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Abstract
Production/Manufacturing scheduling typically in-

volves the acquisition of user optimization preferences.
The ill-structuredness of both the problem space and
the desired objectives make practical scheduling prob-
lems di�cult to formalize and costly to solve, espe-
cially when problem con�gurations and user optimiza-
tion preferences change over time. This paper advo-
cates an incremental revision framework for improv-
ing schedule quality and incorporating user dynami-
cally changing preferences through Case-Based Rea-
soning. Our implemented system, called CABINS,
records situation-dependent tradeo�s and consequences
that result from schedule revision to guide schedule im-
provement. The preliminary experimental results show
that CABINS is able to e�ectively capture both user
static and dynamic preferences which are not known
to the system and only exist implicitly in a extensional
manner in the case base.

1 Introduction
Scheduling deals with allocation of a limited set of

resources to a number of activities [1]. One of the
most di�cult scheduling problem classes is job shop
scheduling. In job shop scheduling, each task (inter-
changeably called an order or a job) consists of a set of
activities to be scheduled according to a preset partial
ordering which reects precedence constraints. Capac-
ity constraints restrict the number of activities that
can be assigned to a resource during overlapping time
intervals. The activity precedence constraints along
with a task's release date and due date determine the
set of acceptable start times for each activity. The
goal of a scheduling system is to produce schedules
which satisfy all temporal relations and resource ca-
pacity constrains. The scheduling system will also try
to optimize the resulting schedule based on a set of
objectives, such as minimize weighted tardiness, mini-
mize inventory cost of Work-In-Process, maximize re-
source utilization, etc.

�This papers appears in The Proceedings of the Eleventh
IEEE Conference on Arti�cial Intelligence Applications
(CAIA '95).

The scheduling problem is di�cult to solve for a
number of reasons. First, it is an NP-complete prob-
lem [7]. Second, scheduling objectives are typically
not well-de�ned. For example, the user might want to
minimize both weighted tardiness and work-in-process
to meet due dates and to diminish the inventory cost.
However, what type of combination of objectives will
perfectly reect the user's preferences? Even if the
user knows that some combination of weighted tar-
diness and W.I.P. must be optimized, does the ob-
jective in the form of Weighted Tardiness +W:I:P:
make more sense than Weighted Tardiness�W:I:P:
or the opposite? Even if the user knows that the ad-
ditive form is preferred, still the relationship existing
between these two objectives needs to be speci�ed, for
example, is 0:5�Weighted Tardiness + 0:5�W:I:P
more appropriate or 0:2�Weighted Tardiness+0:8�
W:I:P:? Third, the user's scheduling preference might
change over time. Fourth, due to the tight interac-
tions among scheduling constraints and the often con-
icting nature of optimization criteria, it is impossible
to evaluate precisely the impact of a single schedul-
ing decision or local revision action on the global
satisfaction of optimization criteria. In e�ect, real-
world scheduling practice often involves both quanti-
tative and qualitative constraints as well as situation-
dependent preferences and subjective user-dependent
judgement. Finding ways to incorporate these con-
siderations when building scheduling systems, namely,
how to trade-o� between conicting objectives or pref-
erences and how to bias optimization procedure adap-
tively will be a real challenge to both researchers and
practitioners in the scheduling domain.

Our thesis is that learning through case-based rea-
soning can capture user optimization preferences that
change over time in ill-structured and complex tasks,
such as job shop scheduling, and utilize the changing
user preferences as control knowledge to guide solution
optimization. We believe that our approach will be ef-
fective in real-world optimization tasks for a variety of
reasons. First, traditional search methods, both Op-
erations Research-based and AI-based, that are used
in combinatorial optimization, need explicit represen-
tation of the optimization objectives that are de�ned



in advance of problem solving [20]. In many practical
problems, such as scheduling and design, optimiza-
tion criteria often involve context- and user-dependent
tradeo�s which are impossible to represent as an ex-
plicit and static optimization function. For example,
a user's preferences might depend on partial results
obtained during problem solving. For such situations,
it is very di�cult for the user to completely de�ne
his/her preferences in advance of problem solving.
The number and dimensions of the alternatives in-
volved in decision makingmight be very large prevent-
ing the user from giving general applicable preference
evaluation. Second, expert system approaches, while
having the potential to capture context-dependent
tradeo�s in rules, require considerable knowledge ac-
quisition e�ort and traditionally have not dealt with
optimization concerns [18]. Third, and equally im-
portant consideration is the fact that the problem
solving environment and the preferences of the user
could be changing over time. Therefore, approaches
that capture preferences statically or require expen-
sive knowledge-base updating are extremely limiting.
On the other hand, approaches that acquire knowl-
edge through continuous interaction with a user and
utilize machine learning techniques to adapt their be-
havior to the changing user preferences and problem
solving context are much more promising.

We have implemented our Case-Based iterative re-
vision approach in the CABINS system to demon-
strate the capability of acquiring user context-
dependent and dynamically changing optimization
preferences in job shop scheduling domains. The work
reported here extends previous work on the CABINS
system [26, 16, 17]. It tests the hypothesis that our
CBR-based incremental revision methodology shows
good potential for capturing user preferences in ill-
structured domains that change over time and reuse
them as control knowledge for solution improvement.
The preliminary experimental results, shown in sec-
tion 5 con�rmed our hypothesis.

2 Built-in Learning Capability: Case-
Based Reasoning

Capturing user's situation-dependent preferences
has become a very active area in Knowledge-Based
Systems and Decision Support Systems (DSS) re-
search. This problem arises in a variety of applica-
tion domains, such as o�ce electronic secretary [6],
�nancial portfolio selection [10], digital circuit design
[12] and production scheduling domain [19]. Automat-
ing the acquisition of user preferences is important in
practice for the following reasons. First, for many ill-
structured domains such as production scheduling, the
overall objectives of the system typically are not ex-
plicitly available. It may take a tremendous amount of
knowledge acquisition e�ort to elicit them in a prac-
tical environment. As a matter of fact, the success
of a knowledge-based system/DSS depends to a large
extent on its capability of acquiring user preferences.
Second, it is not always possible to extract user's ob-
jectives or preferences when the knowledge-based sys-
tem is being built. Sometimes, although it is theo-
retically feasible to get all the information concern-

ing user's objectives, the high cost typically associated
with knowledge extraction and acquisition might pre-
vent doing so practically. Therefore, the capability of
capturing and learning the user's preferences through
interaction with users during the system's routine op-
eration is highly desirable. Last but not least, the
world is changing. So, it is necessary to develop knowl-
edge acquisition techniques that reect changing pref-
erences and evaluation criteria. A knowledge-based
system incapable of handling changing world will be
very fragile and easy to fail.

Research in machine learning provides the opportu-
nity and possibility for knowledge-based systems to ac-
quire user-dependent and situation-dependent knowl-
edge without su�ering too much from knowledge ac-
quisition bottleneck. Several learning paradigms have
been proposed to deal with capturing preferences. ID3
and Neural-Net-based learning algorithms have been
successfully applied to capture user's preferences in
mundane meeting scheduling domain [6]. Some gen-
eral extensions of explanation-based learning have also
reported [12, 14] to be e�ective for digit circuit design
task.

Instead of using ID3-like inductive learning algo-
rithms or neural-net based approaches, we chose Case
Based Reasoning (CBR) paradigm to capture user op-
timization preferences that change over time in job
shop scheduling domain. CBR is the problem solving
paradigm where previous experience are used to guide
problem solving [8, 24, 9]. In CBR learning is an in-
tegral part of case based problem solving. Case-based
reasoning has been successful in dealing with excep-
tional data [22], acquiring user knowledge in complex
domains [4, 13], and expending less e�ort in knowledge
acquisition compared with knowledge acquisition for
rule-based systems [23, 11]. CBR presents the follow-
ing advantages as an appropriate framework for knowl-
edge acquisition. First, rule induction require great
computational e�ort to update the rule base and gen-
erate the new rules as well as to maintain consistency
between acquired rules. The computational overhead
problem is alleviated in CBR because of the inherent
incremental property of Case-Based Reasoning. In a
CBR system, when a new problem is encountered and
solved, the case base is incrementally updated without
the need for any other reasoning or consistency main-
tenance calculations. Case matching and retrieval can
be done e�ciently if the memory is organized e�ec-
tively. Second, the rules learned through induction
might not be very understandable to the user since
the underlying learning algorithm is based on the sta-
tistical characteristics of the previously collected cases
and relevant features, which might not be meaningful
to the user. The understandability problem is much
worse for neural-net based systems [21]. On the other
hand, cases are understandable since they embody
concrete experiences of user interactions. Third, af-
ter rule induction, contextual information associated
with the underlying example instances is thrown away.
Contextual information is potentially useful to the
user to understand the system's reasoning. CBR does
keep all the contextual information.
CABINS is di�erent from other case-based learn-



ing systems. Current case-based knowledge acquisi-
tion systems, (e.g., [2]) require causal explanations
from an expert teacher to acquire domain knowledge.
In our approach neither the user nor the program are
assumed to possess causal domain knowledge. As a
matter of fact, in ill-structured domains such as job
shop scheduling, it is impossible to have causal knowl-
edge. The user's expertise lies in his/her ability to
perform consistent evaluation of the results of problem
solving and impart to the program cases of problem
solving experiences and histories of evaluation trade-
o�s.
CABINS acquires, stores and reuses two categories

of concepts that reect user preferences: (1) what
heuristic local optimization action to choose in a par-
ticular context, and (2) what combinations of trade-
o�s resulting from the application of a particular lo-
cal optimization action constitutes an outcome that
is acceptable or unacceptable to a user. These two
concept types are recorded in the case base and used
by CABINS to guide iterative optimization search
and infer optimization tradeo�s to evaluate the cur-
rent solution. The user's optimization preferences are
not explicitly represented as case features or in terms
of a cost function but are implicitly and extensionally
represented in the case base.

3 User Optimization Preferences
User preferences inuence decision-making in many

ways and can be reected in knowledge-based systems
in several levels of abstraction [3]. In particular, we
identify three types of preferences: objectives, con-
straints and procedurals. Objectives are related to the
positive and negative consequences of the alternatives
that a decision maker wishes to maximize or minimize.
In decisions with multiple objectives, usually there are
trade-o�s between the objectives. The structure of the
trade-o�s could be very complicated in the sense that
an analytically simple combination of the objectives
might not be expressive enough to reect the inten-
tions and evaluation criteria of the user. Constraints
consist of the conditions under which the objectives
will be optimized. Essentially they de�ne the limits
of space of acceptable outcomes. Many of the con-
straints in practice turn out to be relaxable, thus in-
creasing the number of potential solutions, but also
making the problem solving more di�cult, since the
problem solver must decide (a) which constraints will
be relaxed and (b) in which order. Finally, procedu-
rals specify the preference over di�erent sequencings
of lower-level decisions in order to optimize the over-
all set of outcomes of decision making.

Although user preferences may change over time,
it is often the case in many application domains that
these changes won't occur very rapidly and drastically.
More speci�cly, we assume that (1) the preferences
change smoothly, (e.g., we are not expecting that the
user will rapidly shift from maximizing a certain ob-
jective to minimizing it), and (2) the problem solving
context will not change drastically over the problem
solving horizon.

The main reason why we made these assumptions
is that we expect that the information contained in

current knowledge-base based on previous problem
solving experiences should be useful and relevant for
the current and future problem solving, although the
knowledge based on previous experiences might be a
little bit out-of-date. If the problem solving context
and user preferences change drastically between prob-
lem solving sessions, the knowledge base must be re-
built anew each time.

Changing by a considerable degree means that some
of the previously acquired data might be out of date
or irrelevant. This can be handled computationally
in two ways. First, only keep the most recent cases
as the basis of future reasoning, or second assign
higher weight to temporally closer cases than to the
more remote ones, when case similarity is calculated.
However, since CBR is not an exact problem solving
paradigm (it performs partial matching), and since
it is di�cult to determine such weights, we believe
that reasoning based on a rolling time window of data,
i.e., keeping an approximately constant number of the
most recent cases is an e�ective way of reecting user
changing preferences [6, 15]. In order to make the idea
of time window operational from the implementation
point of view, the time window size must be deter-
mined. There exist some obvious trade-o�s in terms
of the window sizing. If the window is too large, the
system will be sluggish in responding to user's pref-
erence changes. If the time window is too small, the
cases might not adequately cover the problem space
to reliably provide advice. There are no general ways
to address these system design tradeo�s. We believe
that they can be answered experimentally for each do-
main and task. We can, however, make some general
observations. In domains with simple causal relation-
ships, the size of the time window can be kept rela-
tively small. On the contrary, a bigger time window
might be indispensable for a more ill-structured do-
main.

4 Overview of CABINS
CABINS uses a revision-based approach for sched-

ule optimization, i.e., a complete but suboptimal
schedule is generated by dispatch heuristics or a
constraint-based scheduler and then incrementally re-
vised using revision actions, called repair tactics. In
each revision iteration, CABINS tries to repair a par-
ticular activity, called a focal activity. Repair means
moving the activity to a di�erent place in the schedule.
In general, this will result in constraint violations that
in turn must be resolved. Due to the tight constraints
of job shop scheduling, these constraint violations can
ripple through the whole schedule. To �nd an activ-
ity to repair, CABINS identi�es jobs that must be
repaired in the initial sub-optimal schedule, which are
called focal job's. The activities of a focal job are re-
paired in sequence starting with the earliest in the
current schedule.
CABINS starts with an empty case base. For each

activity repair attempt, CABINS interacts with the
user to gather the following relevant information to
be included in a case: (a) a suggestion of which local
repair action to apply, (b) an evaluation of the repair
result and (c) an explanation of an evaluation, if the



user evaluates the repaired result as unacceptable. A
case in CABINS describes the application of a partic-
ular repair action to a focal activity. If a user evaluates
the result of a repair attempt as unacceptable, he/she
is asked to select another repair tactic and repair of
the same focal activity is attempted anew. When all
available repair tactics have been unsuccessful in re-
pairing a given focal activity, the user tries to repair
another activity. In this way, a number of cases are
collected in the case base. CABINS can be used in
the following modes:

� Knowledge acquisition interactive mode to
acquire user preferences and generate the case
base through interaction with the user.

� Decision-support interactivemode where the
previously acquired case base that incorporates
user preferences suggests revision actions and
evaluation outcomes to the user who can accept
a suggestion or override it with a new suggestion.

� Automaticmode where previously acquired user
preferences are re-used to guide scheduling deci-
sions without any interaction with the user. In
automatic mode, the schedule is automatically
generated and incrementally revised.

Repair by
Human-expert

Repair by CABINS

Retrieve similar case

Apply repair tactic

Evaluate result

case
acquisition

Incomplete
Domain Knowledge

Scheduling Problem

Scheduler

Suboptimal Schedule

Improved Schedule

Training DataTest Data

Evaluation Criteria

Case-Base

Contextual Domain Knowledge

Repair Tactic

Feature Values

Evaluate
 result

Explain
 failures

Select a 
 repair action

Figure 1: CABINS Architecture

The overall architecture of CABINS is depicted in
Figure 1. CABINS consists of three modules: (1)
an initial schedule builder, (2) an interactive schedule
repair (case acquisition) module and (3) an automated
schedule repair (case re-use) module.
Case Representation The content of a case is

shown in Figure 2. The global features give an ab-
stract characterization of potential repair exibility
or the lack thereof for the whole schedule. Associ-
ated with the focal activity are local features that we

have identi�ed and which potentially are predictive of
the e�ectiveness of applying a particular repair tactic.
For details on case features, refer to [17].

Global Feature

Weighted Tardiness

Resource Utilization Average

Resource Utilization Deviation

Value             Salience

Value             Salience

Value             Salience

Local Feature

Window_Span

Predictive_start_time_advance

Alt_predictive_start_time_advance

Most_projected_w_tardiness_gain

Alt_most_projected_w_tardiness_gain

Left_shift_wip_gain

Alt_left_shift_wip_gain

Swap_wip_gain

Alt_swap_wip_gain

Value             Salience

Value             Salience

Value             Salience

Value             Salience

Value             Salience

Value             Salience

Value             Salience

Value             Salience

Value             Salience

Repair History

Tactic

Outcome

Effect

Value             Salience

Value             Salience

Type    Value    Salience

Figure 2: CABINS Case Representation

In order to bound the ripple e�ects of repair, a re-
pair tactic is used only within a bounded time hori-
zon, the time interval between the end of the activ-
ity preceding the focal activity in the same focal job
and the end of the focal activity. CABINS currently
has 11 repair tactics. Examples of repair tactics are:
(1)left shift: try to move the focal activity on the
same resource as much to the left on the time-line as
possible within the repair time horizon, so as to mini-
mize the amount of capacity over-allocation created by
the move. (2)swap: swap the focal activity with the
activity on the same resource within the repair time
horizon which causes the least amount of precedence
constraint violations.

The repair history represents the sequence of appli-
cations of successive repair actions, the repair outcome
and the repair e�ects. Repair e�ect values describe
the impact of the application of a repair action on
scheduling objectives (e.g., weighted tardiness, WIP).
A repair outcome is the evaluation assigned by a user
to the set of e�ects of a repair action. Typically user
optimization criteria/preferences are reected in the
evaluation of the repair outcome. An outcome is `ac-
ceptable' if the user accepts the tradeo�s involved in
the set of e�ects for the current application of a repair
action. Otherwise, it is `unacceptable'. The e�ect
salience (See Figure 2) is assigned when the outcome



is `unacceptable', and indicates the signi�cance of the
e�ect to the repair outcome.
Case Retrieval and Re-use Once enough cases

have been gathered, CABINS repairs sub-optimal
schedules without user interaction. CABINS re-
pairs the schedules by: (1) recognizing schedule sub-
optimalities, e.g., �nding out all the tardy jobs, (2)
focusing on a focal activity to be repaired in each re-
pair cycle, (3) invoking CBR with global and local fea-
tures as indices to decide the most appropriate repair
tactic to be used for each focal activity, (4) invoking
CBR using the repair e�ect features (type, value and
salience) as indices to evaluate the repair result, (5)
when the repair result is evaluated by CBR as unac-
ceptable, deciding whether to give up or which repair
tactic to try next.

As a case retrieval mechanism, CABINS uses a
variation of k-Nearest Neighbor method (k-NN) [5].
For the detailed formula for similarity calculation, see
[17].

5 Experimental Evaluation of Captur-
ing Changing Preferences

Extensive experiments have been conducted with
CABINS [16, 26, 25]. It has been experimentally
shown that CABINS (1) is capable of capturing di-
verse static user optimization preferences and re-using
them to guide solution quality improvement, (2) is ro-
bust in the sense that it improves solution quality in-
dependent of the method of initial solution genera-
tion, and (3) produces high quality solutions. In this
paper, we report preliminary results from a set of ex-
periments which are aimed at testing the following
hypothesis: our CBR-based incremental modi�cation
and re-use methodology can be e�ective in capturing
user's preferences that change over time which are re-
ected in the selection of schedule repair actions and
evaluation of repair consequences. This hypothesis is
very di�cult to verify due to the subjective, ill-de�ned
and dynamic nature of the user preferences. In order
to evaluate the experimental results consistently, we
built a rule-based reasoner (RBR) with known opti-
mization function that goes through a trial-and-error
repair process to optimize a schedule. For each repair,
the repair e�ects were calculated and the correspond-
ing repair outcomes were evaluated based on the opti-
mization criteria known to the RBR. RBR was used to
generate a case base for CABINS. Since RBR knows
the exact objective function for evaluation, it can work
as an emulator of a human scheduler, which cannot
repair a schedule very e�ciently, but can make consis-
tent evaluations of repair results. Note that the objec-
tives and user preferences, though known to RBR, are
not known to CABINS and are only implicitly and
extensionally reected in the case-base. By incorpo-
rating explicit objectives into the RBR so they could
be reected in the case base we get an experimental
baseline against which to evaluate the schedules gen-
erated by CABINS.

We evaluated our approach on a suite of job shop
scheduling problems where parameters, such as num-
ber of bottleneck resources, range of due dates and

activity durations were varied to cover a range of job
shop scheduling problem instances with the following
structure:

1. a range parameter controlled the distribution of
job due dates and release dates, which might take
one of the following values: static| both the due
dates and release dates remained constant across
all the problems within a class, moderate | the
due dates and release dates varied for problems
in the same class, but the variances were rela-
tively small, dynamic | the variabilities among
the dates were relatively big.

2. a bottleneck parameter controlled the number (1
or 2) of bottleneck machines.

Therefore, six groups of problems were generated
with random assignment of resource and execution du-
ration for each activity. For each group, 55 scheduling
problem instances were generated randomly, resulting
in a total of 55 � 6 = 330 problem instances. Each
problem had 10 jobs and 5 machines. There were 5
activities for each job. Each job had a linear routing.
Each activity could be executed on two substitutable
machines. Bottleneck machines, however, had no sub-
stitutes.

A cross-validation method was used to evaluate the
performance of CABINS. Each problem set in each
group was divided in half. The training samples were
repaired by RBR to gather cases. These cases were
then used for case-based repair of the validation prob-
lems. We repeated the above process by interchang-
ing the training and validation experimental sets. Re-
ported results are for the validation problem sets.

5.1 Experimental Design
For each group of problem instances, the follow-

ing steps were followed. First, 5 problems were ran-
domly chosen out of the 55. These �ve problems were
repaired by RBR using Weighted Tardiness as the
optimization criterion. 1 The main reason for the
creation of this initial case-base is to keep the size of
the time window of cases approximately �xed. If we
didn't construct the initial case-base, then the number
of the cases used by CABINS to repair the �rst sub-
set of validation problems would be roughly only half
the number of the cases used by CABINS for other
subsets of validation problem instances.

Second, the remaining 50 problems were divided
into two subsets: one subset was the training sam-
ple which would be repaired by RBR to gather cases,
the other subset served as the validation problem set
to be repaired by CABINS. In order to simulate
the dynamic preference changes, we randomly divided
further the problem instances in both subsets into 5
categories, each of which contained 5 individual prob-
lem instances and was assigned to a di�erent objective
function respectively. Table 1 succinctly shows the ex-
perimental design.

1Using Weighted Tardiness as the evaluation criterion was

an arbitrary decision. Any objective satisfying the assumption

of smooth preference changes would be acceptable.



OBJ1 Weighted Tardiness
OBJ2 0:8�Weighted Tardiness + 0:2�W:I:P:
OBJ3 0:5�Weighted Tardiness + 0:5�W:I:P:
OBJ4 0:2�Weighted Tardiness + 0:8�W:I:P:
OBJ5 W:I:P:

Table 1: Notations for Di�erent Objectives

Assigning OBJi to the subsets of scheduling prob-
lem instances in a certain order can be viewed as a
reasonable simulation of temporal transition of user
preferences for obtaining results that satisfy a particu-
lar objective. The speci�c assignment of the objective
functions (OBJj ; j = 1; : : : ; 5) to the subsets of prob-
lem instances is shown as follows: Let ProblemSetij
denote a subset of problem instances, where i des-
ignates either repair by RBR to gather cases (when
i = RBR) or repair by CABINS (when i = CAB).
The subscript j takes the value [1; 2; 3; 4;5] to refer
to one of the �ve subsets of the problems (each of
them contains 5 problem instances), respectively. The
objective function for evaluating the solution qual-
ity for the problems in ProblemSetij is OBJj , where
j = 1 : : :5. Although we, the experiment designers,
knew the objective function for every problem set and
RBR also knew it (since the simulated human sched-
uler needs to know the objective function to perform
consistent evaluation), CABINS didn't know the ob-
jective explicitly but only implicitly through its case
base. To simplify the notation, we use ProbleSetRBR0

to denote the 5 problem instances we initially chose
to be repaired by RBR to collect the initial case-base.
The overall experimentation process was as follows:

1. Solve the problems in ProblemSetRBR0 using
RBR to collect the cases. These cases will serve
as the set-up problem solving experience. The
objective used by RBR is OBJ1. We denote the
cases gathered in this step by Cases0.

2. Solve the problems in ProblemSetRBR1 using
RBR to accumulate cases based on the criterion
OBJ1. Cases1 is used to stand for the cases RBR
collected in this step.

3. Solve the problems in ProblemSetCAB1 through
CABINS. The case-base used in this step con-
sists of the cases included in Cases0 and Cases1.

4. Collect the cases using RBR through solving the
problems in ProblemSetRBR2 based on the objec-
tive function OBJ2. The cases are denoted by
Cases2.

5. Solve the problems in ProblemSetCAB2 using
CABINS. The cases from Cases1 and Cases2
are utilized.

6. Solve ProblemSetij ; j = 3; 4; 5 in the same man-
ner.

In general, the experiments followed the pattern:
(1) accumulate the cases through RBR based on the
problem solving experience on ProblemSetRBRi . The
cases gathered are denoted by Casesi, and (2) solve
ProblemSetCABi using CABINS based on the cases
from Casesi and Casesi�1.

The experimental results presented in Table 2 show
the overall average of CABINS performance across all
6 groups of problems. 2

Obj. Weight Weight Wei.Tar. W.I.P
on on improve- improve-

Wei.Tar. W.I.P. ment ment

OBJ1 1.0 0.0 20% -10%
OBJ2 0.8 0.2 18% 2%
OBJ3 0.5 0.5 15% 7%
OBJ4 0.2 0.8 10% 8%
OBJ5 0.0 1.0 8% 10%

Table 2: Experimental Results: Quality Improvement
when Preferences Change

From the results, we observe that CABINS is
capable of automatically and dynamically adjusting
its control knowledge to be biased according to the
user preferences reected implicitly in the case-base.
When the user gave more importance to minimiz-
ing Weighted Tardiness, CABINS faithfully echoed
that change in terms of focusing more e�orts on
Weighted Tardiness rather than onW:I:P: The same
thing happened when the user was more interested in
reducing W:I:P:.

We are currently conducting another set of exper-
iments, where the sequence of steps in our initial ex-
periments are shu�ed (e.g., solving ProblemSetCABi

based on the cases from Casesi and Casesi+2), to in-
vestigate quantitatively the importance of the smooth-
ness assumption of preference changing.

6 Conclusions
In this paper, we advocate a framework based on

Case Based Reasoning for knowledge acquisition that
can be reused as control knowledge to guide iterative
revision for job-shop schedule optimization. The ca-
pability of acquiring user optimization preferences is
important in ill-structured domains because typically
a complete set of explicitly expressed objectives and
constraints are not available. We believe that the
general framework advocated here could be applied
to additional ill-structured domains besides schedul-
ing. CABINS provides a framework for alleviating
the knowledge acquisition bottleneck. Our experi-
mental results show the potential of the approach to
capture and re-use user optimization preferences that
were not explicitly known to the system. The re-
sults indicate that CABINS can reect the trend of

2
CABINS is implemented in C and all the experiments are

conducted on a DEC5000 UNIX workstation.



the smooth transition of user's changing optimization
preferences in the schedules it produces. Moreover,
since CABINS can acquire preferences during routine
system operation, we believe that it is useful in real
operating environments.
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