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Abstract. We have proposed and implemented the language ColJava,
which offers both the advantages of simulation-like process modeling in
Java, and the capabilities of true decision optimization. By design, the
syntax of CoJava is identical to the programming language Java, ex-
tended with special constructs to (1) make a nondeterministic choice of
a numeric value, (2) assert a constraint, and (3) designate a program vari-
able as the objective to be optimized. A sequence of specific selections
in nondeterministic choice statements corresponds to an execution path.
We define an optimal execution path as one that (1) satisfies the range
conditions in the choice statements, (2) satisfies the assert-constraint
statements, and (3) produces the optimal value in a designated program
variable, among all execution paths that satisfy (1) and (2). The seman-
tics of a CoJava program amounts to first finding an optimal execution
path, and then procedurally executing it. To find an optimal execution
path, the implemented CoJava compiler reduces the problem to a stan-
dard optimization formulation, and then solves it on an external solver.
Then, the CoJava program is run as a Java program, where the choice
statements select the found optimal values, and the assert and optimiza-
tion statements are ignored. We illustrate the usage and semantics of
CoJava using a simple supply-chain example, in which elastic demand,
a manufacturer and a supplier are modeled as Java classes.

1 Introduction

Both numeric simulation and constraint-based optimization are successfully ap-
plied in wide variety of domains. This paper is concerned with developing a
unified object-oriented (OO) language supporting both simulation modeling and
decision optimization.

The Problem: Simulation vs. Optimization Models

In decision optimization problems one often needs to model a real-world process,
such as a supply chain, an interaction of physical devices, a chemical process, or
activities of a robot. However, describing a process using traditional operations



research (OR) modeling, with decision variables, constraints, and objective func-
tions, is quite a challenging task for non-OR professionals, even for those with
general computer science and programming skills.

The reason for that challenge is that the elements of an OR model are abstract
constraints, which have only an indirect connection to elements of a real-world
process. For example, one equation may combine elements from several real-
world devices. Also, the notions of order and timing of events are usually not
explicit in OR models, which puts additional burden on the modeler. Further-
more, the execution of the optimization is typically a black box for the modeler,
with no clear connection to the flow of the real world process. This makes de-
bugging of an optimization model a challenging task. If the optimization fails
there is no clear explanation for the failure. Finally, OR models typically lack
the modularity of modern OO languages, so they tend to become difficult to
maintain over time (like “spaghetti code”).

By contrast, simulations are generally well understood by software develop-
ers. The elements of a simulation are state variables and state-transitions, which
have a clear one-to-one correspondence with elements of a real-world process.
Every quantity from the real-world process is represented by a single state vari-
able, so there is little room for confusion. Real-world time and sequence of events
correspond to time and sequence in the running simulation in an obvious way.
Also, the “cause and effect” progression of the simulation is easy to follow. If the
simulation fails, the exact time and place of the failure is reported. Finally, simu-
lation modelers can practice modern OO software engineering. Complex building
blocks can be modeled using simpler building blocks, and so on. In fact, modern
OO languages have been derived from early simulation systems.

While simulation offers numerous advantages in ease of modeling and de-
bugging, OR modeling has one major advantage. If modeled correctly using a
manageable constraint domain such as LP or MILP, an optimization problem
can be solved efficiently using existing solvers with sophisticated optimization
algorithms. By contrast, no such solvers exist for simulation models. Typically,
simulations are optimized by choosing parameters manually. An optimization
layer can be added by running a simulation multiple times, with possible heuris-
tics. However, such a search cannot compete with performance of solvers on
manageable constraint domains.

Contributions

We have proposed and implemented the language CoJava, which offers both the
advantages of simulation-like process modeling in Java, and the capabilities of
true decision optimization.

By design, the syntax of CoJava is identical to the programming language
Java, extended with special constructs to (1) make a nondeterministic choice of
a numeric value that satisfies a range condition, (2) assert a constraint, and (3)
designate a program variable as the objective to be optimized.

A sequence of specific selections in nondeterministic choice statements cor-
responds to an execution path. We define a feasible execution path as one that



satisfies (1) the range conditions in the choice statements, and (2) the assert-
constraint statements. An optimal execution path is a feasible path that produces
the optimal value in a designated program variable, among all feasible execution
paths. The semantics of a CoJava program amounts to first finding an optimal
execution path, and then procedurally executing it.

To optimize a process, such as a supply chain example (Figures 1 and 2)
discussed in the next section, each real-world device or facility is modeled, tested
and debugged in pure Java as a class of objects with private state and public
methods which change the state. A process is described as a method of a separate
Java class, which invokes methods of the model objects passing nondeterministic
choices for arguments, and which designates an optimization objective.

For model developers, it appears as if the program has simply followed a single
execution path which coincidentally produces the optimal objective value. Since
CoJava builds on software developers’ existing skills, the learning curve for them
is minimal. For OR professionals, CoJava enables development of decision models
in the most natural way, which preserves the one-to-one correspondence with the
components of a real-world process. Moreover, it provides OR modelers with the
powerful OO language features, and permits complex models to be organized
into self-contained business objects and processes, which reduces development
time and allows easy extensibility.

To be able to find an optimal execution path for a CoJava program, we
have developed a reduction to a standard constraint optimization formulation.
Constraint variables represent values on program variables that can be created
at any state of a nondeterministic execution. Constraints encode transitions,
triggered by ColJava statements, from one program state to the next, and also
capture conditions in the assert statements.

The reduction and the implementation are made under three simple restric-
tions, explained later in the paper. Namely, that (1) Boolean exit conditions in
loops can not involve nondeterministic values, (2) recursive method calls cannot
be made from a nondeterministic conditional statement, and (3) an objective
parameter requested to be optimized cannot appear in a nondeterministic con-
ditional statement.

The restrictions ensure that the length of any execution path (in terms of
the number of program states it goes through), and thus a number of values
generated, are not dependent on nondeterministic choices. The restrictions also
ensure that any nondeterministic choice statements, and Boolean conditions
on nondeterministic values in assert statements have a unique corresponding
objective parameter, which needs to be optimized.

We have developed a CoJava constraint compiler, and integrated it, loosely,
with the Eclipse IDE. The compiler is based on the reduction of the problem of
finding an optimal execution path to a standard constraint optimization formu-
lation. The CoJava compiler operates by first translating the CoJava program
into a very similar Java program in which the primitive numeric operators and
data types are replaced by symbolic constraint operators and data types. This
intermediate Java program functions as a constraint generator. This program is
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package example;
import cojava.Nd;

public class ExampleSupplyChain

-~

[}

public static void main(Stringl[] args)

{

double[] prices = new doublel[2];
prices[0] = Nd.choice(100, 200);
prices[1] = Nd.choice(105, 205);

Demand demand = new Demand(prices);

double revenue = 0;
for (dint i = 0; i < 2; i =1+ 1) {
revenue += demand.revenues[i];
}
double cost = manufacturer.cost + supplier.cost;
double profit = revenue - cost;
Nd.checkMaxObjective(profit);
/* ... printing statements omitted here ... */

Fig. 1. Simple Supply Chain Class
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class Demand

{
public double[] quantities = {0, 0};
public double[] revenues = {0, 0};
final double[] pLow = {100, 105};
final double[] pMid = {150, 185};
final double[] pHigh = {200, 205};
final double[] qLow = {4000, 6000};
final double[] gHigh = {1000, 1800} ;

public Demand(double[] prices)
{
for (dint i = 0; i < 2; i =1 + 1)
{
assert(prices[i] >= pLowl[il);
assert(prices[i] <= pHighlil);
quantities[i] = qHighl[il;
revenues[i] = prices[i] * gHighl[il;
if (prices[i] <= pMid[il) {
quantities[i] = qLowl[il;
revenues[i] = prices[i] * qLowl[il;}}

}

class Manufacturer

{
public double[] materials = {0, 0};
public double cost = 0;
final double[] reqsO = {2.3, 2.1};
final double[] regsi {3.5, 0.6};
final double[] costs {25.3, 42.5};

public Manufacturer(double[] products)
{
for (dint i = 0; i < 2; i =1+ 1) {
|

cost = cost + costs[i] * materials[i];}

}
class Supplier
{

public double cost = 0;
inal double[] unitCosts = {3.0, 14.3};
final double discount = 0.5;

public Supplier(double[] materials)

{
________________________________________________________________
___________________________________________

Fig. 2. Classes for Demand, Manufacturer, Supplier



with a ND-value on the right-hand side.

the Boolean condition is a ND-value.

is a ND-value.
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— No ND loops

— No ND recursive method calls
— No ND calls for checkObjective.
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100.0 < price; < 200.0
105.0 < prices < 205.0

are added to the constraint store (U'S.
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revenuey — revenue, + demands
revenues — revenues + demandy

omitted from this example presentation.

straint, store 'S now contains:

CS =

pricer >= 100.0 A price; <= 200.0A
prices >= 105.0 A prices <= 205.0A
revenue; — OA

revenues — revenuey + demanda/\
revenues — revenues + demanda /N

profit; = revenues — costA

revenuess = ... Arevenues = ... N cost = ...

sion optimization problem:

Mazimize profity st. CS

price; = 200, prices = 185, profit; = 401555.00.

Reduction Procedure
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in the standard fashion.

the modified program.
— A conditional statement, of the form

if ¢ { S1} else { 82}

if ¢ {81 }; if not C { S2 }

to CS:
symb(C) — Constraints(S)
—symb(C) — Fqualities

is generated and added to CS

to CS

Optimize objective .o pren; S-1.CS
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Fig. 3. Diagram of the Constraint Compiler

5 Conclusions and Future Work
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