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Abstract.
hiring and assigning of Graduate Teaching Assistants (GiAaca-

demic tasks based on the GTAs qualifications, preferennds\ail-

ability. This system is built using Constraint Processieghhiques
and is operated through web-based interfaces. Variousonsref

the prototype system have been in actual use since Fall 2@Diave
yielded a significant improvement in the quality and stapitif the

final assignments in our department and a reduction of thé&laaxl

and frustration of the administrators involved in this taBkis paper
describes the motivation and practical significance ofgigtem, the
design and functionalities of its components, and the iegand re-
search opportunities it has enabled.

1 INTRODUCTION

This paper describes a system we designed and implememttitefo
management of Graduate Teaching Assistants (GTAs) [3]arDir
partment of Computer Science & Engineering (CSE) of the ehiv
sity of Nebraska-Lincoln. The task is to assign GTAs, basetheir
qualifications and availability, to academic tasks suchradigg, su-
pervising labs and recitations, and teaching introduattagses. This
application is a critical and arduous responsibility thHa¢ tdepart-
ment’s administration has to drudge through every semeEyer
ically, every semester, the department has about 70 diffexea-

demic tasks and can hire between 25 and 40 GTAs. The problem

is often tight and sometimes over-constrained. In the phisttask

has been performed by hand by members of the staff and faculty

Tentative schedules were iteratively refined and updategdan
feedback from other faculty members and the GTAs themsglves
tedious and error-prone process lingering over 3 weeksastquite

common for the final hand-made assignments to contain a numbe

of conflicts and inconsistencies, which negatively affélatsquality

of our program. For instance, when a course is assigned a G{FA w

little knowledge of the subject matter, the course’s ingu has to
take over a large portion of the GTA's job and the GTA has te#tv
considerable effort to adjust to the situation. Moreovardsnts in
the course may receive diminished feedback and unfair ggadi
We have built a web-based interface that streamlines GTAGpp
tions and allows candidates to specify their preferencetafiks on
a scale ranging from 0 (cannot handle) to 5 (best choice}hEymwe
have implemented a number of functionalities, based ontins
processing techniques, that assist the human manager énagieiy
solutions automatically or interactively. The modelinfpefs started
in Spring 2001. Various versions of the prototype have beed @v-

1 Constraint Systems Laboratory, Computer Science and Eegirg, Uni-
versity of Nebraska-Lincoln, Lincoln NE 68588-0115 eméifim, vgud-
deti, choueiry @cse.unl.edu

In this paper, we describe a system for managing theery semester since Fall 2001. This system has effectivelyoex the

number of obvious conflicts, with positive effects on the lgqyaf
our academic program. It has also decreased the amounteffich
effort spent on making the assignment and gained the agpaoda
satisfaction of our staff, faculty and student body.

Section 2 describes the design of the system. Section 3 summa
rizes the benefits of our endeavor, both for administratioth® de-
partment and also for training students in Al modeling arsagch.
Finally, Section 4 and Section 5 draws directions for fuh@search
and concludes this paper.

2 SYSTEM ARCHITECTURE

The current system has the components shown in Fig. 1: web-
interfaces for data acquisition from a human manager aniéchd
ual applicants, a relational database for storing the cttk data,
a number of search algorithms, and the ability to genergierte
Current developments include secure interfacing withensiiy, col-
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lege and department databases, visualization widgetsifgrosting
the manager in decision making, and an integrated systeralfor
gorithm management and collaborative strategies. Theeim@hta-
tion is heterogeneous: the database is a MySQL databasegthe
interfaces are implemented in PHP, and the search alga@ithiein
Common Lisp and C++. Below we describe the implemented cempo
nents. Sections 2.1 to 2.3 focus on the input and manipulafidata
and have, for now, little to do with constraint processingwéver,
they are essential for implementing and running the detisiaking
algorithms and for designing intelligent techniques forada@sual-
ization. Section 2.4 discusses the constraint model anidtiective
and automated search algorithms.



2.1 MySQL Database Server

additional buttons for selecting functionalities spectfiche mode
appear in a vertical frame in the left margin. These buttorsdés-

We designed a MySQL database to store the information ehterep|ayed as long as the mode is active.

by the applicants and the manager. The schedule of classemis
automatically retrieved from a departmental databaseth&llcom-
ponents of the system use the database directly or indirg€t. 1)

to store and retrieve data. We foresee a secure univergitgy-wte-

gration with (more or less) structured databases, whichtiates an
invaluable opportunity for extending the use of constrairticessing
techniques to database access security.

2.2 Web-interface for GTAS

Graduate students can at any time apply for consideratidnugn
date their record. A deadline for receiving applications ogtion-
ally be enforced. Accounts are password protected. It isiarthat
the system not be restricted to applicants who already has@uats
in the department. Indeed, admitted graduate students fisceign
countries need to be able to register on the system and ihpirt t
academic data and preferences over the Internet priorit@arfhe
interface offers four main modes.

The first mode allows the manager to manage the GTAs in the
system, i.e., those that have applied for the specified semasd
those that are hired for that semester. The list of GTAs demsd at
any point in time can also be filtered by any number of preddfine
selection criteria based on the applicants’ performans®hi via a
graphical template for selective queries. The managerteaaliility
to hire, release, and specify the hiring percentage (i-BA &pacity)
of a particular applicant, and to view and generate PDF tepdout
any number of the listed applicants. Further, the managesead an
email message to any subset of these applicants. Finalyp#mager
can delete the record of any applicant or add new ones.

The second mode allows the manager to manage the classes in a
semester, specifying course loads, their types (e.g.irggathb, or
lecture), and various dependencies among courses. FigovZssh
screen shot of a page of the second mode. In this mode, thegerana
can also enforce the assignments of GTAs to classes toysaisfe
requirement external to the system. For each class, a puifrdnenu
lists all hired GTAs (regardless of whether they are avégladmppro-

The first one is a form for inputing the academic record of ap-priate for the task, etc.) from which manager can selecthJue-

plicants, which was formerly collected by the departmenpaper.
This includes the number of semesters supported so faretie |
of support, the current advisor, previous teaching expeaeGPA,
English proficiency level, ITA qualificatidn the list of course defi-
ciencies, etc. The second option displays the list of cauosiered
during the semester and their meeting times. For each camssp-
plicant can specify his/her preferences: ‘5 Best choigefravorite,
‘3 Qualified,’ ‘2 Able to handle, ‘1 Avoid if possible,’ ‘O Canot han-
dle.” The student can check a box indicating that he/sheriled in
given course, which automatically sets up the preferenkesvta 0.
In all other cases where the applicant specifies a preferesilce
of 0, the system prompts the applicant to provide a justificafor
the inability to handle the course. A preference value id®€eB by
default to reduce the applicants’ burden in specifyinggnefices. At
the bottom of the window, a permanent legend reminds theeatad
of the meaning of the different preference values. The thirct-
tionality provides students with direct access to the afficourse
descriptions. This is useful for incoming students who haeeyet
joined the department. Finally, the last functionality s @ptional
survey, requesting applicants’ comments and their feddbacthe
ease of navigation and data entry.

The first two modes (i.e., academic record and teaching prefe

ences) display the time-stamp of the last modifications made
the applicant. Importantly, every time an applicant modifiés/her
record or preference selections, a message confirming thela
input is sent via email to the applicant for his/her persoaabdrd.

2.3 Web-interface for manager

The interface for the manager permanently displays, in eboral
frame on the top of the page, five buttons representing theaepe
tional modes for (1) managing the GTAs, (2) managing theselsis
(3) performing interactive selections, (4) running sealgorithms,

and (5) making server-level commands. These five modes are co

trolled by a semester selector, set up by default to the nezstnt

assignments are considered hard, can be enforced onlygthtbis
specific page, and cannot be undone by the interactive (Beti.2)
or automated (Section 2.4.3) search facilities.

The third mode is currently thought to be the most useful iy ou
users because it assists the manager in making interagcitiVid-
ual or group assignments manually in an efficient way. Theagan
remains in total control of the decisions, but is receivedhef bur-
den of keeping track of the consistency among decision. Ystes
offers a dual perspective: a task-centered view and a GTheced
view. We use constraint-based techniques to display thesGaA
ternatively, courses) available and not for each courder(edtively,
GTA), and to propagate the effects of the manager decisiorthe®
remaining open decisions, see Section 2.4.2.

The fourth mode offers several search algorithms for autioalsy
solving the problem. These algorithms consider the prayas®ents
made in the second mode as hard constraints, but do not éket) t
into account the interactive decisions made in the thirdenddhese
algorithms run independently whenever selected by the user

Finally, the last mode provides the manager with systeratlev
functionalities such as access to the spawned processes.

2.4  Search algorithms

In this section, we describe the techniques of Constraimtd&sing
that we used or developed for this application. The detdithese
techniques can be found in the listed references. The maitrico
butions encompass a constraint model (Section 2.4.1),ghkca-
tion of consistency techniques for interactive decisiorkimz (Sec-
tion 2.4.2), implementation of various heuristic and ststit search
strategies (Section 2.4.3), and characterization of tlaive perfor-
mance of these strategies under our particular settindi¢(Bez.5).

2.4.1 Constraint-based model

semester in the database. When any of these 5 modes is delectgpg task is to assign GTAs according to various criteria $itered

2 International Teaching Assistant (ITA) is a university ritored training
that foreign students are required to complete to qualifycfassroom in-
struction.

as hard constraints) to academic tasks. The problem is tfivesys
tight and often over-constrained, but this is not known amriThe
goal is to cover as many classes as possible while maximihiag
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Figure2. Screen shot of the page that allows the manager to set-up ldad and types.

preferences of the GTAs. Because the hard constraints thartwo-

ken, the problem cannot be modeled as a MAX-CSP [4]. We choose

to express the courses as the variables of a Constrainfastts

Problem (CSP) and the GTAs as the values that these courges ma

take. We express the constraints that restrict the acdepsaign-
ments as unary, binary, and non-binary constraints. Ourigdhus
to find the longest partial and consistent solution while imézing
the GTA preferences. We tested various optimization daifesuch
as maximizing the minimal preference in a solution, maxingzhe
average or geometric mean of preference values, etc. Befaihe

modeling can be found in [5, 8]. We also proposed to reforteula

some of the non-binary constraints into binary ones anduated
the benefits of this reformulation [6, 7].

2.4.2 Interactive decision making

The manager can adopt one of two dual perspectives on the prob
lem and switch between them: assigning GTAs for coursesa@ Vi

versa. Fig. 3 shows how the appropriate GTASs (i.e., thosehidnee
passed node consistency) are listed to the user. The uppempof
the pull-down displays the GTAs that can be assigned to theseo
without reservation. In terms of the CSP, these are the satuthe
current domain of the variable. The lower portion lists thBAG who
could potentially be assigned but are ‘busy’ in assignmantsthose
who can be relieved. These are the values eliminated frormitied
domain of the variable by constraint propagation. In eacttiqun
and the GTAs are listed in decreasing preference order, Emany
criterion, then in increasing lexicographical of theirtlaame, as a
secondary criterion. Next to the name, the ‘current’ cayaafieach
GTA is displayed (which is the hired capacity of the GTA disoted
by the load of his/her other assignments). Every time a naigas
ment is made, a full arc-consistency algorithm is executefilter

§— Mohody — |
— MNobody — [a]
Available GTAs

5 —Filteau Flarrie (0.6R)

b —kceline Awvelina (1)

4 —Kraushaar Berna (0.75)
3 — kckethan Ermelinda (1)
3—Frisk Hallie (1)
3—Reighard Genewvie (0.75)
3—Thomsbury Beaulah (1)
1 —Beuchler Sherron (1)

Busy GTAs
5 — Gillie Antaning (0.25) _
5 — Studniarz Amiee (0.41)
3 — Chiaro Cecille (0.09)
3— Gargus Azalee (0.25)
3— Glascock Mirta [0.25) -]

Figure3. Checking available/busy GTAs for a course.

the domains of the unassigned variables. Assignments sanbal
undone or changed. The domains of all the variables are &wam-
puted from scratch while maintaining the intermediate ct@les.

We decided against using a dynamic arc-consistency ahgorig]

to avoid the use of additional data structures and becawssdh
lution adopted is quite efficient in practice. Naturallyistdecision
may need to be reconsidered if the application size or clexiatics
are modified. This functionality will be described in deiai[14].

2.4.3 Automated search algorithms

We have developed and tested various search strategiesh wiei
summarize below. Using the 8 data-sets (pertaining tordiffeaca-



demic semesters) of the same problem and comparing therperfo Randomized backtrack search:

mance of search strategies for these problems was partjcida
structive as it allowed us to recognize known features aedtity
new characterizations of these search procedures, shovabiri.

Heuristic backtrack search: Because the problem is often over-
constrained, we changed the backtrack mechanism of depth-fi
search with forward-checking to force search to pursuetégbhaolu-
tion even when the domains of some future variables are wopéed
We tested various ordering heuristics for variables andasland
found that both the dynamic variable ordering with the lelmshain
heuristic and the minimum ratio of domain size to degreedgiélthe
best results. Although BT is theoretically sound and comeplthe
size of the search space (around 60 variables and 30 valw&sm
such guarantees meaningless in practice. Fig. 4 illusttatashing,
where search never recovers from early bad decisions. dndee
shallowest level of backtrack achieved after 24 hours (28%jot
significantly better than that reached after 1 minute (208gparch.
More details can be found in[5, 8, 7, 10].

Shallowest level
reached by BT after,

Number of
variables: 69

24 hr: 51 (26%,
1 min: 55 (20%
Max depth: 5777

Figure4. BT search thrashing in large search spaces.

Stochastic local search:  Our local search (LS) is a hill-climbing
search using the min-conflict heuristic for value selecfibd]. It
is documented in [17, 16]. It begins with a complete assigritme
(not necessarily consistent) and tries to improve it by giamin-
consistent assignments in order to reduce the number ofragms
violations. We propagate the effect of consistent assigrmsnever
the domains of the variables with inconsistent assignméifiis de-
sign decision allows us to effectively handle non-binarpsteaints.
We implement local search in a greedy fashion in the sensemviha
do not backtrack over consistent assignments. Moreoveapply a
random-walk strategy to escape from local optima [1]. Wigh@ba-

Gomes et al. [9] proposed to
avoid the thrashing of BT by introducing randomness in théabde
selection heuristic and using a restart strategy. Thisvallgearch to
explore wider areas of the search space. Using a randomirogdsr
variable-value pairs, we implemented the Randomizatiah Geo-
metric Restarts (RGR) strategy of Walsh [15]. According 8RR
search proceeds until it reaches a cutoff value for the nurnbe
nodes visited. The cutoff value for each restart is a comstantor
that is larger than the previous run. The initial cutoff isiabto the
number of variables. We have introduced a simple by effedtiv-
provement to RGR: Randomization aBgnamicGeometric Restarts
(RDGR) [10, 11]. It operates by not increasing the cutofiueafor
the following restart whenever the quality of the currergttsslution
is not improved upon. When the current restart improves ercth-
rent best solution, then the cutoff value is increased gédcady,
similar to RGR. Because the cutoff value does not necegsaFril
crease, completeness is no longer guaranteed. This situatiac-
ceptable in application domains (like ours) with large peab size
where completeness is, anyway, infeasible in practice.ll8maut-
off values result in a larger number of restarts taking pladDGR
than RGR, which increases the probability of finding a solutiWe
have compared the performance of RDGR to that of RGR on tlze dat
collected in our project over a wide range of running times asing
the cumulative distribution and probability density fuoos of the
solutions. Our investigations have shown that RDGR cledadlmi-
nates RGR on the GTA assignment problem. We are currentipnges
it on randomly generated CSPs.

25 CHARACTERIZATION & PRACTICAL USE

We noticed that when the result of an algorithm (e.g., ERA)ised
as a seed to another algorithm (e.g., BT), the resultingisolinas
better quality than the two algorithms used independehtly. are
now studying how to integrate the various search mechaniams
a collaborative manner by exploiting and extending the Kadge
about the behavior of these algorithms summarized in Tab.dL,(
completeness, soundness, response time, charactegdticrpance
on solvable and over-constrained problems, stability bitemns, and

bility (1—p), we choose the value of a variable using the min-conflictquality of solutions).

heuristic, and with probability we choose this value randomly. Fol-
lowing the indications of [1], we chooge= 0.02. Further studies on
the choice of the value gffor the GTA problem are reported in [16].
Furthermore, we use random restarts to break out of locahapt

Multi-agent search (ERA): Liu et al. [12] proposed the ERA
(Environment, Reactive rules, and Agents) algorithm, atirmgent-
based search for solving CSPs. Each variable is an agenpddie
tion of an agent corresponds to the value assigned to thiablar
The environment records the number of constraint violatioireach
agent’s position. An agent moves according to its reactivesrto
occupy a position where no constraint is broken. A solutiofound
when all agents are in such positions. On the surface, ttimigue
appears to be a variation of local search. This algorithra astan
‘extremely’ decentralized local search, where any agentrave
to any position, possibly forcing other agents to seek offtesi-
tions. Our experiments uncovered the ERA's immunity to laga
tima [17, 16]: itis indeed the only technique that consigyesolved
all tight problems. We also uncovered the weakness of ERA/en-o
constrained problems, where a deadlock phenomenon unuesiits
stability resulting in particularly short solutions. Hoves, the dead-
lock phenomenon is useful to identify conflicts in a compaatner.

General Observations

ERA: Stochastic and incomplete.

L S: Stochastic, incomplete, and quickly stabilizes.

RDGR: Stochastic, incomplete, immune to thrashing, producegdon
solutions than BT, immune to deadlock, reliable on instar&émmune
to local optima, but less than ERA.

RGR: Stochastic, approximately complete, less immune to timgsh
than RDGR & yields shorter solutions than RDGR in general.

BT: Systematic, complete (theoretically, rarely in practid@ple to
thrashing, yields shorter solutions than RDGR and RGR|estadshavior
& more stable solutions than stochastic methods in general.

Tight but solvable problems

ERA: Immune to local optima, solves tight CSPs, gives best result

LS: Liable to local optima, fails to solve tight CSPs even with
random-walk & restart strategies.

RDGR, RGR: RDGR clearly dominates RGR, but is less good than ERA

Over-constrained problems

ERA: Deadlock causes instability and yields shorter solutions.

LS, RGR, RDGR, BT: Finds longer solutions than ERA.

RDGR: Gives best results.

Tablel. Empirical characterization on the GTA problem.



Currently, the user decides which search mechanism to gxecu with search, allowing the manager to participate activele search

the search processes running independently. On the aalletdta
sets, the response time of interactive search is immediatbé hu-

man user, but that of automated search is not. Our tests shinae
a running time from 5 to 10 minutes yields as good solutionsaas
be expected from all search algorithms. Although some o$éaech
algorithms are theoretically complete, the quality of thiisons do

not appreciably improve with time. Since we started usiegsystem
in August 2001, the manager typically generates first smhstivith

each of the automated searches, then uses these solutidraftas
for building up the final solution with interactive search.

3 BENEFITS& IMPACT

The task of assigning GTAs to tasks is particularly diffidolt hu-
mans because of all of the hard constraints about studevad- a
ability, qualification, and load that one has to keep trackimfour
department, it is acknowledged to be the ‘most difficult dafya
department chair.” On the other hand, the manager has pbériy
formation about the GTAs, the courses, and the teachindtyaati
his/her fingertips. Itis illusive to attempt to formally melduch con-
straints because they are typically subjective and infikiteo, they
would complicate the problem solving without necessarifpiiov-
ing the quality of the solutiongortunately in our particular setting,
computers seem to be most effective in exactly the samenwasks
humans fail(e.g., keeping track of hard constraintahd vice versa
(e.g., quickly evaluating alternatives and making compses) The
fact that our system keeps the human user in the decisionNbde
removing the need for tedious (and error-prone) manual hasigin-
ments explains the success of the system in our setting.

Initially, the entire process was carried out manually anghaper.
The system, with barely a few functionalities, was deployttiin a
few months. Functionalities were added as they were idedtifif-
ten in a need-driven manner and in close collaboration kerivilee
designers of the system and its users. However, the positigets
of the system on the GTA assignment task were immediatelgeatot
able. Indeed, our endeavor has allowed the department tuaha
redesign its processes for the data acquisition mechantb&TA
selection and hiring procedures, and the assignment pslithe de-
partment is currently working towards standardizing amdashlin-
ing the entire process.

Ours was an ad-hoc approach to system development, and we did

not carry out a formal longitudinal study of usability angfigness.
However, anecdotal evidence of the value of the system isodem
strated in the form of continued financial support for onedst,
overjoyed satisfaction of the staff (relieved from hanglimpplica-
tion forms and massive paperwork), and enthusiastic anoagran-
line reviews from the students. Invariable, assignmemsiaw made
quickly (from a 3-week duration down to a day or two), theyrma@e
stable, and, above all, they are more satisfactory to theseonstruc-
tor, the GTAs, and the students in the classrooms.

4 FUTURE WORK

Although we already have a working system, we are far from-com

pleting the project and implementing the ideas that areicootsly
popping up. We constantly review the functionalities arelghrfor-
mance of our prototype and adapt it to changing departmesdme
The main areas we plan to address next are the followinggdiesj
hybrid search procedures that work seamlessly togetheilieg the
manager to compose interactively partial solutions budhmally or

process and monitoring and guiding its progress, and firtsiel-
oping visualization widgets able to display pertinentistais about
a problem as solutions are being built.

5 CONCLUSION

We have developed an interactive system for hiring and magag
graduate teaching assistants. Our prototype system hegrated
interactive-selection and search capabilities, thusialiimg the bur-
den of the manager and allowing the quick development oflestab
solutions. This system has also paved avenues for researghinv
Constraint Processing and other related areas.
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