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Abstract 

 
The University Class Scheduling Problem (UCSP), or the process of building a class schedule for a university, has 
been a difficult problem in computer science due to its combinatorial complexity and multi-objective nature. As a 
result, several heuristic-based approaches have been tested, one being the genetic algorithm (GA). The application of 
GAs to this problem has presented its own difficulties due to the generation of infeasible solutions. Thus, this article 
presents novel methods of decoding random-key genetic representations such that only feasible solutions are 
generated. It is then demonstrated empirically that these modifications still constitute a viable algorithm, and 
analytically that these changes affect no additional bias on the otherwise unmodified GA. Going forward, similar, 
more generalized methods can be developed and applied to a wider range of problems. 
 
Keywords 
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1. Introduction 
 
Scheduling problems, or timetabling problems, essentially involve the distribution of limited resources over a finite 
space. This article focuses on a specific variation of this problem called the University Class Scheduling Problem, 
which is often considered to be a combinatorial problem and known to be NP-hard. UCSP can be broken down into 
hard constraints (room capacity, one class per room per period, etc.), which must all be satisfied for a solution to be 
viable, and soft constraints (teacher preferences, room utilization, etc.), which should be optimized to create “good” 
solutions. 
 
The presence of both hard and soft constraints has led to the development of several approaches towards optimizing 
UCSP, some of which are exact and others heuristical. Some exact approaches include brute-force search and integer 
linear programming. Integer linear programming takes a selection of variables and optimizes them based on a 
mathematical model while keeping the inputs bounded by a set of constraints. Both of these approaches suffer from 
combinatorial intractability as the search space increases. Due to these issues leading to a lack of satisfactory solutions, 
approximate methods were developed. Some heuristical approaches include genetic algorithms and particle swarm 
optimizers, as well as tabu search which uses meta-heuristics. 
 
This article focuses on the application of genetic algorithms in particular. GAs are one of the most powerful heuristic 
optimizers since they use random noise to explore a problem’s search space, meaning no additional information about 
the function being optimized is required. This is blindness towards the loss function is not required; local optimizations 
have been employed for some problems such as the traveling-salesman problem. 
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GAs operate on a population of individuals, where each individual contains one or more “chromosomes” which encode 
an input into a loss function. These chromosomes are usually in the form of bit strings or real-valued vectors. These 
abstract representations are necessary for consistent methods of generating new individuals. A translator is almost 
always required to convert the abstract representation into one which can be evaluated by a loss function. This article 
demonstrates how this translator can be modified to satisfy the constraints of UCSP by operating on a set of real-
valued vectors, often termed “random-keys.” 
 
2. Literature Review 
 
As mentioned in the introduction, several papers have been published which take exact approaches through the method 
of integer linear programming. Samiuddin et al. used this method with novel adjustments to improve performance and 
computational cost while solving UCSP. The inspiration for the proposed method of embedding hard constraints in 
the chromosome decoder came from their problem decomposition. Almost all hard constraints, when represented in 
the form of an integer linear programming model, show a one-to-one correspondence between assignments, suggesting 
that the process can be specialized. Ideally, a genetic algorithm which adheres to the constraints of a UCSP search 
space would out-perform an integer linear programming system due to its more efficient search heuristics. 
 
Beyond exact methods, several heuristic methods have been proposed for UCSP, including genetic algorithms. Wang 
et al. employed a genetic algorithm which factored hard constraints into it loss function. They were able to achieve 
some success with their adaptive method, however they were not able to achieve 100% satisfaction of all of their rules, 
and their algorithm had to go through the extra work of eliminating solutions that violated hard constraints. 
Kumargazhanova et al. took a similar approach when solving a variation of UCSP concerning the breakdown of classes 
into smaller groups. Precise results were not given, however their method of breaking down UCSP and their loss 
functions were very similar to that of Wang et al. Both of these methods could be improved if their associated hard 
constraints did not need to be factored into their loss functions. 
 
El-Sherbiny et al. took a different approach to address the problem of hard constraints. Their variation of the genetic 
algorithm circumvented the crossover operator, and relied only on a set of mutation operators. They took this approach 
since they reasoned that the crossover operator would not yield well-performing individuals. This drastic modification 
takes away the most distinguishing feature of the genetic algorithm, hampering its effectiveness. This approach is 
more akin to a particle swarm optimizer, however a more desirable method would include a recombination operator 
that does not generate poor solutions. 
 
3. Methodology 
 
This section quantifies the exact problem that is optimized by a genetic algorithm and explains the novel decoding 
method. The mechanics of random-keys are also clarified in this section. Afterwards, empirical results are presented, 
followed by a mathematical analysis of the method proposed in this section. 
 
3.1. Problem Formation 
 
The precise formulation of UCSP can vary from author to author, but this article only considers the following 
constraints: 

1. One teacher per class, per room, per time slot. 
2. A class’s size cannot exceed room capacity. 
3. Each class must meet a certain number of times per week. 
4. Each class will meet in the same room during the same period of the day. 

The following soft constraints are also considered: 
1. Teacher preferences regarding the classes they teach. 
2. Teacher time slot preferences. 
3. Room utilization. 

To calculate the first soft constraint, each teacher ranks the classes they would prefer to teach, with the first class being 
most desirable. If the class is not on the list, then it is assumed that it is not desired at all. Then, the classes a teacher 
is assigned are compared against their list, with the index of the class on their list (starting from zero) divided by the 
size of their list representing the loss value. If the class is not on the teacher’s list, then the loss value is set to 1. The 
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loss values are then averaged for every class-teacher pairing. Unlike the class preferences, periods are not ranked. 
Thus, if a teacher is assigned a period not on their list, then the loss value is 1 else it is 0. These values are then 
averaged across all class-teacher pairings. Finally, room utilization is calculated with the following equation: 

loss =
capacity − classSize

capacity
, 

and averaged across all class-room pairings. 
 
3.2. Random-keys 
 
The novel method relies on a specific decoder for random-keys. In all cases for this article, random-keys are used to 
define an assignment of items in a source list to items in a target list. This is accomplished by sorting the elements in 
the random-key, and tracking their original and final indices through the sort. The final indices are then scaled down 
to fit within the range of the target list if needed. The original index gives the item in the source list, and the final 
index gives the item in the target list. An example of this process will be given with the source and target lists 
(𝑎𝑎, 𝑏𝑏, 𝑐𝑐,𝑑𝑑, 𝑒𝑒) and (1,2,3,4,5). 

 
With this, an index table can be generated, where 𝑖𝑖𝑠𝑠 is the index in the source list and 𝑖𝑖𝑡𝑡 is the index in the target list, 
and with that the resulting assignments can be listed. 

 
A more complicated variation of this process can be applied to the situation where the target list is two-dimensional, 
i.e. a set of sets. In this case, the random-key reorders the elements in the source set, essentially mapping each element 
to a new index. The reordered source is then iterated over. For each element in the source set, the first viable pairing 
with a set within the target is formed, and then the assigned elements from the chosen set are removed. In this sense 
the random-key acts like a priority list or queue. It is critical that there are sufficient elements in the source set so that 
each element in the target has its number of potential assignments exhausted. If there are not sufficient elements in 
the source set, then “buffer” elements can be added which remove elements as if they have been assigned. 
 
3.3. Novel Decoder 
 
The initial step in the decoding process is to assign teachers to classes, which is simply done by using a random-key 
to map the array of classes onto the array of teachers, linearly scaling indices up or down so that each teacher is 
assigned and equivalent number of classes. After this pairing is completed, the more complex task of assigning rooms 
and time-slots is executed. 
 
Before any assignment is done, the rooms are sorted by decreasing capacity, and each room is duplicated 𝑝𝑝 times 
before all copies are inserted into a list, where 𝑝𝑝 is the number of periods in a day. This list effectively contains pairings 
of rooms with periods, where the period can be derived from an index. Unless otherwise specified, the term “room” 
will refer to one of the rooms in the list going forward, meaning that it implicitly has a specific period assigned to it. 
The set of class-teacher pairings is then sorted be decreasing class size, with ties being broken by the number of times 
a class meets per week, again in decreasing order. 
 
The one-to-one mapping of random-keys is exploited to satisfy the first hard constraint, and the data structure above 
satisfies the fourth, however the second and third constraints present more difficulty. The key observation of this 
article is that these constraints can be satisfied simply through the order in which class-teacher pairings are assigned 
to rooms and time slots. To demonstrate this, consider an example with two classrooms, one with a capacity of 50 and 
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another with a capacity of 100, and two classes, one with a size of 50 and another wise a size of 100. The class with 
100 students can only occupy the second room if the capacity constraint is to be satisfied, however the smaller class 
can occupy either room. This presents a problem since if the smaller class is assigned to a room first, and it is assigned 
to the larger room, then the 100-student class has no feasible assignment even though it is evident that one exists. The 
solution to this is to assign the largest classes that meet the most often first, and the smallest, most infrequent classes 
last. Going back to the example, the 100-student class would have priority since its only option is the larger room, so 
the larger class would be assigned to that room. The 50-student class would then have a choice of both rooms, but 
since the larger room is already occupied, the smaller class would be assigned to the smaller room. Through this 
method, both the the second and third hard constraints are satisfied. 
 
Returning to the general case, the lists are sorted and the smallest subset of compatible class-teacher pairings and 
rooms are selected. “Compatible” in this sense means that any non-overlapping assignment of the two sets would 
satisfy the second and third hard constraints. Since the divisions of the class-teacher pairings and the rooms remains 
consistent across iterations, a single random-key can be used. Since each room stores with it a list of the days of the 
week in which it is available, the rooms act as a two-dimensional target and the classes as a source. A section of the 
random-key is used to perform a priority mapping to create the assignment. This is repeated for each of the subset 
pairings. Once this is finished, the assignments are translated into a different data structure to represent the completed 
schedule. 
 
The rest of the genetic algorithm is fairly standard. A population of 100 individuals was used, and the mutation rate 
was set to 5%. During an iteration of the algorithm, loss values for each individual in the population were calculated 
and used to carry out roulette wheel selection. Enough individuals were selected for reproduction to fill 60% of the 
resulting population. To produce offspring, the parents’ chromosomes were recombined with uniform crossover. 30% 
of the next generation was created by copying over the elites of the previous generation, and the remaining 10% was 
filled by randomly generating new individuals to keep diversity. The above method was tested on a relatively small 
data set from a math department at a local college-prep school, and the results are presented in the next section. 
 
4. Experimental Results 
 
The method above was run for 2,500 iterations 100 times and the results were averaged across all runs. Completing 
all 2,500 iterations in a single run took about 20 seconds real-time, however the code could be optimized further to 
cut back on overhead. The input data set was constructed to deliberately have a minimum loss value above zero. 
Although the exact value is not known, it is estimated to be around 0.5. 
 

 
Figure 1 shows the decrease in the overall loss value of the most-fit individual. The biggest improvement is realized 
in the first 250 to 500 iterations, and then the improvement rate remains steady for another 1,000 iterations until it 
begins to level off. During the trials, it was noted that there were two local minima that the GA tended to settle on: 
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one with a loss value of 0.64 ± 0.03 and the other with a loss value of 0.57 ± 0.03. As demonstrated by the data, it 
was far more common for the algorithm to settle on the minimum with the higher loss value. Given more iterations, 
the minimum with the smaller loss value was often found. 
 
Figure 2 shows the breakdown of the overall loss value into its component parts. As stated before, the composite loss 
value is generated from three smaller values: teachers’ class preferences, teachers’ teaching time preferences, and 
room utilization. Each of these factors was equally weighted when calculating the overall loss value, causing the 
component with the largest magnitude to have the largest effect on selection. The room utilization measurement had 
very little effect on the algorithm. Although it cannot be seen clearly on the graph, there was a slight decrease in the 
room utilization loss over the 2,500 iterations. The interplay of the equal weighting can also be seen in that the period 
preference loss decreases at a faster rate as the class preference loss levels out. The algorithm may be able to converge 
at a faster rate if different weightings of the components are employed. 
 
5. Analysis 
 
The key observation that this paper exploits is the unique properties of the random-key chromosome representation. 
This section explores these properties and gives a mathematical proposition as to why the proposed method is robust. 
A few notes on notation: 

• Unless otherwise specified, all “sets” are assumed to be ordered sets. Ordered sets still cannot contain 
duplicate elements. 

• 𝐴𝐴 ∪ 𝐵𝐵 denotes a union of two ordered sets where the resultant set can have any arbitrary ordering of its 
elements. 

• Random-key chromosomes will be represented as an ordered set of reals rather than a vector. 
 
It is assumed that random-keys are robust because they are unbiased in the representations that they encode. In other 
words, a decoder of a random key should not preferentially favor certain characteristics in the resulting output type. 
This is defined concretely in terms of uniform-assignment functions, and then this theory is applied to the proposed 
methodology to show that there is no bias. 
 
5.1. Foundations 
 
Definition 1: Given an ordered set 𝑅𝑅, if 𝑅𝑅 ≠ ∅, and each element of 𝑅𝑅 is an independent sampling of the uniform 
distribution of reals on the interval [0,1), then 𝑅𝑅 is a random-key set. 
 
Random-key sets are almost always paired with a mapping function or decoder. For the purposes of this article, a 
specific type of mapping function, called a uniform-assignment function, will be defined. Uniform-assignment 
functions group each element in a source set 𝐴𝐴 with one or more elements in another source set 𝐵𝐵 based on a random-
key set 𝑅𝑅, such that each feasible grouping has an equal probability. The set of all feasible groupings is denoted by 
the set 𝑇𝑇. The set of all possible random-key sets for a given decoder is denoted as ℜ, however it is possible for a 
uniform-assignment function to accept sets of random-key sets as long as the following definition is satisfied. 
 
Definition 2: Given a function 𝑓𝑓:𝐴𝐴 × ℜ → 𝑇𝑇, 𝑓𝑓 is a uniform-assignment function if given a random element 𝑎𝑎 ∈ 𝐴𝐴 
and a random element 𝑡𝑡 ∈ 𝑇𝑇, ∀𝑅𝑅 ∈ ℜ,𝑃𝑃(𝑓𝑓(𝑎𝑎,𝑅𝑅) = 𝑡𝑡) = 1

|𝑇𝑇|
. 

 
One example of a uniform-assignment function is the simple direct mapping mentioned in the methodology section. 
The proof of this is as follows. Given two ordered sets, 𝐴𝐴 and 𝐵𝐵, such that |𝐴𝐴| = 𝑛𝑛, |𝐵𝐵| = 𝑚𝑚, and 𝑛𝑛 ≥ 𝑚𝑚 > 0, let 𝑇𝑇 =
 𝐴𝐴 × 𝐵𝐵 and ℜ = {𝑅𝑅 | 𝑅𝑅 is a random − key set and |𝑅𝑅|  =  𝑛𝑛}. Fix 𝑅𝑅 ∈ ℜ, and choose a random element 𝑎𝑎1 ∈ 𝐴𝐴 where 
𝑎𝑎1 is the 𝑖𝑖-th element of 𝐴𝐴, and a random pair (𝑎𝑎2, 𝑏𝑏) ∈ 𝑇𝑇 where 𝑏𝑏 is the 𝑗𝑗-th element of 𝐵𝐵. Since 𝑎𝑎1 ∈ 𝐴𝐴 and 𝑎𝑎2 ∈ 𝐴𝐴,  

𝑃𝑃(𝑎𝑎1 = 𝑎𝑎2) =
1

|𝐴𝐴| =
1
𝑛𝑛

. 

The probability that 𝑓𝑓(𝑎𝑎2,𝑅𝑅) = 𝑏𝑏 is equivalent to the probability that the 𝑖𝑖-th element of 𝑅𝑅 is greater than between 
𝑛𝑛(𝑗𝑗−1)
𝑚𝑚

 (inclusive) and 𝑛𝑛𝑗𝑗
𝑚𝑚

 (exclusive) elements in 𝑅𝑅, which is equal to 
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1
𝑛𝑛
⋅ �
𝑛𝑛𝑗𝑗
𝑚𝑚
−
𝑛𝑛(𝑗𝑗 − 1)

𝑚𝑚
� =

1
𝑚𝑚

. 

Thus, 

𝑃𝑃�𝑓𝑓(𝑎𝑎1,𝑅𝑅) = (𝑎𝑎2, 𝑏𝑏)� =
1
𝑛𝑛
⋅

1
𝑚𝑚

=
1
𝑛𝑛𝑚𝑚

=
1

|𝑇𝑇|. 

This result will be slightly inaccurate if 𝑛𝑛
𝑚𝑚

 is not an integer due to rounding and/or flooring of fractional indices. 
 
5.2. Extensions 
 
Uniform assignment functions can be combined and keep their property of uniform assignment. 
 
Theorem 1: If 𝑔𝑔:𝐴𝐴1 × ℜ1 → 𝑇𝑇1 𝑎𝑎𝑛𝑛𝑑𝑑ℎ:𝐴𝐴2 × ℜ2 → 𝑇𝑇2 are both uniform-assignment functions, then the following is 
also a uniform-assignment function: 

 
where 𝐶𝐶(𝑥𝑥, 𝑦𝑦) is a choosing function with equal probability of returning x or y. 
 
The proof of this is can be derived with a bit of work. Choose a random element 𝑎𝑎 ∈ 𝐴𝐴1 ∪ 𝐴𝐴2, and a random element 
𝑡𝑡 ∈ 𝑇𝑇1 ∪ 𝑇𝑇2, and fix (𝑅𝑅1,𝑅𝑅2) ∈ ℜ1 × ℜ2. 
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One can also ask whether a composition of uniform assignment functions yields another uniform assignment function, 
which as it turns out, it does. 
 
Theorem 2: If 𝑓𝑓:𝐴𝐴 × ℜ1 → 𝐵𝐵 and 𝑔𝑔:𝐵𝐵 × ℜ2 → 𝑇𝑇 are uniform assignment functions, then 𝑔𝑔 ∘ 𝑓𝑓 is also a uniform 
assignment function. 
 
Fix 𝑎𝑎 ∈ 𝐴𝐴 and 𝑡𝑡 ∈ 𝑇𝑇. The probability that 𝑔𝑔�𝑓𝑓(𝑎𝑎)� = 𝑡𝑡 can be broken down into the probability that 𝑓𝑓(𝑎𝑎) = 𝑏𝑏 and 
𝑔𝑔(𝑏𝑏) = 𝑡𝑡 for each 𝑏𝑏 ∈ 𝐵𝐵. Thus the following constitutes the overall probability: 

�𝑃𝑃(𝑓𝑓(𝑎𝑎) = 𝑏𝑏 ∩ 𝑔𝑔(𝑏𝑏) = 𝑡𝑡)
𝑏𝑏∈𝐵𝐵

= �
1

|𝐵𝐵||𝑇𝑇|
𝑏𝑏∈𝐵𝐵

=
1

|𝑇𝑇|. 

 
5.3. Nested Targets 
 
A more complex proof is needed for the case of a function that maps a source set to subsets of sets within the target 
data set, 𝔇𝔇. One more small theorem is needed for this proof. 
 
Theorem 3: If 𝑅𝑅 is a random-key set, ∀𝐿𝐿 ⊂ 𝑅𝑅, 𝐿𝐿 ≠ ∅, 𝐿𝐿 is also a random-key set. 
 
Since 𝑅𝑅 is a set of samplings from the uniform distribution of reals on the interval [0,1), it is clear that any subset of 
𝑅𝑅 also meets this criterion. 
 
The target data, 𝔇𝔇, is structured as sets within a set, with the inner sets potentially varying in size. Through the mapping 
process, elements in a source set, 𝐴𝐴, are paired with subsets of a fixed size, 𝑙𝑙, of the sets within the target data set. It 
is assumed that the following condition is held: ∀𝐷𝐷 ∈ 𝔇𝔇, |𝐷𝐷| ≥ 𝑙𝑙. The mapping procedure requires two random keys, 
one for selecting the set within the target data set, and one for selecting the subset of the chosen set. These will be 
denoted as ℜ1 and ℜ2 respectively. The keys have the following sizes: 

∀𝑅𝑅1 ∈ ℜ1, |𝑅𝑅1| = |𝐴𝐴|; 
∀𝑅𝑅2 ∈ ℜ2, |𝑅𝑅2| = max

𝐷𝐷∈𝔇𝔇
|𝐷𝐷|. 

The size of the source set must also satisfy the following: 

|𝐴𝐴| = ��
|𝐷𝐷|
𝑙𝑙
�

𝐷𝐷∈𝔇𝔇

. 

If this condition is not satisfied, then buffer elements need to be added as mentioned in the methodology section. 
 
The process for this type of assignment is quite different than the kinds previously discussed. The priority list, or 
queue process defined in the methodology section can be used for both assignments. Once an assignment to elements 
within a set in 𝔇𝔇 is completed, those elements cannot be assigned again. If fewer than 𝑙𝑙 elements remain in a set, then 
it is skipped over. 
 
If the target set is constructed from the global data set 𝔇𝔇, then it quickly becomes evident that the assignment function 
is not uniform, however in doing that, the wrong function is constructed. The assignment of elements in 𝐴𝐴 is more 
analogous to a composition of functions, where the first function pairs elements in 𝐴𝐴 with sets within 𝔇𝔇, and the 
second selects a subset of the set within 𝔇𝔇. Because of this, the target of the second function is dependent on the output 
of the first. These functions are defined as 𝑓𝑓 and 𝑔𝑔 respectively. 

𝑓𝑓:𝐴𝐴 × ℜ1 → 𝐴𝐴 × 𝔇𝔇 
Given 𝐷𝐷 ∈ 𝔇𝔇, 

𝑔𝑔𝐷𝐷:𝐴𝐴 × ℜ2 → 𝐴𝐴 × {𝐹𝐹 | 𝐹𝐹 ⊂ 𝐷𝐷 and |𝐹𝐹| = 𝑙𝑙} 
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The first fact that must be proven is that 𝑓𝑓 is a uniform-assignment function. Because of the size of 𝐴𝐴 in relation to 𝔇𝔇, 
the queue-like mapping is equivalent to a direct mapping. This is because by assigning every element in 𝐴𝐴 to a subset 
of a set within 𝔇𝔇, every set within 𝔇𝔇 will have fewer than 𝑙𝑙 unassigned elements remaining after every element in 𝐴𝐴 
is given an assignment. Hence, 𝑓𝑓 is a uniform-assignment function. 
 
For the proof that 𝑔𝑔 is also a uniform-assignment function, 𝑔𝑔 must first be constructed from the output of 𝑓𝑓. In a sense, 
the source of 𝑔𝑔 is (𝐴𝐴 × 𝔇𝔇) × ℜ2, however the element from 𝔇𝔇 is more of a meta-parameter, thus it is denoted as a 
subscript and not included in the source set. The process by which 𝑔𝑔𝐷𝐷 selects a subset from 𝐷𝐷 is similar to the queue 
method. The elements in 𝐷𝐷 are reordered according to a random-key 𝑅𝑅 ∈ ℜ2, and the first 𝑙𝑙 elements are used. Since 
the size of 𝐷𝐷 can be smaller than the size of 𝑅𝑅, the key must be truncated. By theorem 3, the first |𝐷𝐷| elements of 𝑅𝑅 
can be used to form the random-key, and the function will retain its property of uniform-assignment. With this 
information, a proof can be constructed. 
 
Let 𝔉𝔉 =  {𝐹𝐹 | 𝐹𝐹 ⊂ 𝐷𝐷 and |𝐹𝐹| = 𝑙𝑙}. Order is not accounted for when removing duplicate elements from 𝔉𝔉. This is 
because the sets within 𝔉𝔉 correspond to the list of days available that each room maintains. Days of the week have a 
natural order, so any subset can always be re-ordered in a consistent manner. Fix (𝑎𝑎1,𝑅𝑅2) ∈ 𝐴𝐴 × ℜ2 and fix 𝐷𝐷 ∈ 𝔇𝔇 
and (𝑎𝑎2,𝐹𝐹) ∈ 𝔉𝔉. As demonstrated earlier, 𝑃𝑃(𝑎𝑎1 = 𝑎𝑎2) = 1

|𝐴𝐴|
. Since the reordering of 𝐷𝐷 is uniform, the result of taking 

the first 𝑙𝑙 elements of the reordered set is equivalent to taking 𝑙𝑙 elements randomly from 𝐷𝐷 without replacement. 
Because of this, the probability that the outputs match can be calculated as follows: 

𝑃𝑃(𝑔𝑔𝐷𝐷(𝑎𝑎2,𝑅𝑅2) = 𝐹𝐹) = �
|𝐷𝐷|
|𝐹𝐹|�

−1

= �
|𝐷𝐷|
𝑙𝑙
�
−1

. 

Thus the overall probability, 1
|𝐴𝐴|
�|𝐷𝐷|
𝑙𝑙 �

−1
, is equivalent to 1

|𝐴𝐴×𝔉𝔉|
. Furthermore, the uniformity remains invariant across all 

values of the meta-parameter 𝐷𝐷. 
 
Since 𝑓𝑓 and 𝑔𝑔 are uniform-assignment functions, and since 𝑔𝑔 retains its property of uniform-assignment for all 𝐷𝐷 ∈
𝔇𝔇, the “composition” of these two functions is also a uniform-assignment function. 
 
5.4. Application to Methodology 
 
As demonstrated above, the initial mapping of classes to teachers is a uniform assignment. The more complicated 
mechanics take place after this point. The class-teacher pairings are mapped to rooms with implicit periods in sections, 
with the class-teacher subsets being disjoint. This process is not entirely clear-cut due to the mutability of the set of 
rooms. If the first subset of class-teacher pairings is assigned to a specific subset of rooms and periods, then that will 
affect the possible assignments for the following subsets of class-teacher pairings. Ultimately, however, regardless of 
which slots are used at which point in the process, the union of the target sets for every individual assignment function 
will yield the same, global target set. Thus, by theorem, the result of combining each separate assignment yields a 
uniform-assignment function overall. Lastly, by theorem, the composition of the class-teacher assignment with the 
room assignment yields a uniform-assignment function. This proves overall that the proposed methodology is 
unbiased in its conversion from random-keys to schedules. 
 
6. Conclusion 
 
This article presented a novel method of decoding random-keys to produce class schedules that satisfied a set of hard 
constraints. Empirical results were presented that demonstrated the viability of this method, and then mathematical 
analysis was employed to demonstrated that the method was unbiased. Overall this novel method appears to have 
promise going forward. 
 
Future research should be done to find new search space restriction methods and other areas of application. The 
methods employed here are unfortunately limited to the scope of UCSP and related problems, however some of the 
basic concepts can be applied elsewhere. Since it was shown that uniform randomness, probabilistically speaking, can 
be preserved through a wide variety of transformations, more inventive decoders can be developed and tested. The 
one drawback with these search space restricting decoders is their computational load. They are far less efficient than 
index-related decoders, and thus take significantly longer to translate a representation into an actual data structure. 
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Methods of lowering the computational load of these decoders should also be researched if they are to be applied in 
time-sensitive scenarios. 
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