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Abstract. The course timetabling problem consists in scheduling afkic-
tures in a cyclic fixed period of time, typically a week. We sifer the course
timetabling problem for a set of university departmentsylich each department
prepares the schedule for its curricula according to privales, constraints, and
objectives, and relying on own resources. Resources areamoion property,
but departments could negotiate in order to share and/dramge them for mu-
tual benefits.

For this problem, we propose a multiagent scheduling sybi@sad on a market-
place and an artificial currency. In this framework, eachadepent has a team
of three cooperating agents, which are responsible foerdifft tasks: searching
for a local solution, negotiating resources with other depants, and managing
relevant information.

To prove the effectiveness of the architecture, we preseexperimental analysis
that shows the benefits in the real situation of our instituti

1 Introduction

The course timetabling problem consists in scheduling afdettures between
teachers and students in a fixed period of time, typically akwg&Ve consider
the timetabling problem for a set of university departmentsschools, or fac-
ulties) that have to schedule the courses of their curricuéagiven term. Each
department prepares its weekly schedule based on its enelavafirooms, and
according to its own constraints, rules, and objectivegjeineral, a department
is not willing to share its information with the other depaents; therefore we
assume that all input data are private for each departmehthais inaccessible
to the others.

On the other hand, whenever resources are usable for moastihemts,
e.g., they are located in the same site, departments coakfibéom sharing
and/or exchanging their resources. Indeed, the resoumenenent for each



term is not always optimally suited to the needs of the depemts, but rather
based on political and historical matters. Moreover, ttageeno global objec-
tives to be satisfied; therefore all departments excharsgmirees for their own
selfish interest, although they have a moral impulse to bafiledith the other
departments, whenever possible without loss.

In our university, the Faculty of Engineering uses an autaslver (de-
scribed in a previous work, not cited for anonymity) thateslies the courses
in a quite satisfactory way. Unfortunately though, it is abte to negotiate au-
tomatically with the other departments that are locatechan game campus.
At present, the negotiation takes place verbally among ¢amsl of the depart-
ments, the administrative staffs, and/or the persons thertate the timetabling
system. It requires good “diplomatic skills”, it is quiten& consuming, and in
general not effective enough.

Due to privacy of information, different objectives, andfish behavior, the
use of a single centralized timetabling system (or at leastrdralized room
assignment system as discussed in [9]) is not a viable optithin our frame-
work. Furthermore, the presence of different objective thedyenuine hardness
of the timetabling instances make a distributed (but cotepleolution [16] im-
practical as well. For these reasons, we propose an autosateduling sys-
tem based on a multiagent architecture. Each departmenhieescooperating
agents, calledsolver, Negotiator, and Manager, which are responsible for
searching a solution, negotiating with other departmemtd,managing and up-
dating relevant information, respectively.

We propose a general architecture for the system and weiloesoe tasks
and the functionalities of each of the three agents. Oueatigfforts are mostly
focused onSolver, and we have developed a versionSilver that is based
on the local search paradigm [5]. Our local search algostlexploit different
cost functions that take into account expenses related gsilfle trades. The
algorithms rely on information coming froiddanager about the probability of
finding certain resources and the expected prices for them.

We also provide an experimental analysis of the system ireaif§psetting
and on real data. In this analysis, we evaluate the overdibmeance of the
system, based on a small number of parameters that congrbktiavior of the
agents.

2 Course Timetabling

We first define the internal problem that each individual diepant has to solve
based only on its own resources. Secondly, we introduce éhergl problem
with several departments, and we discuss the global asgmapt



2.1 Centralized Course Timetabling

Among different formulations proposed in the literatur@][lwe consider the
one that applies to our institution, though slightly sirfiplil for the purpose of
generalization.

There argy courses:y, . .., cq, p periodsl, . .., p, andm roomsry, . .., ry,.
Each course; consists ofl; lectures to be scheduled in distinct time periods,
and it is attended by; students. Each room; has a capacityap;, in terms
of number of seats. Since teachers are not available foredlbgs, we define
a g x p availability matrix A, such that;, = 1 if lectures of course; can be
scheduled at periokl, a;;, = 0 otherwise. The input includes als@ & ¢ conflict
matrix CM, such thatm;; is equal to the number of students that attend both
courses:; andc;. An elementem;; has the conventional valuel if the courses
¢ andj have the same teacher (in this case the number of commomgtude
irrelevant).

The output of the problem is an integer-valugc p matrix 7', such that
T;, = j means that coursg has a lecture in room; at periodk, andT;;, = 0
means that coursg has no class in periokl.

We search for & such that the followindpard (H) constraints are satisfied,
and the violations of theoft (S) ones are minimized.

H1. Lectures: the number of lectures of coursgemust be exactly;.

H2. Room Occupancy:two distinct lectures cannot take place in the same
room in the same period.

H3. Teacher conflicts:lectures of courses with common teacher must be all
scheduled at different times.

H4. Availabilities: a course cannot be scheduled in a period in which the teacher
is not available.

S1. Student Conflicts:lectures of courses with common students should be all
scheduled at different times.

S2. Room Capacity:ithe number of students that attend a lecture should be less
or equal than the number of seats of the room that host therésct

In order to fit the soft constraint types in a single objectiwaction, we
define the notion ofinit of penalty a unit of penalty isa student that is forced
to miss a lectureAccording to this definition, for S1 the weight of a violaiio
is the number of common students.;;. In fact, these are the students that are
forced to choose one out of the two lectures, and consequeigls the other
one. For S2 the weight is the number of students in excess tha. capacity
of the room (we assume that it is not allowed to have studeatslsg in the
room, and students in excess are forced to skip the lecture).



We also assume implicitly that all rooms are consideredtidat) and they
differ only for the capacity. Therefore we neglect the poiisy that some spe-
cific courses might require special features (e.g., projeaudio system, acces-
sibility for handicapped persons).

Let us remark that with this formulation it is relatively gde find a feasible
solution in practice, even though the underlying problerstiis NP-complete.
In fact, the constraint types which are normally the modidaift to be solved,
namely the student conflicts, here are considered as soft.

2.2 Distributed Course Timetabling

The distributed course timetabling problem consists irsthrultaneous solution
of a set of instances of the centralized course timetablioblpm, each instance
representing a single department. Courses and rooms directfer each de-
partment, so that each department has a preassigned endbwafmeoms that
it can use freely for its own courses. Timeslots are the samalifdepartments:
they represent the same time intervals, and all intervale tiee same length.

What makes the instances interconnected is the possifility lecture to
be allocated in a room owned by another department (if itee fn the given
timeslot). Rooms are the resources that can be exchandbdugih they are
never actually “given away”, but simply “rented” for somen@islots. The unit
of good to be traded is thus a pair room/timeslot, that weroalinslot

Each department however maintains its own constraints hjedtives, and
there is no notion of global objective. In general, diffdrdepartments may also
use different constraint types, and this indeed happensairtipe. In this work,
for simplicity we assume that they all use the same consteaid objective
types defined in the previous section.

The problem thus consists in searching a general solutievhioh depart-
ments might also use external roomslots, but they have npleteninformation
about available external roomslots. The information iadteomes only from
explicit bids by the departments that accept to give awayesofrtheir room-
slots.

In order to solve this problem we have to define bidding praigcynchro-
nization, and trading mechanisms that allow the departsnenbegotiate. The
system we have to design should lead to virtuous behaviongspect of the
autonomy (and the selfishness) of the departments.

! This hypothesis of equalized timeslots might seem tooiogist, but it is indeed natural for
departments that want to exchange resources profitablyindadt it is already agreed in our
campus.



3 The Trading Framework

To devise a negotiation mechanism capable of fostering stminexchanges,
we design an electronic marketplace that we call RSMP (fariRalot Market-
Place).

There are different types of architectures and formaliregifor market-
places proposed in the literature (see, e.g., [1, 8, 10]Jjowing the usual di-
mensions (see, €e.g., [15, chap. 7] or [7]), the negotiatruirenment in RSMP
is: single issuethe only issue is the pricenany-to-manyseveral agents take
part in it, assuming both buyers and sellers roles;\aitld correlated valuethe
value of a roomslot depends partly on public factors (capaeimporal location
in the week) and partly on private factors (specific necgésita department).

The aim of RSMP is different from a classical market/auc{ib]: in the
latter, the aim is that buyers offer the true valuation of go®d on sale (this
is why, e.g., Vickrey auctions are adequate); conversetyaim at designing a
mechanism that maximizes the number of roomslot exchatiges leading to
win-win situations and to better timetables.

Therefore, RSMP needs to encourage, in some respect, a oaperative
behavior than classical economic marketplaces and asctigith the aim of
maximizing the social welfare. Notice that it is difficult pdace precisely our
agents in a welfare classification [2], because of the uairayt of their utility
function. That is, an agent that has to decide whether tcaselbmslot or not
cannot foresee whether that roomslot will be useful in italfpian. This is due
to the complexity of the search space and the non-detemministhe search
procedure.

To deal with this scenario, and to avoid an overwhelming dewity, we
need to make some working assumptions, underlined in th@nfiolg descrip-
tion of RSMP.

First we assume that roomslots are only sold and boughgrntithn bartered
between departments. In addition, we assume that agendéysatnade single
roomslots and not multiple units as a whole (leading to a déoaibrial auction
[12]).

These assumptions might look counterintuitive becausesiasy to imagine
that a department might be willing neither to sell a currenthused roomslot
without assurance of the acquisition of the necessary ardprbuy only some
of the roomslots necessary to fulfil its perspective timietab

However, the current practice shows that a more complexngatiecha-
nism would make the offer and demand matching rarely suftdefisus block-
ing the market. Conversely, it is agreed that the departsnactept a limited
amount of risk so as to make the trading system work profitably



To implement this mechanism, we define a notiomutificial currencythat
the agents spend/receive for buying/selling roomslotés Bha common prac-
tice; for example, a similar approach is used in [14, 3] fdrextuling problems.
We define aunit of currencyto be nominally equivalent to one point in the
objective function, i.e., to a student seat in a room for atlot. We call our
currency SPT (seat per timeslot). Consequently we assumhedbh department
is given an initial amount of available SPTs, and it can spen&PTs as long
as its budget is above zero.

Based on the above considerations and assumptions, inrfentumple-
mentation the RSMP follows a simple synchronous mecharasthe beginning
of the negotiation phase, all the agents enter the marketplehen, all agents
post their purchase and sale offers as sealed bids to theetplade. Purchase
bids are a pair, made up by wanted roomslot and offered psiépids, in-
stead, do not have an associated price, and the roomsldiensibld to the best
offer. This means that there is an implicit totaincessiorby the seller. This
greatly simplifies the trading mechanism because it doesgoire concession
protocols [11] that take place in iterated rounds.

At the end of the bidding stage, the RSMP makescthar, and it calculates
a matching of bids by assigning each roomslot for sale to idheel that offers
the highest price (breaking ties randomly). In this matghRSMP maximizes
the number of deals made, so that a request for a roomslotieéa gapacity is
matched also by a roomslot with a bigger room (if no precistemia available).

The overall process, starting from bids posting to cleariggterated until
either a maximum number of iterations has been reached ®3MP is empty
because all agents exited it. An agent exits the RSMP whersiétisfied, mean-
ing that it has achieved all its deliberated trades. Betwwerconsecutive clears
(i.e., after a new solving round), bids are posted again soratch.

An important point of our setting is that agents keep theif S8ver subse-
guent teaching terms. Therefore, an agent can be willingltéits roomslots not
only to buy others, but also to accumulate money to be sptat [Ehis mecha-
nism, that already exists in the current verbal negotiatioour institution (in a
less formal way, though), allows a department to save momefufure harder
instances (i.e., more dense terms), and also creates nwrefoo negotiations.

Since hard constraints are easily satisfied with interredueces (see Sect.
Centralized Course Timetablijhgve can assume that agents buy roomslots only
to improve the objective function, and never to satisfy all@mstraint. Under
this assumption, the buy price of a roomslot is a value thagea from 0 SPTs
to the capacity of the room: in a timeslot in which there arenpt of rooms
available for all departments (typically, Friday afternpshe value is normally



0; in a very crowded timeslot (e.g., Wednesday morning) ansiot can give an
improvement of the objective function up to its capacity.

Actually, is it worth remarking that the value of SPTs is onlyminal, be-
cause in principle a department that is rich enough of SPU&lIdoe willing
to spend more than the value of a roomslot in order to provigenst an ac-
tual penalty. Nevertheless, we assume that the maximumdbie foomslot
is its nominal value so as to prevent the possibility of gatieg inflationary
phenomena in the marketplace. Such possibility will bestigated in a future
work.

4 The Agents

In our framework each department has a team of three codpgrgents, with
different tasks and objectives. In this section, we desdbitiefly the agents and
their interaction.

The agentSolver generates the solutions to the timetabling problem for
the department, using an optimization technique. Howearesur framework
the search strategy of the individuablver must be adapted so as to take into
account the deliberation of potential trades flver will be discussed in detail
in the following section.

The ageniNegotiator participates in the RSMP, and its task is to deliberate
the list of sell/buy bids. The buying bids are directly iméat from the solution
received fromSolver. The selling bids are autonomously decided\®gotia-
tor, which can have different deliberation strategies: it mightotallybold by
selling everything that is not used in the potential sohutior totally conser-
vative by selling only resources that are useless also in best smdation, or
have an intermediate behavior. Notice that due to the streatf RSMP the
Negotiator does not need to have any pricing strategy.

The agentManager has the task of maintaining the price quotations for
needed resources (see, e.g., [14]). These quotations @essaey folNegotia-
tor to make profitable bids and f@olver to estimate the cost of the missing
resources, so as to evaluate whether a given solution isigiraor not.

The information is stored into a two-dimensional m@p(for quotation),
such that the indexes are the timeslbts. . , p and the available room capacities.
The value of each cell is a list @fptions Each option is a pair composed by a
price and the estimated probability to find a roomslot of tkergcapacity at that
price. For example if)(3, 40) = {(10, 0.02), (20,0.07), (30, 0.50), (40, 0.80)},
it means thaManager believes that the probabilities of buying a room of ca-
pacity 40 in timeslot 3 at prices 10, 20, 30, and 40 are 2%, T%,5nd 80%,
respectively.
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Fig. 1. Agents Activity Diagram

Manager updates the map after each trading session using the actol i
mation coming from RSMP. In the current implementation,rit@y takes as
probability the frequency of the postings in the marketplacall past runs. In
the first run, the values are created from data coming fromiaartraining runs.
A more sophisticated learning algorithm for the update balldeveloped in the
future.

The behavior of the agents’ team is shown by the UML Activitia@ram
in Fig. 1. Initially Solver finds the best solution based on its own resources
(called certain best andManager initializes the price quotations. In the next
stage,Solver searches for thancertain best solutigrthat is the best solution
considering also potential trades. The uncertain best godgotiator that
first deliberates which sell/buy offers to post, and thereenthe RSMP to trade
with the otherNegotiators. The outcomes of the trading are passe&aodver
that updates the available resources and searches forghébeain) solution
in the actual situation, and tdanager that updates the quotations.

5 Search Strategy forSolver

All activities of Solver, shown in Fig. 1, are carried out using local search. Local
search is a family of general-purpose techniques for seamnchoptimization
problems. These techniques aren-exhaustiven the sense that they do not
assure to find a feasible (or optimal) solution, but they exphl search space
until a specific stop criterion is satisfied.

Local search methods rely on the definition of theighborhood relation
and thecost function which are the core features for the exploration of the



search space. The neighborhood of a solution is the set aicw which are
obtained applying a set of local perturbations, calleaves The cost function
estimates the quality of each state, and is related to thedrat soft constraint
violations.

Several search techniques can be defined upon this framedepknding
on the criteria used for move selection and search stoppimg.most common
local search techniques anél climbing, simulated annealingandtabu search
[4], not described here for the sake of brevity.

The activitiesFindInitialSolution and FindCertainSolution use the same
algorithm, except that the former starts from a random smiutwhereas the
latter starts from the uncertain best solution that conas the previous search.
Their cost function is simply the sum of the objective fuantand the number
of hard constraint violations, the latter being multipliegla large constant.

The algorithm used is a “tandem” of a hill climbing and tabarsé runs,
such that they are repeated cyclically and each one startstfre final solution
of the other. At each iteration, the hill climbing proceddraws a random move
and executes it if the move is improving or sideways (samg.c0therwise the
hill climbing remains in the same state. The tabu searcledasexplores the
full neighborhood and executes the best non-tabu movegbeimproving or
not. The loop continues as long as one of the two proceduddas some
improvement.

The rationale for the tandem is that the hill climbing is fasd provides
some diversification, whereas tabu search intensifies ls@arthe promising
areas of the search space. Due to their complementary roke isearch the
two components use two different neighborhood relatioitsclimbing moves
a lecture in a different timeslot and a different room, tabarsh moves either
the timeslot or the room.

For FindUncertainSolution the search space comprises also all rooms that

are stated as potentially available lanager. In addition, the cost function is
augmented by two hew components:

— Cost of the roomslot options to be found in the marketplakis; it a soft
constraint and its weight is simply 1 for each SPT to be spent.

— Total risk of the necessary purchases; this is also soft aighted by mul-
tiplying it by a small constant. In addition, there isreaximum acceptable
risk, called o, that behaves as a threshold, so that a total risk aboige
considered a hard constraint violation.

Notice that there is no component that takes into accoungaimes coming
from sales. This is a deliberate choice based on the intuttiat if a department
needs one of its roomslots, it should not try to sell it onlgdngse the possible



gain from the market is higher than the contribution to thermal objectives. In
other words, we want to refrain departments from behavkesipeculatorghat

search more for the best deal rather than solving their bptodlem, making
consequently the market very unstable and unpredictable.

6 Experimental Analysis

We perform an experimental evaluation of the proposed agétit system on
two real timetabling instances from our university. Eadtamce comprises five
departments and has a timetabling horizon of one week @hildéventy peri-
ods (four 2-hour slots per five days).

The first set of experiments aims at validati®glver in terms of the capa-
bility of deliberating successful trades, depending onnttaximum acceptable
risk a.. For this purpose, all departments have the same configarditased on a
Negotiator that simply acts as a bold trader ananager that is fed with the
bidding frequencies coming from a set of trial runs. IniB&Ts are assigned so
as to balance inequalities in the room endowment (the suroashrseats and
SPT is proportional to the total number of students in thaules).

We run this experiment fow ranging from0.0 (no trading) t00.95 (max
trading). For each risk level € {0.0,0.2,0.4,0.6,0.8,0.9,0.95} we perform
20 runs of the system and we record the total solution cast {he sum for all
departments).

The results are reported in Fig. 2. For each instance, thghgiats the dis-
tributions of the normalized cost (by the median cost at 0) against the risk
level a.. Due to the nature dbolver, the cost distributions are highly stochas-
tic, and therefore we describe them by means of box-andketssplots> As
intuitively expected, the trading mechanism significanthyproves the quality
of the timetables obtained by the isolated solvers (cooeding to the leftmost
boxes,a = 0).

More interestingly, Fig. 2 shows that there is a tendencyhefdost val-
ues to decrease up to an optimal value of risk and to incrdéesedfter. This
shows how an excessive confidence on the possibilitiesedffby the market-
place might result in an uncertain solution that eventudtigs not turn into a
certain one of comparable quality. The optimal risk value eary for different
instances, depending on the general room occupancy intka tgrm.

2 The dashed vertical lines represent the range of variatienfrequency is expressed through
a boxed area featuring the range between the 1st and the 8rtilleof the distribution, the
horizontal line within the box denotes the median of theritigtion and the notches around
the median indicate the range for which the difference ofiareslis significant at a probability
level of p < 0.05.
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Fig. 2. Normalized total cost for different risk levets

Fig. 2 only shows the aggregate values for all departmersnilized costs
for single agents are shown in Tab. 1. Data show that sometdegats (Civil
Eng. Dept) have a very high gain whereas other (Environnhé&mtg. Dept) in
some configurations have no gain at all, which reflects thaiurgss of the
room endowment. The table also shows that intermediateesaitn lead not
only to better results, but also to a more uniform distribatof the gain among
all departments; this is due to the fact that all departmeaittscipate effectively
in the market.

Dept. 0.2 0.4 0.6 0.8 0.9 0.95
Environmental 0.74 0.76 0.78 1.00 1.00 1.00
Civil 0.06 0.13 0.20 0.13 0.14 0.16

Electrical 0.39 0.46 0.54 0.49 0.38 0.32
Management 0.89 0.84 0.79 0.86 0.97 0.93
Mechanical 0.80 0.71 0.62 0.65 0.60 0.94

Table 1.Normalized costs for all agents and risk levelsaveraged on the two instances

Our second set of experiments investigates the behaviosydtam config-
uration in which agents have different risk attitudes. Wedwo extreme risk
levels 0.2 (risk adverse) and 0.95 (risk taker) and we rursjfstem for a set



of configurations in which four agents have a normal risk ll€0e5), and the
remaining one is somewhat “unconventional” and has themsdrvalue.

Table 2 shows the normalized performance for only the ureational
agent. The left column shows that the risk adverse ageninsbtaasonably
good results, although not for all departments. This isifivily explained by
the fact that such an agent tends to make fewer buy bids atgnigh than the
others (due to their higher risk level), resulting in a biggember of successful
purchases. For the same reason, the risk-taking agennhsigaorer results, as
shown by the right column of the table.

Dept. 0.2 (risk adverse) 0.95 (risk taker)
Environmental 0.76 0.94

Civil 0.32 0.26
Electrical 0.49 0.52
Management 0.69 1.00
Mechanical 0.60 0.98

Table 2. Normalized costs for the unconventional agent averagetd®iwo instances

7 Conclusions and Future Work

We have shown a working multiagent architecture for digted course timetabling
that features interesting experimental results. The systeuld have an unques-
tionable practical usefulness, given the time currentlgnspn meetings and
phone calls to obtain a quite unsatisfactory result; thenrpatential obstacles
that we foresee to its use are the consensus on the marketpies and the
acceptance of its outcomes by deans, professors, and t&uden

This is an ongoing work, and many features need to be furéhexldped and
investigated. First of all, recall that the formulation béttimetabling problem
used in this paper is simplified w.r.t. the actual situationthe future, we plan
to experiment with the complete problem formulation acedpby the actual
solver of our university (which has 15 constraint types,rtimg both hard and
soft ones altogether). In addition, the use of external iota generally has
some organizational costs that cannot be completely riegle€or example, the
rooms might be distant to each other, or simply there is afooshe confusion
related to students wandering around searching for themrd he cost of the
negotiation itself (time spent on computing, number of rages exchanged by
the agents,...) should also be included in some way in omlebtain a fair
comparison of the results.

The ageniManager must be redesigned in such a way that it updates its in-
formation by using some form of reinforcement learning nagism, rather than
the simple frequency values. Furthermore, we plan to develmore informed



strategy for the deliberation of sell bids. For exam@elver could provide to
Negotiator some objective information about the usefulness of roots$lased
on statistics about its runs. Based on such informatiegotiator could use a
less bold strategy and sell only roomslots that are cleatjass. Moreover, in
the experiments we have assumed that SPT are assigned(ifairjyoalancing
the unfair room endowment), so that departments with less s@an bid higher
and have more chance to get the rooms they need. Howevegdtigar depart-
ments with more rooms might not accept such a distributibey(tdo not accept
room rebalancing!). Therefore, we plan to investigate vilagipens if the initial
SPT allocation is not fair, but based on other distributions

The marketplace mechanism could be improved to allow alsdifterent
kinds of trades. For example, agents could be interestedapng rooms of
different capacities in the same timeslot (with some comspgon in SPTS).
Furthermore, some limited form of multi-roomslot tradingutd also help in
some contexts.

Finally, we are interested in studying the interaction @fedent kinds of ne-
gotiators in the same marketplace. In particular, we waimvestigate whether
smart deceitful agents could take advantage of cooperadik® ones. Conse-
quently, we plan to redesign the marketplace rules to ptemetfor neutralize
such a behavior.
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