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1. INTRODUCTION 

In this literature review three research papers are 

thoroughly studied and reviewed. All three papers 

pertain to the use of machine learning and neural 

networks to solve problems related to real-time 

systems. However, using these advanced tools in real-
time systems does not mean they are the be all end all 

of scheduling algorithms. Depending on the use, task 

set, task size, and architecture of the platform an ANN 

solution can have a wide range of outcome 

performance and end results. 

The three papers reviewed are listed below. 

1. Zhishan Guo and Sanjoy Baruah. A 
Neurodynamic Approach for Real-Time 

Scheduling via Maximizing Piecewise Linear 

Utility. 

2. M. P. Silva, C. Cardeira and Z. Mammeri, 

"Solving real-time scheduling problems with 

Hopfield-type neural networks," 

3. C. Cardeira and Z. Mammeri, "Performance 

analysis of a neural network based 

scheduling algorithm," 

The first paper uses a neurodynamic approach for 

real-time scheduling via the maximization of 

piecewise linear utility. This neural network can be 

implemented on analog circuits and has a parallel 

structure. Both of which are highly desired 

characteristics within real-time systems. 

The second paper overviews Hopfield-type neural 

networks for real-time system problems. It illustrates 

the characteristics of the Hopfield-type neural network 

and makes mention of its conflicting nature with 
system predictability. To help address this, the second 

paper illustrates a systematic procedure that details 

how to map a scheduling problem onto a neural 

network so that only feasible schedules are produced. 

Helping in system predictability. Allowing for better 

use of ANN in real-time systems. 

The third paper analyses the performance of 

neural network-based scheduling algorithms and their 

performance in solving real-time system problems. 

Varying parameters such as the workload, execution 

time, and period of a given tasks were analyzed to see 

how they affected the performance of ANN based 

algorithms. The optimality of solutions generated by 

these algorithms are also explored. 

All three papers reviewed help understand the use 

of machine learning and neural networks within real-

time systems. They also help understand that different 
algorithms and task sets produce different outcomes 

and may be ideal under certain circumstances.  

II – FIRST PAPER 

III – SECOND PAPER 

 The second paper is titled "Solving real-time 

scheduling problems with Hopfield-type neural 

networks,", The focus of this paper is to address 

feasible schedules for real-time systems. Within real-

time systems some generated schedules are found to 

be unfeasible. To help speed up the neural network a 

procedure will be demonstrated that will develop 
only feasible schedules. Greatly reducing the 

convergence time of a neural network to approach the 

ideal generation time. [2] 

A – Methodology 

 To generate schedules that are only feasible 

the firs step is to address the mapping of the real-time 

system problem onto the neural network itself. These 

problems are mapped onto the neural network 
digitally in terms of 1’s and 0’s. A vector space 

represents all these tasks. All of which are under 

various constraints related to scheduling and timing 

of the task set. [2]1 

IV – THIRD PAPER 

 The third paper is titled “Performance 

Analysis of a Neural Network Based Scheduling 

Algorithm”. The paper uses the Hartstone Benchmark 
to test the algorithm presented within the research 

paper. The algorithm presented is known as the neural 

scheduler algorithm, commonly referred to throughout 

the paper as NSA. Multiple tests will be conducted to 

see how the NSA performs under different 

circumstances, and what it is best used for. [3] 

A. Background 

When it comes to the use of ANN there are some 

key characteristics to keep in mind. For an ANN the 

convergence is relatively fast. In analog hardware 

implementations the convergence time can be as little 

as the propagation times of each stage in the analog 

implementation added up. Meaning solutions to real-
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time system problems can be found relatively quickly. 

The only downside to this is that the solution found 

can be radically different from the optimal solution. 

While this may hinder performance and overall 

efficiency of a given system, in real-time systems the 
most important aspect is that a valid solution is found. 

It does not have to be the most optimal. Meaning that 

if the solution found by the ANN results in no missed 

deadlines during execution, then it is a perfectly valid 

solution. [3] 

B. Proposed Network 

To understand the proposed Neural Scheduler 

Algorithm there are concepts that must be understood. 
For starters, the number of neurons within the network 

is composed of TxL neurons. T represents the number 

of tasks being performed, while L represents the 

scheduling length. Within the simulation that is 

conducted in this research paper there is a total length 

of 256. This is determined by the hyper-period for all 

tasks used to test the given NSA. [3] 

This mean that when a neuron is activated a given 

task is being performed by a processor. Over an 

extended period, the ANN will converge to a stable 

state meaning it has arrived at a valid solution. When 

it reaches this state the computation time of the task c 

will be determined for each period. This variable also 

correlates to the number of neurons activated within 

given period for a given set of tasks.  [3] 

From here, the weight of the various inputs for the 

ANN can be calculated using the k-out-of-N rule. N 

represents the number of neurons and k represents the 

number of processors available for use. This process is 
repeated for each task throughout the 256 hyper 

period. [3] 

When putting this network to the test 5 tasks will 

be given to the simulated neural network. The 5 tasks 
are listed out and explained in "Performance analysis 

of a neural network based scheduling algorithm” by 

C. Cardeira and Z. Mammeri, [3] 

C. Testing 

The previously designed neural network will 

evolve to fit the needs of a given task set. To put this 

network to the test it will be simulated to fit two 
different scenarios. For the first scenario the period of 

task 1 will be changed from 16, 8, 4, 2, and 1. For the 

second scenario the period of task 5 will be increased 

in all the way from 16 to 256. In this scenario though 

it will be done one number at a time.  [3] 

D. Results 

When the two scenarios were running the 

following interpretations were extrapolated from the 

data. For starters, the designed neural network 

approximates the optimal solution with low loads. 

Low loads in the case of this simulation is when the 
processor has low utilization, Utilization less than 1 to 

be specific. However, when the load increased and 

passed 75% the story was different. When it surpassed 

this limit, the neural network would miss 1 out of 

every 100 tests run within the simulation.  This does 

not equate to total failure since the system has a total 

period of 256 to correct its errors. In the end the neural 

network was able to self-correct and find a solution for 

a load of up to 99.61%. Once the load exceeded that 

the neural network was not able to find a solution and 

eventually failed. [3] 

F – Summary  

 In summary this neural network was able to 

perform at relatively high loads. However, this neural 

network does not come cheap. For starters, this neural 

network requires a suitable architecture that supports 

multiple processors to support the neural network. 

This is not always guaranteed especially on real-time 

systems. Typically, real-time systems use a 
microcontroller as the main processor so embedded 

systems are limited when it comes to taking advantage 

of the developed network. On top of this support for 

the given network varies from microcontroller to 

microcontroller. [3] 

V – CONCLUSION 
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