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Abstract - In this paper we will be reviewing several pieces of 
literature, which examine different aspects of 
implementations of machine learning (ML) algorithms into 
various Real-Time Systems (RTS). Machine Learning is a 
subset of Artificial Intelligence (AI), which uses data to train 
models to then predict future values. There are many 
different applications of ML in apps that we commonly use. 
Such as Twitter, Facebook, or even Google. These 
companies often pump their data into ML algorithms to 
train their models. Once the models are trained, they are 
then able to generate ads that are specific to certain users, 
along with many other things. Real-Time Systems is a 
system, which runs in real time. This means that responses 
must also be delivered in real time, so it should meet a 
specific deadline.  
 
Some examples of RTS could be Air traffic control systems, 
Command control systems, Real time monitors, Process 
control systems, etc.  
 
In this literature survey, four main papers will set foundation for 
our research including: “A Neurodynamic Approach for 
Real-Time Scheduling via Maximizing Piecewise Linear 
Utility”, “An Optimal Scheme for Multiprocessor Task 
Scheduling: a Machine Learning Approach”, “Application of 
Deep Learning for predicting schedules in real-time systems”, 
and “Solving Multiprocessor Job Scheduling with Resource and 
Timing Constraints Using Neural Network”. In addition, 
“Designing Neural Networks for Real-Time Systems” and 
“Case Study: verifying the safety of an autonomous racing car 
with a neural network controller” provide the real-world 
application of machine learning in real-time systems that we 
wanted to explain furthermore in this paper.  

I. MULTIPROCESSOR SCHEDULING 

Task scheduling is considered of executing a set of jobs that 
satisfies the given constraints and optimizing the criteria. Jobs 
assigned in a processor may have time constraints such as: 
period, execution time and deadline for the job. There are some 
other constraints, including resource requirements, or job 
precedence are also needed to be considered in the scheduling 
problem.  

 

Figure 1: Multiprocessor system 

With the development of technologies, many complex 
applications have been built, multiprocessors systems are 
becoming popular in different applications because of its 
advantages on increasing the throughput, boosting the system’s 
execution speed as well as increasing the reliability.  

However, scheduling this system is more complicated compared 
to single processor scheduling. Many existing researches have 
been conducted to find the best solution, it does not perform 
well on multiprocessor scheduling. The use of algorithms that 
are feasible schedule is necessary in order to solve the complex 
problem, in this case the multiprocessor system.  

The Neural Network has been applied to many areas including 
computer vision, speech recognition and even medical 
diagnosis, there are few solutions to handle real-time scheduling 
problems. Applying Machine Learning into a real-time system 
could be extremely  beneficial in meeting timing constraints as 
well as improving the optimality of real-time job scheduling. 

II. HOPFIELD NEURAL NETWORK 

The Hopfield neural network (HNN) structure is a cyclic neural 
network with feedback connections between output and input, 
which means collecting and retrieving the data like a human 
brain. The state of the neural can be 1 or 0, depending on the 
input it receives from another neuron. The output unit is updated 
depending on dynamics of the network, which means the output 
behavior represents the function of activation and the activation 
is based on threshold and input’s weighted summation.  
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This network has the ability to store the memories and 
recognizes the patterns have learned, which prove its stability in 
recognition tasks. The Hopfield-type neural network is suitable 
because it is known to provide solutions for hard optimization 
problems successfully, and lead to local or global minimum, and 
satisfy all the constraints.  

  

Figure 2: Hopfield Network 

The idea of using Hopfield neural Network can be explained 
simply: any constrained cost function can be expressed in 
specific form as shown in the next section, using Hopfield 
energy function, then there is an existing Hopfield network that 
represents the solution toward optimization problem. The main 
purpose is to minimize the Hopfield energy function in order to 
meet all requirements for constraints and reduce the objective 
function.  

III. ENERGY FUNCTION 

Generally when it comes to scheduling issues, it boils down to 
two main factors: the number of jobs needed to be scheduled 
and the number of machines (processors). First of all, the 
execution time of a job has to be available in order to schedule, 
and the job is scheduled preemptively. Most importantly, the job 
can be segmented, but it cannot be assigned into a different 
machine since job migration is not allowed to any other 
machine.  

To solve the problem effectively, we will focus on an 
“optimization” algorithm to satisfy all the constraints and the 
Hopfield objective function also known as the energy function, 

which can be the solution for scheduling problems. The 
constraints of this function are defined by two types: deadline 
constraint and output state constraint. 

The total energy (including all constraints) can be solved in the 
energy function which is displayed in figure 3. N is the number 
of job scheduled with the range of 1 to N, M is the number of 
processors, T is the deadline of the job, which all jobs are 
required to be less or equal to T and C1, C2, C3 ,C4, C5, C6 are 
defined as weighting factors which are positive constants. 

 

Figure 3: Energy function  

IV. NQ-WRAP SCHEDULE 

Another scheduling approach that uses machine learning  is 
called “NQ-Wrap”. It has been successfully applied to schedule 
periodic task sets on multiprocessors. This algorithm is  based 
on three different machine learning algorithms including 
inductive learning, case-based reasoning and backpropagation. 
An example of NQ-wrap is shown in figure 4. The NQ- Wrap 
algorithm is based on time slices, defined as consecutive 
intervals. Each time slice’s end occurs at the same time as some 
job’s deadline, and each processor provides a global and local 
scheduler.  



This algorithm will be able to schedule any task set on M 
machines that Usum ≤ M and umax ≤ 1.The task set is divided 
into segments, depending on jobs needed to be migrated within 
time slices. This algorithm can handle sets of constraints and 
minimize the operations cost and reduce preemption as well as 
migration overhead by modifying the local execution in each 
time slice.In most cases, the number of preemptions and 
migrations is non-zero, however, with the NQ-Wrap algorithm, 
it can minimize them significantly, which is extremely 
beneficial in scheduling problems.  

 

 Figure 4: NP-Wrap illustration 

Additionally, the inductive learning algorithm is used to 
generate a set of classification. The algorithm also produces a 
set of rules, where new tasks can be determined based on a set 
of rules, which can be less time consuming, and reliable. The 
NQ-Wrap algorithm, applied the same method, uses rules as 
guidelines for scheduling. There are three main rules: each job 
in time slice, the local execution is not allowed to exceed the 
interval of time slice, total time slice cannot exceed the 
processing time, and each job must be executed within time 
allowed. 

V. ASSESSING REAL-TIME SYSTEM ISSUES AND POSSIBLE 
IMPLEMENTATIONS OF NEURAL NETWORKS 

By applying neural networks into real time systems we can 
solve a wide variety of problems. Some of the RTS issues would 
include excessive response times, missed deadlines, or even 
scheduling issues. In the paper “A Neurodynamic Approach for 
Real-Time Scheduling via Maximizing Piecewise Linear 
Utility” a solution was created in the form of applying 
“approximation schemes” as well as “matrix vectorization”. 
Approximation schemes are algorithms which find approximate 
answers to optimization problems.  

More specifically, it finds approximate solutions to NP-hard 
problems. At a high level, Non-deterministic Polynomial-time 
hardness (NP hard) is a class of problems which are at least as 
hard as NP-complete problems. We can see a visual 
representation of this from Euler’s diagram in figure 5. Matrix 
vectorization (in linear algebra and matrix theory) converts a 
matrix into a column vector, which is a linear conversion. This 
is extremely helpful for a wide variety of applications, and even 
algorithms. This is because generally it is easier to implement an 
algorithm into something that is linear rather than something 
that is a matrix.  

However, in the paper, the authors explain that by applying this, 
we are able to convert scheduling conflicts into “linear 
constraint optimization with piecewise linear and concave 
objective”. So we are able to optimize the scheduling issues into 
efficient linear and concave mathematical expressions. This will 
allow for the implementation of  a neural network based model. 

 

 

Figure 5: Euler's diagram for P, NP, NP-complete, and NP hard 
set of problems 

VI. A NEURAL NETWORK IMPLEMENTATION FOR AN AUTONOMOUS 
VEHICLE 

Implementation of neural networks into safety-critical 
cyber-physical systems (CPS) are becoming much more 
common. A CPS is a system where a physical machine or model 
is controlled by an algorithm. Some of these safety-critical 
cyber-physical systems would include smart grids, medical 
monitoring devices, avionic systems, and even autonomous 
vehicles.  



In the paper “Designing Neural Networks for Real-Time 
Systems”, the authors implemented a neural network model to 
an autonomous vehicle. Once they implemented the NN into the 
vehicle controller, the vehicle was able to then drive around the 
track autonomously. 

Timing is extremely important in relation to  CPS. For example, 
in the case study “Case Study: verifying the safety of an 
autonomous racing car with a neural network controller” by R. 
Ivanov, T.J. Carpenter, J. Weimer, R. Alur, G. J. Pappas, and I. 
Lee. There was an autonomous vehicle which was utilizing 
LiDAR in order to safely navigate throughout the track. Light 
Detection and Ranging (LiDAR) is a sensory method which 
utilizes light to measure variable distances (ranging) to the earth. 
The light comes in the shape of a pulsed laser. However, the 
vehicle must detect corners and change the direction of the 
steering wheel in an appropriate fashion, within a timely 
manner. If the vehicle fails to meet the scheduled deadline , this 
could result in a wreck. So the vehicle controller must meet all 
deadlines in order to avoid any car accidents. 

Traditional CPS code is reliable but the issue lies within the fact 
that it depends on measurement based methods for accuracy. 
This method is not ideal because the generated predicted results 
are not strong. By implementing newer control models which 
relate to neural networks, we are able to fix this issue.  

However, there are certain drawbacks with this method as well. 
The drawbacks would include the fact that most of these NN 
systems do not account for functional and timing verification. 
So these newer control systems do not account for the vehicle 
turning on or that an event will meet its deadline. This is 
compensated by common frameworks depending on training, 
validating, simulating, and deployment testing for their models 
or systems. Some common frameworks include Tensorflow, 
Keras, and Caffe. 

The authors of “Designing Neural Networks for Real-Time 
Systems” explained their design approach while using the Keras 
framework. The design process for training the neural network 
is shown in figure 6. In their proposed model there are 6 steps 
the users will preform: 

1. Design the neural network in Keras. 
2. Test the functionality of the neural network with keras. 
3. Compile the model using Keras2C 
4. Compile using Patmos Clang 

5. Test the timing of the algorithm with Platin 
6. Implement the neural network if all the requirements 

are met. 

 

Figure 6: Euler's diagram for P, NP, NP-complete, and NP hard 
set of problems 

In step 1 the developer will begin by developing the neural 
network by utilizing the keras neural network framework. In 
step 2 the functionality of the algorithm will be validated with 
the same framework. In steps 3 and 4 the algorithm will be 
compiled using the Keras2C tool. During this step the developer 
will enter the appropriate weights for the neural network nodes. 
By adding the appropriate nodes to the model, the developer is 
able to increase the accuracy of the system. A visual 
representation of a neural network is shown in Figure 7. Once 
the program is compiled with Patmos-Clang, the output will be 
analyzed and tested with Platin. By testing the system with 
Platin the developer is able to get the worst-case execution time 
(WCET), which is very helpful when working with real-time 
systems. If the system fails in either step 2 or 5 then the 
developer must redesign the system from step 1. If the system 
successfully passes step 5 then it may be ready for 
implementation.  

The authors of this research paper also explain that it is possible 
to implement this neural network using Mult-Layer Perceptrons 
(MLPs). MLPs are a class of feedforward neural networks, 
which at a high level consist of multiple layers of perceptrons. A 
visual representation of this is shown in figure 8. However, this 
paper is extremely interesting and the authors are able to deliver 
their information very clearly without using extremely complex 
vocabulary. I highly recommend this paper for anyone who is 
interested in understanding how to implement a neural network 
for an autonomous vehicle, which is a real-time system. 



 

Figure 7: A Neural Network 

 

 

Figure 8: A Multi-Layer Perceptron  

 

VII. CONCLUSION 

In conclusion, by introducing artificial intelligence into 
real-time systems many issues are able to be resolved. Extensive 
research has been made by extremely intelligent academics. So 
information related to this field of study is abundant.  

Real-time systems are very common and crucial in modern 
society. By optimizing RTS we are able to improve existing 
technologies, as well as develop new ones. As mentioned 
previously it is possible to implement a neural network into 

autonomous vehicles. By doing so many issues were able to be 
resolved. Traditionally, autonomous vehicles depended on 
safety-critical cyber-physical systems. Although this method 
was reliable, the data received from it was at best a weak 
guarantee. This was due to the nature of the system where it was 
reliant upon measurements. Neural networks were able to assist 
with this issue by offering a more dynamic approach. This 
modern approach has certain drawbacks, but they were able to 
be resolved by taking additional actions. Overall, the 
implementation was a huge success. 

In addition to the popularity of RTS and the common 
occurrences of complex systems, we also mentioned 
Multiprocessor scheduling. This allows for increased 
throughput, boosting the system’s execution speed as well as 
increasing the reliability. Multiprocessor scheduling does prove 
to be somewhat complex at times, but it is fundamental in 
developing intricate applications. 

The advantages for utilizing a Hopfield neural network was also 
mentioned. The HNN is known to efficiently provide solutions 
for hard optimization problems. The nature of this neural 
network is also somewhat simple to understand. Which makes it 
a very powerful method to implement.  

The energy function was also described to be the solution to 
finding the total energy, and its solution to the hopfield 
operation. Also, we mentioned another scheduling method 
which utilizes machine learning known as “NQ-Wrap''. This 
method is powerful due to its composition. Which consists of 
three different machine learning algorithms including inductive 
learning, case-based reasoning and backpropagation. This 
method can prove to be an extremely helpful tool when 
integrated with complex systems. 
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