech-
nique using human students on the Paraschool
graph has however led to the conclusion that hu-
mans do not behave as natural or artificial ants:

e Usually, artificial ants are programmed so as
to solve the problem at hand. On the con-
trary, human students do not follow any par-
ticular algorithm. They go wherever they like
and can only be suggested to follow a partic-
ular path (which might be closer to real ants
behaviour).

e Artificial ants are permanently active on the
entire environment, to the contrary of stu-
dents, who periodically go on holiday, and
are studying different topics along the year.

Standard artificial ant-hills time-based evap-
oration techniques lead to information loss
when used with students, because students
are not equally active all year long, on all
parts of the graph (cf. fig 1).

e Constraints apply on human students that
simply do not make sense with artificial ants.
Artificial ants, for instance, will never com-
plain of going several times through the same
arcs. Human students, on the contrary, will
immediately recognise a drill that is proposed
for a second time and may get fed up with the
system if this happens too often, or if a same
drill is suggested five times.

e Social insects are inherently altruistic: ants or
bees work for their colony and do not mind
exploring a remote part of the environment in
order to find new food spots. On the contrary,
one cannot expect a student to explore some
remote branch of the Paraschool software for
the sake of his fellow-students. Worse: hu-
mans cannot stand not being treated as indi-
viduals, as Nb 6 frantically shouts in the cult
series from the 60’s called The Prisoner star-
ring Patrick McGoohan: “I am not a number:
I'm a free man.”
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Tests have shown that because of these differ-
ences, the standard ACO paradigm does not work
straight out of the box. The concept of “man-hill”
optimisation has therefore been introduced, since
what started with a couple of workarounds is now
a distinct model with its own features, that can
be reused in other different websites, provided that



they are visited by a sufficient number of human
users.

Emergent processes are still mostly unconscious
in human societies: many structures have emerged
over the Internet without any clear design. Study-
ing the behaviour of our “man-hills” could allow to
harness this power to optimise desired features.

1.3 Man-hill optimisation

The solution found to tackle pheromone evapora-
tion during holidays, for instance, is to use a similar
mechanism that is not based on time, that we call
erosion. Erosion occurs on all arcs leaving from an
item only when a user validates the item. This ero-
sion (rather than evaporation) could also be used
on ACO problems that are faced with uneven ac-
tivity.

The need for individuality is dealt thanks to in-
troduction of multiplicative pheromones, that only
belong to a particular student (unlike the cumula-
tive pheromones that bear stigmergic information
accessible to all the individuals of the colony).

Standard cumulative pheromones allow optimal
paths to emerge, while multiplicative pheromones
applied on cumulative pheromones allow to bias the
choice for a particular individual.

As an example, once a student has validated an
item, an individual multiplicative pheromone called
History weight is left on all arcs leading to this item
with a value of 0.1. Therefore, if later on, the stu-
dent has the opportunity to visit the item again, the
standard pheromone found on the arc will be mul-
tiplied by 0.1, therefore tenfold reducing the prob-
ability for the student to be presented this arc.

While global cumulative pheromones erode to a
value of 0 (the neutral element of addition), individ-
ual multiplicative pheromones erode or evaporate
(depending on their nature) to a value of 1 (the neu-
tral element of multiplication). In the case of the
History weight multiplicative pheromone, one can
try to adjust evaporation speed to the (time based)
volatility of the memory of a student, so that a stu-
dent has a reasonable chance to be proposed again
an already visited node when it is probable he has
forgotten the drill.

A further refinement allowing to tailor the sys-
tem for a specific student is to take into account the
level of the student, and direct him towards exerci-
ces he has a reasonable chance to solve. In order to

achieve this, one must find a way to rate the drills
and the students.

2 Usage of an Elo rating scheme
in an interactive tutoring sys-
tem

One could think of several ways to rate the respec-
tive difficulty of a drill and the proficiency of a stu-
dent. The first idea that comes to mind is to ask
the teachers who wrote the item to rate it on a scale
going from easy to difficult, but this is error-prone
because it depends on the judgement of the teacher,
and on the level of the student that is faced with
the drill.

A much better system would be an automatic
rating process for both items and students, but such
a thing is terribly difficult to calibrate. The chosen
solution was to use a very refined system called the
ELO rating [19], that has been used in the Chess
community for the last 50 years, where individuals
compete with each other on a regular basis.

This system takes into account specific difficul-
ties, such as the fact that

1. human abilities changes over time due to
learning and aging,

2. performances can fluctuate punctually (a
competitor may be impaired if he is ill during
the competition),

3. there is a massive turnover of participants
(some people may stay in the system for a
very short while only).

At the end of the fifties, a mathematician, A.
E. Elo [19], developed a chess rating system, based
on the Thursone Case V Model [18] which has
been adopted by chess federations worldwide. His
rating system was not the first one to be tried;
the first rating list was published in Germany by
Hosslinger, according to the Ingo system[20]. How-
ever the Elo-system was much more successful, due
to the fact that rating-differences between two com-
petitors (s; — s;) and mutual winning chances are
much more clearly related in this system than in
any other. Moreover, Elo was the first one to use



computers for his calculations, which enabled him
to rate a huge amount of players.

The major interval (unit) used is derived from
statistics and probability theory. Individual per-
formances are distributed normally. The standard
deviation of individual performances is defined as
200 Elo points.

2.1 Rating update

The equation S;(t + 1) = S;(t) + K(R;j — R;j,) de-
scribes how an original rating S;(¢) is updated as a
function of the expected outcome R;;,. If i and j are
rated players, one can logically expect the stronger
to win over the weaker. The expected outcome is
called R;j,. However, the real outcome of the game
R;; may be different, for reasons quoted above.

If R;; = R;j,, the rating of the players was ac-
curate. If R;; # R;j;,, the ratings S;(t) and S;(t)
need to be updated to reflect the outcome of the
game.

The impact of the R;; — R;;, difference is tuned
thanks to a variable K, which represents the max-
imum amount of rating points that can be won in
one game. A high K-factor gives more weight to
new results while a low value increases the influ-
ence of earlier performances. The K-factor fluctu-
ates between 16 for great players (Elo-rate> 2400)
and 32 for weak ones (Elo-rate< 2100).

According to the Bradley-Terry Model[18], if
the rating difference (S;(t) — S;(t)) is known be-
tween players ¢ and j, the expected probability of
success of player ¢ against player j can be defined

as:
1
5i(0-5;(®)
400

Rij, =
1+10
This is the basic formula for the rating system of
the United States Chess Federation.

In the Paraschool system, one can consider
that students and exercises “compete” against each
other, with the nice outcome that one can objec-
tively compute their respective Elo rating, indepen-
dently of any biases.

2.2 Inflation and Deflation

Since the introduction of the Elo-rating system in
the world of Chess, the range of values has been
expanding constantly. This is mainly caused by
chess tournaments becoming increasingly popular,

as well as the use of Elo ratings becoming more
widespread. In the past, Elo-ratings were only cal-
culated for the happy few who were strong enough
to participate in world class tournaments. Nowa-
days ratings are available for everybody. As the
amount of players in the pool increases, the prob-
ability of some of them being extremely weak or
extremely strong increases as well. The expanding
range of Elo-ratings is a normal phenomenon and
does not pose any problems for the system. How-
ever, other problems arise because of:

1. players entering and leaving the rating pool
(turnover),

2. and the influence of subpools on ratings.

These factor question the “integrity” of the Elo
system, as they can create a general inflation or
deflation of the global ratings.

The integrity of the system indicates to which
extent a given rating s; reflects a same level over
time, and across different subpools.

2.2.1 Turnover

If no new players enter or leave the pool of rated
players, then every gain in rating by one player
would (ideally) result in a decrease in rating by an-
other player by equal amount. Thus, rating points
would be conserved, and the average rating of all
players would remain constant over time. But, typi-
cally, players who enter the rating pool are assigned
low provisional ratings, and players who leave the
rating pool are experienced players who have above-
average ratings. The net effect is this flux of play-
ers lowers the overall average rating. Rating defla-
tion can be defined more specially as the result of
a mechanism that causes players’ratings to decline
over time when their abilities, on average, improve
over time. These players will compete against un-
derrated opponents who are improving, and will on
average obtain lower ratings at the expense of the
underrated players.

2.2.2 Subpools

Inflation and deflation do not only occur in the rat-
ing pool as a whole but also within subpools. A
subpool is a subset of players who keep playing to-
gether over longer periods of time without much



contact with players outside their group. This re-
sults in subpools with artificially low or high rat-
ings. Within the subpool, ratings may still have
a reasonable predictive value, but as soon as play-
ers from a subpool enter larger tournaments, they
will start winning/loosing many points quickly, un-
til their Elo rating is readjusted with reference to
the larger pool.

Altogether, the subpool-phenomenon shows
that it is important for players to periodically play
against people outside of their sub-pool.

3 Elo ratings inside the

Paraschool System

Since the algorithm works straigth out of the box,
the equations and parameters are exactly the same
in Paraschool as in Chess Tournaments. As soon
as a student rating has stabilized, applications are
numerous :

1. Students have a way to know their profi-
ciency, and visualise their evolution.

The Paraschool pedagogical team does not
have to put a subjective artificial rating on
each item.

A very interesting side effect is that the Elo
rating can tell if a drill contains a semantic
or pedagogic flaw (something very difficult to
detect otherwise, when there are thousands of
different items): if an item has an extremely
high Elo rating, this shows that either there is
an error in the exercise, making it impossible
for students to solve it, or that the exercise
is much too difficult for the students to solve
(indicating a pedagogic flaw). The same goes
for items with very low Elo values, that are ei-
ther too simple for the students, or that can
be solved using a bypass (not requiring the
mental process planned by the teacher).

The Elo rating of items revealed to be an
invaluable aid to the Paraschool pedagogical
team if considered as an audit system.

Finally (and that was the primary goal of the
implementation of the Elo rating), the man-
hill system can be refined to propose items

adapted to the strength of a particular stu-
dent.
3.1 and in

Turnover subpools

Paraschool

As in Chess, turnover in Paraschool represents
students entering or leaving the Elo rating sys-
tem. These cases happen more often in the be-
ginning/end of the school year.

Normally a student should keep his account for
several years. In practice, however, schools unfor-
tunately update student lists and accounts every
year leading to possible turnover and subpool con-
cerns.
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Figure 2: Average Elo Ratings and num-
ber of visits over a three years period.
3.1.1 Turnover in Paraschool

On fig. 2, the number of visits clearly shows peri-
ods of inactivity during summer vacations. In be-
tween, the Elo rate average of the students tends
to increase, which is a positive result (students are
getting better).

The drop in the beginning of each year comes
from the fact that Paraschool increased its number
of students from 50 000 to 200 000 over the three
years on which data was collected (as can be seen
by the increasing number of visits).

Fig. 2 also shows that the Elo rate of items
tends to decrease year after year. This is because to
the contrary of schools (that reset student accounts
every year) Paraschool does not reset the Elo rating
of items, therefore causing a constant deflation of
items ratings, as students get better over the years.



3.1.2 Paraschool subpools

In Chess tournaments, a player can possibly com-
pete with any other player, even though most com-
petitions are held within countries.

In the paraschool system, it is much less so for
several reasons:

1. An item cannot compete agains another item,
and a student cannot compete against an-
other student. This de facto creates two sub-
pools of a different kind however from chess
subpools where subsets of players can play ex-
clusively within their group. The dynamics of
this environment is therefore slightly different
from the chess environment.

2. The Paraschool system also shows chess-like
subpools, since it hosts different grades. Stu-
dents in a grade will most exclusively com-
pete with items of their grade, meaning that
the rating of items of different grades may not
be consistent.

A more precise analysis is necessary in order to
understand the influence of these subpools.

3.2 Man-hill feedback and overall dif-
ficulty of the Paraschool e-learning
software

When the Paraschool man-hill was first elaborated
three years ago, the naive conception we had of the
system had us ask it to maximise success on all
items, hoping that the man-hill could possibly find
an optimal progression within the items allowing
students to succeed all the time.

This actually worked too well, as paths emerged
that found the shortest way to complete a lesson,
while visiting the easiest items. This was very en-
couraging as it showed that the man-hill was doing
its job well, even though it did not exactly corre-
spond to what the pedagogical team had in mind.

The goal was then changed to have the system
aim for items on which the students would have a
60% chance of success. The idea of the pedagogical
team for this 60/40 rate was that it is necessary to
fail periodically, in order to learn something. How-
ever, it was considered as encouraging if students
could nevertheless succeed 60% of the times (rather
than aiming for a 50% chance of success).

Of course, this 60/40 rate of success can only be
attained if the students choose to follow the man-
hill suggestions (indicated by a small ant on the
graphic interface). Students who decide not to fol-
low the hint are confronted with exercises of various
difficulty.

A nice confirmation that things are happening
according to the plans comes with the inspection
of the difference in Elo between students and ex-
ercises during a confrontation, depending on the
chosen navigation mode (cf. Fig 3).

This graph shows two phases. After a short un-
stable period (corresponding to the time needed by
the man-hill to globally find paths corresponding
to a 60/40 chance of success over visited items), in
average, the man-hill system suggests items that
have a 200 Elo difference with students. The very
satisfying thing is that the Elo equation says that
a 200 Elo rating difference means that the stronger
of the opponents (the student in this case) has a
60% probability to win the game, which exactly
corresponds to the goal set for the man-hill.
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Figure 3: Cumulative difference be-
tween student rating and item rating
in effective confrontations depending on

the type of navigation over one year.

4 Conclusion

Despite the imperfections of the Elo rating, the sys-
tem has proved its stability for the last 50 years in
the Chess tournament environment. By adding this
automatic rating system to the man-hill process,
Paraschool hopes to have a good idea of students’
and items’ level. While teachers are proposed a



high quality feedback on the content and relevance
of proposed drills, students could follow their rela-
tive progression (relative, as an absolute value has
no clear pedagogical meaning).

For the moment, the Elo rating is computed in-
side the system and has shown that the man-hill
paradigm fill the wishes of the pedagogical team
by suggesting items of the righ strength (60% suc-
cess rate corresponding to a difference of 200 Elo
rate between the student and the drill). Actually,
the Elo progression is slightly higher for students
who do not follow the man-hill hints. This sug-
gests that items proposed by the man-hill system
(60% chance of success in average) are too simple
for the students, not allowing them to increase their
Elo rate as rapidly as if they were presented with
harder drills. This observation would vote for a
lesser bias (50% for instance) but this may discour-
age some students from using the system. This de-
cision is therefore a strategic one, to be made by the
Paraschool management and pedagogical teams.

The next step will be to show to students the
level of the proposed items. By this way, the sys-
tem could see the behaviour of each student facing
difficulties. For instance, when a student decide
by her/his own to do a tough item, she/he will be
classified as a pugnacious student. After that, the
man-hill process could adapt to those students by
increasing the level of the proposed items. On the
contrary, the level will be lower for students who
need to be encouraged.
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