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Abstract 
 

Proposed and implemented is the language CoReJava 
(Constraint Optimization Regression in Java), which 
extends the programming language Java with regression 
analysis, i.e., the capability to do parameter estimation 
for a function. CoReJava is unique in that functional 
forms for regression analysis are expressed as first-class 
citizens, i.e., as Java programs, in which some 
parameters are not a priori known, but need to be learned 
from training sets provided as input. Typical applications 
of CoReJava include calibration of parameters of 
computational processes, described as OO programs. To 
implement regression learning, the CoReJava compiler 
(1) analyses the structure of the parameterized Java 
program that represent a functional form, (2) 
automatically generates a constraint optimization 
problem, in which constraint variables are the unknown 
parameters, and the objective function to be minimized is 
the sum of squares of errors w.r.t. the training set, and (3) 
solves the optimization problem using an external non-
linear optimization solver. CoReJava then executes as a 
regular Java program, in which the initially unknown 
parameters are replaced with the found optimal values. 
CoReJava syntax and semantics are formally defined and 
exemplified using a simple supply chain example.  
 
 
1. Introduction 
 

Regression Analysis (RA) is a widely-used statistical 
technique for investigating and modeling the relationship 
between variables (see [1] for overview of RA).  Given as 
input to regression learning is a parametric functional 
form, e.g., 332211321 ),,( xpxpxpxxxf ++= , and a set of training 
examples, e.g., tuples of the form ),,,( 321 fxxx , where 
f is an experimental observation of the function f value 

for an input ),,( 321 xxx .  Intuitively, the problem of 
regression analysis is to find the unknown parameters, 
e.g., 321 ,, ppp  that “best approximate” the training set 
(see Section 3 for a formal definition). For example, in a 

simple supply chain, a functional form may be given that 
computes the total cost of manufacturing, given a set of 
products to be produced. This functional form may have 
unknown parameters, e.g., the unit costs and the required 
quantities of raw materials to produce specific products. 

Existing regression analysis (RA) software typically 
requires to input a data structure that describes the 
parametric functional form, or assumes this data structure 
to be fixed, e.g., in the case of linear regression.  The 
problem, however, is that in many applications, a 
functional form is not explicitly available.  Instead, it may 
be described as a complex computational process, 
encoded in an object-oriented programming language 
such as Java, in which some parameters used are not a 
priori known. One application example is calibration of 
parameters of a complex (e.g., physical, chemical and 
engineering) computational process, described as an OO 
program.  In [2] for example, a Java-based system for 
CRT remote calibration is presented, which allows the 
user to get rid of the computational burden necessary to 
train the neural network, or to estimate the parameters of 
the CRT model by relying on a set of measurements of 
the colors displayed by the CRT.  Another example [3] 
proposes Java-based simulation system to calibrate the 
parameters of hydrological models using step-wise and 
multiple objectives strategies. 

To implement regression analysis in applications of 
parameter calibration, a software developer will have to 
manually encode an explicit functional form, which must 
be equivalent to the one described in the complex 

Figure 1. Supply chain example.
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computation. This task requires expertise of mathematical 
modeling, which software engineers may not have. 
Furthermore, the modeling is difficult, time-consuming, 
and is inflexible to changes and extensions of the 
underlying computation process. The focus of CoReJava 
is to provide regression learning capability as a first class 
citizen in a programming environment, where parametric 
functional form is given as an object-oriented program in 
Java. 

More specifically, the contribution of this paper is as 
follows. We propose the syntax, define formal semantics 
and implement the language CoReJava, which extends the 
programming language Java with regression ability. 
CoReJava is unique in that functional forms for regression 
analysis are expressed as first-class citizens, i.e., as Java 
programs, in which some parameters are not a priori 
known, but need to be learned from training sets provided 
as input. 

For regressions analysis, the user of CoReJava needs to 
provide a class, say myLearning, which extends the 
system abstract class RegressionLearning with two 
methods: constructor and learnedFunction. Method 
learnedFunction describes a function form written using 
standard Java, while method constructor describes the 
set of adjustable parameters to that function.  The 
constructor method uses the special method 
paramToLearn, which is invoked to indicate, intuitively, 
which parameters are not known but need to be learned.  
Given a set of parameters from the constructor method, 
the learnedFunction method produces a response value 
for each data point read from the argument of type 
Scanner. Both the constructor and learnedFunction 
methods can make use of an existing Java code base.  

To invoke regression learning, the user needs to 
provide a Scanner object that encodes a set of training 
examples, in the form ),,,( 1 nn fxx … , and then invoke the 
constructor method. Intuitively, the invocation of the 
constructor method returns a regular Java object of class 
myLearning, where all paramToLearn invocations are 
replaced with specific values that “best approximate” the 
functional form given the learning set. 

To implement regression learning, the CoReJava 
compiler involves two steps. First, it analyses the 
structure of the learnedFunction method to 
automatically generate a constraint optimization problem, 
in which constraint variables correspond to 
paramToLearn, and the objective function to be 
minimized is the summation of squares of errors w.r.t. the 
training set, and then solves the optimization problem 
using the non-linear optimization solver AMPL / SNOPT 
[4].   AMPL is a comprehensive and powerful algebraic 
modeling language for linear and nonlinear optimization 
problems, in discrete or continuous variables.  A few 
solvers such as CPLEX 11, SNOPT, and MINOS are free 

to download from [4].  Second, CoReJava constructs a 
regular myLearning object, in which all paramsToLearn 
are replaced with the optimal learned parameters, and 
then continues with regular Java semantics. CoReJava 
solves the constructed optimization problem using an 
external solver, it inherits the solver’s limitations, namely, 
it can only be solved if the resulting constraint domain is 
supported by the solver, and furthermore, may return only 
a local, rather than global, minimum of the corresponding 
non-linear regression problem.  To exemplify the use & 
semantics of CoReJava, we develop a simple supply chain 
example. 

Regression models are used for several purposes such 
as parameter estimation, prediction and estimation, and 
control [1].  There is extensive literature on these 
purposes, including on parameter estimation (e.g., [5]), 
prediction and estimation (e.g., [6]), and control (e.g., 
[7]). The research in [8] suggests incorporating regression 
learning as a native component in database management 
systems. There are existing software tools that support 
regression analysis, e.g., SAS [9] and SPSS [10]. 
However, these tools can be used in programming 
languages only as external libraries, and thus require 
explicit mathematical modeling, as opposed to CoReJava. 
Many modern simulation platforms are based on OO 
programming languages (e.g., [11]), but none natively 
support regression learning. The language CoJava [12] 
allows the expressing of an optimization problem in Java 
as a first class citizen, but does not support regression 
learning on a learning set. CoReJava is in fact 
implemented by reducing its regression learning to the 
least squares optimization problem expressed in CoJava. 

This paper is organized as follows. In Section 2, we 
explain key ideas and semantics of CoReJava on a supply 
chain example. In Section 3, we start with mathematical 
foundation of regression analysis, and formally define 
CoReJava semantics. In Section 4, we discuss 
implementation architecture. Finally, we conclude and 
briefly introduce our future work in Section 5. 
 
 
2. CoReJava by Example 
 
2.1. Supply Chain Example 
 

In this section, we exemplify the use and semantics of 
CoReJava using a supply chain example, depicted in 
Figure 1. The manufacturer produces N products using M 
raw materials. The quantities of raw materials necessary 
are functions of the required quantities of products. The 
cost of the produced products is the cost of the required 
raw materials. Thus, the cost of manufacturing is a 
function of the required quantities of products. However, 
the coefficients of this function, i.e., the unit cost of each 
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raw material and the amount of each raw material to 
produce 1 unit of each product may be unknown and 
subject to regression learning.  

Figure 2 shows a partially expanded library of 
Regression Analysis for the supply chain example. The 
three key packages in the example are (1) the existing 
codebase, that may have been developed not for the 
purpose of regression learning, (2) RL (Regression 
Learning), which is CoReJava system package, and (3) 
the usageExample, which uses the existing codebase.  The 
RL package is discussed in Section 4. The codebase in the 
example models a manufacturing production process. 
Below we elaborate more on the example codebase, and 
its usage for regression learning. 

 
 

 
2.2. CodeBase Packages 
 

In the CodeBase package, the Manufacture class 
describes the production process (see Figure 3). It has 
four data members: materialQty array, cost, ManufCoefs 
object and productQty array.  The productQty array keeps 
the quantities of different products to be produced.  The 
materialsQty array records the total amount of materials 
used to produce every product.  The data member cost 
represents the total projected cost to produce all products.  
The class structure of ManufCoefs object is described in 
Figure 4. This ManufCoefs class represents the 
coefficients in the regression analysis.  The class 
ManufCoefs also has four data members.  The data 
member noMaterials is used to represent the number of 
materials involved in the production.  The noProducts 
represents the number of products to be produced.  The 
two-dimensional array reqMatQty represents the quantity 
of each required material to produce one unit of every 
product.  The array matUnitCost represents the unit cost 
of every material.  The ManufCoefs class has only one 

Figure 2.  CoReJava library in Eclipse 

Figure 3.  Manufacture class. 

Figure 4. ManufCoefs class.

Figure 5.  MyLearning class. 
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constructor method and all data members are initialized 
and assigned by the constructor parameters. 

The constructor of Manufacture class works as 
follows: the productQty array and ManufCoefs object are 
initialized and assigned by the constructor parameters.  In 
the “for” loop, the materialQty array is computed as the 
sum of material amount consumed by every product 
(reqMatQty of ManufCoefs object multiplies the 
productQty array).  Finally, the cost of all products is 
computed as the summation of material cost (matUniCost 
of ManufCoefs object multiplies materialQty). 
 
 
2.3. UsageExample Packages 
 

In the usageExample package, let us assume that 
ManufCoefs (manufacture coefficients) are not priori 
known, and we would like to learn them using a training 
set.  To do that, the user can define its own learning 
behavior by extending the abstract class 
RegressionLearning.  We use the class MyLearning (see 
Figure 5) to exemplify the user’s learning behavior in the 
supply chain example.  MyLearning class has a 
ManufCoefs object data member, which we would like to 
learn.  It defines a constructor method and a 
learnedFunction(Scanner scanner) method. Note 
that the constructor method of MyLearning uses the 
method paramToLearn(double min, double max) to 
specify the learning parameters (coefficients) of the 
ManufCoefs object to be learned. The min and max here 
can specify a range for the learning parameters to be 
chosen.  The learning parameters are unknown in the 
constructor. MyLearning class overrides the abstract 
method learnedFunction(Scanner scanner) of its 
super class, to represent the functional form used in 
learning.  This method reads from the scanner object, as 
input, the product quantities of one training example and 
returns the cost of manufacturing as output. Note that the 
output cost depends on the object ManufCoefs, which 
contain unknown parameters to be learned. 

The parameter scanner is defined as a Java utility 
class Scanner and used to read the set of training 
examples described in Table 1.  Each row is a learning 
set.  Each learning set includes 3 product quantities and 
the actual total cost which is also read from the 
scanner. For example, in the first learning set, 
product[0] is 8, product[1] is 5, product[2] is 9 and actual 
total cost is 20. The size of the table is decided by the 
information the user has collected. If the size of the table 
is not big enough, the model selection technique (cross 
validation) of machine learning will be used to filter the 
noise of learning sets [13]. 

The usageExample class (see Figure 6) is used to show 
the actual execution of the supply chain example.  The 
main method is defined in this class.  The number of 
materials (no_mats variable) and the number of products 
(no_prods variable) are assigned values 3 and 3 
respectively.  The variables min_Bound and max_Bound are 
used to specify the range of manufacture coefficients to 
be chosen and assigned in the main method.  Intuitively, 
the special CoReJava semantics of the MyLearning 
constructor is as follows. It constructs a MyLearning 
object, in which all the invocations of paramToLearn 
method are replaced with actual values of type double, for 
which the function defined by the learnedFunction 
method would “best approximate” the set of training 
examples. 

Table 1. Input learning set 
Product[0] 
Quantity 

Product[1] 
Quantity 

Product[2] 
Quantity 

Actual Total 
Cost 

8 5 9 20 
9 7 6 18 
7 6 14 25 
10 11 12 29 
… … … … 
11.2 9.6 6.5 25.33 

The rest of the program is executed as a regular Java 
program. In the example, the Manufacture object is 
constructed, using the instantiated MyLearning object, and 
the cost of manufacturing is printed. We define the 
semantics formally in the next section. 

To find the “optimal” parameters, CoReJava compiler 
analyses the structure of the learnedFunction to 
automatically generate a constraint optimization problem, 

Figure 6. UsageExample class. 

Figure 7. Running result. 
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in which constraint variables correspond to 
paramToLearn, and the objective function to be 
minimized is the summation of squares of errors w.r.t. the 
training set, and then solves the optimization problem 
using the non-linear optimization solver SNOPT. We 
discuss the implementation in more detail in Section 4. 

 
 

2.4. Running Results 
 

The running result of supply chain example is 
displayed in Figure 7.  The values of coefficients 
(matUnitsCost and reqMatQty arrays) are also listed in 
Figure 7. 

 
 

3. Syntax and Semantics of CoReJava 
 
3.1. Regression Analysis Preliminaries 
 

Regression analysis attempts to build a model based on 
the relationship of several independent variables and a 
dependent variable. We consider the technique of linear 
least squares regression which has been proven effective 
across many disciplines [8]. 

Let nΟΟ ,,1 … be independent variables, and kLL ,,1 …  
dependent variables. The latter are random variables 
defined over the underlying distribution of sample tuples 
in )( 1Odom ×  )( 2Odom ×… × )( nOdom . Suppose the 
learning set contains m tuples. Let us denote such a tuple 
as ),,( 1 inii ooo …= for mi ,,1…= . The collections of 

data m
1i)}jil,i{(ojC == , for kj ,,1…= , represent the 

available training data to estimate the values of the 
random variables jL , for kj ,,1…= respectively.  For each 
training set jC , we learn a regression model: 

jijj NofL += ),( β for kj ,,1…= and mi ,,1…= . Here jN is 
a random noise distributed as a Gaussian with 0 mean and 
variance jσ  so that: ][ jLE  = ]),([ jij NofE +β  = 

)],([ βij ofE  = ),( βij of , for all kj ,,1…=  (where E  is the 
expected value). We use the standard least squares 
method to find coefficients of each jf  that minimize jσ . 
 
3.2. Syntax and Semantics of CoReJava 
 

By design, the syntax of CoReJava is that of Java. 
CoReJava adds a special abstract class, called 
RegressionLearning, with signatures depicted in Figure 
8. However, the semantics of RegressionLearning and 
its derived classes is different from the regular Java 
semantics. 

The user of CoReJava provides a class that extends the 
abstract class RegressionLearning with 1) a 
constructor method which uses paramToLearn method 
for some values; and 2) a learnedFunction method 
which implements the abstract method of the 
RegressionLearning class.  

Intuitively, every time paramToLearn method is used, 
it indicates that the user would like to learn an unknown 
parameter. The constructor method constructs an object 
where some parameters are unknown, i.e., it uses the 
paramToLearn method. The learnedFunction method 
defines a parametric function form, whose parameters we 
are trying to learn. This is done by computing an output 
(the value of the function) given a multi-dimensional 
input read from a Scanner object.   

More formally, assume that a class MyLearning is the 
user provided class that extends the abstract class 
RegressionLearning, e,g, MyLearning class in section 2.  
Note that the constructor of MyLearning class uses 
paramToLearn method invocations.   

We say that an object s of the class MyLearning is 
feasible, if it is constructed by MyLearning constructor, 
where each invocation of paramToLearn(a, b) method 
returns a value in the interval [a, b].  Thus, every feasible 
MyLearning object can be identified by parameters 

),,( 1 mPP …  where iP is the value returned by the i-th 
invocation of the method paramToLearn(ai, bi). 

Let S denote the set of all feasible MyLearning objects 
s. Given a feasible learning object s identified by 
parameters ),,( 1 mPP …  above, we assume that 1) 
s.learnedFunction (Scanner scanner) method reads 
in n real (double) numbers, say mxx ,,1 … , from a Scanner 
object. Thus, the invocation of this method defines a 
function: g: Rn+m → R.  Given inputs and parameters, the 
function g returns the real value computed by the method 
learnedFunction. 

Let the learning set be ][],[,],[
1

iAVixix n…  for ki ,,1…= , 
and assume that the Scanner provides the sequence in the 
order of: 

 

We define a vector ),,( 1 mPP …  of optimal parameters as 

Figure 8.  RL class signature. 
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The semantics of the MyLearning constructor is as 

follows: it operates exactly as the user specified 
constructor where every invocation of 
paramToLearn(ai,bi) method for mi ,,1…= , is replaced 
with the parameter Pi from the vector ),,( 1 mPP …  of 
optimal parameters  as defined earlier. Finally, the 
semantics of CoReJava is identical to the semantics of the 
Java language, with the exception of the MyLearning 
constructor.  

 
 

4. Implementation Architecture 
 

The first step is the expansion of MyLearning 
constructor with the invocation of the method 
learn(String LSfilename) the system class 
RegressionLearning, depicted in Figure 9.  The file 
LSfilename stores a sequence of training examples. The 
method learn first computes sumDiff, which is the sum 
of squares of errors, i.e., the differences between the 
values computed by the learnedFunction method and the 
expected outputs in the training examples. Then, the 
learn method uses the construct 
Nd.checkMinObjective(sumDiff)  of the CoJava 
language [12]. This construct is used to specify that the 
objective of the constraint problem is to minimize the 
sumDiff. Each feasible object of MyLearning class 
corresponds to a set of parameters which are instantiated 
by the method paramToLearn(min, max), which calls 
the Nd.choice(min, max) method of the CoJava 
language.  The Nd.choice(min, max) method returns a 
single specific value between min and max, inclusively.  
Among all the feasible objects, the CoReJava compiler 

tries to locate the optimal object with optimal parameter 
set which can minimize the sumDiff. This process, in 
turn, is implemented as follows. 

The CoReJava compiler translates a non-deterministic 
procedure into an equivalent decision problem using a 
reduction algorithm [12].  The resulting decision problem 
consists of a set of constraints in the modeling language 
AMPL.   

The overall flow of the constraint compiler is shown in 
Figure 10.  First, a paramToLearn procedure is made 
nondeterministic by initializing it with values from the Nd 
(nondeterministic) choice library.  The checckObjective 
procedure designates an objective value.  This requires no 
change to the procedure itself, only to its parameters and 
return value.  Next, the procedure is transformed to create 
a constraint generator procedure.  This involves uniformly 
converting all of its numeric data types to symbolic 
expression data types.  Next, the constraint generator is 
compiled and executed (using a standard java compiler).  
The result generated by this procedure is a set of symbolic 
expression data structure, represent the nondeterministic 
output of the simulation procedure. Finally, these 
symbolic expressions are translated into the mathematical 
programming language AMPL and are solved in the non-
linear solver – SNOPT, in this case.  However, CoReJava 
can wisely choose the type of solver based on the 
constraint problems.  The overall flow can be explained in 
more details by the following sections.   

 
 

4.1. CoReJava Constraint Compiler 
 
      CoReJava translates a standard Java program into a 
decision problem that can be solved by various existing 
optimization engines.  The Java program is executed 
using symbolic expressions in place of the usual numeric 
data values.  Each input to the program is generalized 
from a simple numeric value to a decision variable 

     Figure 9.  Regression learning class Figure 10. CoReJava implementation flow 
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representing a range of alternative numeric inputs.  Each 
output of the program is generalized from a particular 
numeric result to a symbolic expression representing all 
possible results as a function of the input variables.  In 
effect, CoReJava executes the program non-
deterministically, following all possible program traces.  
The result of this nondeterministic execution can be 
interpreted as a decision problem.  The problem objective 
consists of the symbolic expression for the output we 
wish to maximize.  The problem constraints consist of the 
constraints implied by the statements that produced the 
output.  The problem solution identifies the program 
inputs that will produce the optimal program output. 
 
 
4.2. CoReJava Symbolic Expression Data Type 
 
     CoReJava defines a data type named NdNumber that 
represents a symbolic expression and its related 
constraints.  NdNumber is essentially a verbatim record of 
the operation that produces a new value.  Just as the 
original Java program computes new values from 
previous values, the "nondeterministic" program 
composes new symbolic expressions from previous 
symbolic expressions, as in the following example:  
 

Java 
program  

Java state CoReJava state 

 
int a = 2; 
 
a = a + 1; 

 

 
a --> int(2) 
 
a --> int(2) 
+ int(1)  
 
a --> int(3) 

 

a --> NdNumber(2)
 
a --> 
NdNumber(2).add(Nd
Number(1)) 
 
a --> 
NdOperation("+", 
NdNumber(2), 
NdNumber(1)) 

 
     Each NdNumber represents the set of constraints 
imposed by the program statement that computes a new 
value.  In the previous example, the value of a new 
NdNumber is constrained to be equal to the sum of two 
previous NdNumbers.  In the following example, when a 
new non-deterministic choice is produced, its value is 
constrained by two inequalities, an upper and lower 
bound: 
 

Java program Java state CoReJava state 
 
double a = 
Nd.choice(-2.0, 
2.0) 

 
 

 
a --> -
0.1235 

 

 
a --> NdRange(-
2.0, 2.0) 

 

4.3. CoReJava Flow Control 
 
     CoReJava preserves the semantics of conditional 
statements by maintaining a set of constraints that 
correspond to the conjunction of all enclosing conditions.  

Every assignment that occurs within a conditional 
statement block is related to the enclosing condition by 
logical implication, as in the following example:  
 

Java 
program  

Java 
state 

CoReJava state 

int a = 3; 
   
if (a > 2) 
a = a + 1; 

 

a --> 
int(3) 
 
a --> 
int(4) 

 

 
a --> NdNumber(3) 
a --> 
NdSwitch(NdComparison(">
", NdNumber(3), 
NdNumber(2)), 
NdNumber(3)+NdNumber(1),  
NdNumber(1)) 

 
     Since all state changes in Java are due to assignment 
statements, guarding assignments in this way is sufficient 
to accurately reflect the behavior of the conditional 
statement under all conditions.  Java iteration statements 
are supported similarly to Java conditional statements.  
All assignments within the body of the iteration are 
guarded in this way, and the loop is repeated until the 
loop control cannot possibly be satisfied.  The Java 
“assert” statement has a special significance in CoReJava. 
The assert statement makes some set of output values 
impossible.  It has the effect of promoting a boolean 
symbolic expression to a global constraint.   
 
 
4.4. CoReJava Constraint Reduction 
 
     The NdNumber data type implements some simple 
constraint reduction semantics.  These are mostly 
optimizations to keep the constraints concise.  For 
example, an upper and lower bound is maintained for 
each NdNumber, and if the two are equal, the number 
reduces to a constant.  Booleans values are implemented 
by constrained integers when the target domain is "mixed 
integer programming".  When boolean variables are used 
in logical implication, they are multiplied by a large 
constant and used to relax inequality constraints.  The 
following example shows how a boolean variable is 
defined and initialized:  
  

Java program CoReJava state AMPL syntax 

boolean  
a = (3 < 1); 
 

a --> 
NdComparison("<"
, 3, 1) 
 
 

 
var v integer; 
v >= 0; 
v <= 1; 
3 <= 1 + v * 
1000000; 
1 <= 3 + (1 - 
v) * 1000000; 
 

     The CoReJava symbolic expressions are easily 
translated to a solver syntax such as AMPL.   The tree of 
NdNumber nodes is very similar to the parse tree for a 
standard decision problem.  The AMPL objective function 
can be produced by an infix traversal of the NdNumber 
tree.  The AMPL constraints are produced by requesting 
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constraints for each NdNumber node and also including 
global constraints registered by "assert" statements.   
 
 
5. Conclusion and Future Work 
 

To the best of our knowledge, this is the first paper to 
incorporate regression learning into a programming 
environment as a first-class citizen. We believe that 
CoReJava can be used in a variety of applications, in 
which complex computational processes have unknown 
parameters that can be learned using learning sets.  

Many research questions remain open. They include 
(1) how to classify CoReJava programs into families, and 
finding the best suited optimization solvers; (2) extending 
Java with other types of learning, such as classification, 
i.e., when the functional forms return binary or finite 
domain values; and (3) developing special-purpose hybrid 
optimization algorithms suitable for learning that 
originates from a simulation process described as an OO 
program. 
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