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Abstract 

  The challenge of producing an optimal task schedule in cloud environments holds 

significant importance for both the research community and industry. This scheduling 

problem is computationally complex and is generally classified as NP-complete, and in many 

cases, NP-hard. Heuristic and metaheuristic algorithms are used to solve optimization 

problems. Heuristic algorithms use the process of trial and error to find the answer. 

Metaheuristic algorithms, on the other hand, identify the answer at a higher level. Therefore, 

we have proposed a better solution to this problem using Reinforcement Learning based Q-

learning algorithm which is extended to act as a hyper-heuristic controlling and helping 

various evolutionary algorithms which are acting as meta-heuristics. It is hypothesized that 

this strategy will provide us with a near optimal schedule for a real cloud environment. That 

is, concretely we propose a hyper-heuristic based on Q-learning which drives various 

evolutionary algorithms HSA, CS, BAT algorithm and as a result the system outputs a 

schedule which requires as minimum time as practically possible when executed on a real 

cloud. We test the proposed algorithm on a real world system Hadoop directly for reliable 

results. For comparisons we use the state of art scheduling algorithms (deterministic, hyper-

heuristic and meta-heuristics) and our results demonstrates a significant performance gain 

over 80% of comparisons.    

Keywords:- Optimization ,Cloud Computing,  Meta-heuristics, Hyper-heuristic, HSA, CS, 

BAT  

 

1. Introduction 

Information in today’s world has become an issue not only because of its production but also 

because of its usage. The classical centralized resources of computing equipments which are 

backbone of many successful innovations have now become a kind of limitations in this highly 
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incendiary situation of information explosion. There is an urgent need of decentralized computing 

resources and this demand is fulfilled by cloud environment [1]. Cloud computing ( as software as 

a service, on-demand computing, or the Internet as a platform) is simply a collection of computing 

resources that are made available to end users based on their changing needs. [1–3]. This definition 

gives raise to various models of cloud computation [4]. 

Now-a-days, as cloud has become extremely popular and useful fundamental computing 

environment, but cloud computing has its own issues and problems. The most fundamental 

problem which arises is of “task scheduling” [5,62]. Tasks are the fundamental unit of work in 

cloud which is assigned to the various available machines. The problem of task scheduling 

basically “demands a sequence of tasks which can be given to the cloud such that some predefined 

conditions are met or in scientific terms optimized”. This is in fact an optimization problem where 

predefined condition(s) can be any of the concerned condition(s) and can wary dynamically with 

demand [6]. 

Moreover, the cloud scheduling problem is NP-Complete [21], meaning that no algorithm can 

accomplish this task in polynomial time. Every algorithm reported in literature, has to evaluate 

each and every candidate solution if one has to guarantee an optimal solution. This property of 

NP-completeness of the scheduling problem motivates us to design an algorithm which will be as 

close to optimal as possible.  

Presently, to solve the scheduling problem specifically and NP-complete problems generally, the 

following solutions are explored in the literature. First considering heuristics which are used 

extensively to come up with good solutions fast are applied to our problem of cloud scheduling [7, 

23, 24].  Moreover, the second option meta-heuristics; defined to be more general than heuristics 

and are problem independent, are used to perform better on a selected performance measure (e.g. 

resources, time etc.) by cloud experts to solve the scheduling problem. To mentioning a few 

successful meta-heuristics for solving various NP-complete problems reported in literature are Bat 

Algorithm (BA) [8, 9, 31-35], Particle Swarm Optimization [36-40], Whale Optimization 

Algorithm [10-17], Cuckoo Search Algorithm [18-20], Cat Swarm Optimization Algorithm [24-

30] etc. To achieve even better performance, various hybrid meta-heuristics are developed in e.g. 

[41-45].  

However, with these advanced scheduling techniques there is still an urgent need and high urge of 

solving the scheduling (NP-complete) problem in a more robust, performance-centric and timer 

efficient manner. This further motivates us. To achieve these goal researchers had developed even 

more advanced algorithms which can take many advantages of the important properties of many 

other algorithms simultaneously. These algorithms are hyper-heuristics.  There are a limited 

number of hyper-heuristics proposed in the literature for e.g. [5, 46, 47]. Although, Hyper-

heuristics are recent research methodologies and much remains to contribute to these 

methodologies from many perspectives, they are very promising.  

Therefore, motivated by the above facts, here in this paper we provide the following novel 

contributions: 

(1) Solution to the cloud scheduling problem which is NP-Complete (first motivation). 
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(2) As a solution we presented a hyper-heuristic. 

(3) A learning strategy is introduced in our proposed hyper-heuristic. 

(4) We select our meta-heuristics to be employed very carefully to get the maximum advantages 

(5) The proposed hyper-heuristic is able to take advantages of meta-heuristics quite efficiently. 

We implement our proposed algorithm and all of the algorithms used for comparisons on the real 

system HADOOP avoiding simulations software completely. This will make our results directly 

applicable to the real cloud. 

The organization of this paper is as follows: section 2 describes the background required to 

understand hyper-heuristics and other used algorithms. Section 3 describes our proposed learning 

algorithm while section 4 gives the implementation details and results of the performed 

experimentation. Section 5 analyzes the results obtained in section 4, while section 6 concludes 

the work with future directions. 

2. Background  

In this section, we describe the hyper-heuristics methodology in general, Q-learning, Harmonic 

Search Algorithm, Cuckoo Search and Novel Bat algorithm. In simple words here we are interested 

in Nature Inspired Algorithms (NIAs) whose definition is quite informal in the literature, but see 

[14], which are becoming very popular recently. 

2.1. Hyper-heuristics 

Figure 1 demonstrates the working of a hyper-heuristics in general. Terminologies are defining as 

follow: 

 
Figure: 1 A general overview of a Hyper-heuristic algorithm 

 

1) Hyper-heuristic: It is essentially an algorithm which works on other working algorithms with 

the aim of creating a novel problem specific algorithm or selecting any one of the working 

algorithm at a time for specific problem with respect to some performance measure (e.g. time). 

Hyper-heuristic 

Specific Problem 

      

                                                 

                                                                           

      

 

 

Meta-Heuristic 1 

Meta-Heuristic n 
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2) Meta-heuristic: It is essentially an algorithm which works on the specific problem directly. 

The most important property is it is problem independent. (In our Hyper-heuristic environment 

typically, there are 𝑛 numbers of meta-heuristic available (collectively called a pool) on which a 

hyper-heuristic works for example.)    

3) Specific problems: As implied by their name a problem is just a mathematical formulation of 

the concerned situation. Hyper-heuristics are generally suitable for “hard” problems. (here, we are 

interested in the problem of cloud scheduling)   

Figure 1, demonstrates what we need to design a hyper-heuristic algorithm. In General, our idea 

is:-  

1) To modify the Q-learning algorithm and then employ it as a hyper-heuristic.  

2) The Harmony Search Algorithm, Cuckoo Search and Bat algorithm are used as meta-heuristic. 

3) The cloud scheduling is the specific problem to solve.  

Hyper-heuristic will work on meta-heuristic to generate a problem specific heuristic which will 

then works on the cloud scheduling problem to generate a schedule (a sequence) of tasks to be 

executed in order in cloud environment.   

2.1. Q-learning  

Reinforcement Learning (RL) [51] provides a way that can be used to get closer to the way how 

human solve some problem of interest. One concept that is novel to RL is temporal difference 

(TD) learning whose one incarnation is the Q-learning algorithm. This algorithm is attributed to 

the impetus gained by RL methods in terms of mathematical analysis (of convergence). 

This algorithm is described as: 

Algorithm-I (Q-learning) 

1: Initialize 𝑸(𝒔, 𝒂)⃪ 𝟎 for all 𝒔 ∈ 𝑺 and 𝒂 ∈ 𝑨. 

2: While (𝒔 is not terminal)  

3:         Initialize environment to provide 𝒔. 

4:         Choose 𝒂 from 𝒔 using 𝝅 while ties must be broke randomly. 

5:         Take action 𝒂 and observe 𝒓 and 𝐬′. 

6:         𝑸(𝒔, 𝒂) ← 𝑸(𝒔, 𝒂) + 𝜶[𝒓 + 𝜸 𝐚𝐫𝐠 𝐦𝐚𝐱
𝒂𝒔 ∈ 𝑨𝒕

𝑸(𝐬′,  𝒂𝒕) − 𝑸(𝒔, 𝒂)]. 

7:        𝒔 ← 𝐬′. 

 

Here, 𝑆 is the set of all possible states and 𝐴 is the set of all possible actions and 𝑠, 𝑎 is such that 

𝑠 ∈ 𝑆 and 𝑎 ∈ 𝐴. Now, consider the update rule: 

( Qt+1(st,at)

new Q value
) ← ( Qt(st,at)

current Q value
) +

( αt
learning rate used to balance exploration and exploitation

) [( rt+1
reward

) +

( γ
discount

) (
arg max

as ∈ At
Qt(st+1,a)

estimate of (optimal)future value
) − ( Qt(st,at)

current value
)]                                                         (1) 

For a given state this rule chooses the best action by implementing a simple policy. 𝑄(. ) is the 

action-value function (providing the expected return for any action). Moreover, one must overwrite 

the estimate iteratively, i.e. it is an online update rule. But, the estimate or guess is just a guess, 
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anyway, and the algorithm must know how accurate it is with respect to what actually happened 

or with reality. This situation is modeled mathematically by considering everything in square 

bracket ( [.] ) after α. This also implements temporal-difference one-step look-ahead in which the 

algorithm is allowed to guess one step forward and decide on the best action.  This is one of the 

biggest advantages as the agent can create a policy as oracle i.e. as predicting future.   

The 𝑎𝑟𝑔 𝑚𝑎𝑥
𝑎𝑠 ∈ 𝐴𝑡

(. ), is implemented in the algorithm so as commending it to scene over all possible 

actions in some state and choose the best possible. Although, clear from algorithm-I the following 

explanations are just included for rituals. 

(1) The algorithm starts with a policy (e.g. greedy) which provides the probability of which action to 

take.  

(2) Then, a data structure (we use a map) is initialized to store action-value pair estimate. 

(3) The algorithm iterates over all episodes (each step of each episode), by initializing the starting 

state. 

(4) A decision on an action is done through the external policy function, while the chosen action is 

that of highest probability. 

(5) Then, the action chosen is taken and the reward and next state are both observed. 

(6) The current estimate (action-value) is updated as the new behavior is observed in the given state 

and action. 

(7) The next state is set finally. This process is iterated again until the environment signals the state is 

terminal.  

Now, it can be seen that Q-learning is advantageous in those situations which are highly dynamic 

and work on a black box function. We have formulated a version of Q-learning as a hyper-heuristic 

controlling various meta-heuristics so that their different advantages are unified. 

2.2. Harmony Search Algorithm (HSA) 

HSA [48] is a meta-heuristic inspired by the harmony i.e. the process of joining individual sounds 

so as to form a composition. To create a new composition, from a musician’s point of view these 

three processes are important: 

1) Play something already known to be in harmony. 

2) Play something (not exactly but) around a known music. 

3) Compose something new.  

Formalizing the above concepts, we get the following correspondence: 

1) usage of harmony memory, 

2) pitch adjusting, and  

3) Randomization. 

These are defined respectively as: 

1) The harmony accepting rate 𝑟𝑎𝑐𝑐𝑒𝑝𝑡 ∈ [0, 1] describes formally how harmony memory is used. If 

too high then only known good harmonics are selected and if too low then best harmonics are 

explored less. Typically  𝑟𝑎𝑐𝑐𝑒𝑝𝑡 = 0.7~0.95 is used. 
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2) Pitch adjusting is typically a random walk and in fact it corresponds to a local search performed 

as (𝑥 𝑖𝑠 𝑎 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛): 𝑥𝑛𝑒𝑤 = 𝑥𝑜𝑙𝑑 + 𝑏𝑝(2 ∗ 𝑟𝑎𝑛𝑑 − 1), 

where 𝑟𝑎𝑛𝑑  is a random number drawn from the uniform distribution [0, 1]  and 𝑏𝑝  is the 

bandwidth which controls the local range of the pitch adjustment (𝑟𝑝𝑎 is the pitch adjustment rate 

typically equals 0.1 ~ 0.5 to control the degree of adjustment).  

3) Randomization is the global search of HSA and its true probability is 𝑃𝑟𝑎𝑛𝑑𝑜𝑚 = 1 − 𝑟𝑎𝑐𝑐𝑒𝑝𝑡. 

Equipped with above facts the HSA can be outlined as: 

 Algorithm-II (HSA) 

1: Define the objective function. 

2: Generate the initial solutions (harmony). 

3: Define pitch adjusting rate and pitch limit. 

 

4: Define 𝐫𝐚𝐜𝐜𝐞𝐩𝐭. 

5: Perform initial evaluation. 

6:While (𝑵𝒖𝒎𝒃𝒆𝒓_𝒐𝒇_𝒊𝒕𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒔 is less than 𝑵)  

7:          New harmonics generation (with respect to best harmonics). 

8:          Adjust pitch. 

9:          if (rand > 𝐫𝐚𝐜𝐜𝐞𝐩𝐭). 

10:        choose an existing harmonic randomly. 

11:        else if (rand > 𝐫𝐩𝐚). 

12:                adjust pitch randomly. 

13:         else.    

14:                generate new harmony by randomization. 

15:          End if. 

16:        Accept the new harmony. 

17: End while. 

18: Find the current best.   

19: Output. 

2.3. Cuckoo Search (CS) 

The Cuckoo bird's mating behavior served as inspiration for Cuckoo Search [49]. The said habit 

of the cuckoo bird can be idealized as follows: 

(1) An idealized environment is being supposed. 

(2) The idealized habitat has a set number of cuckoos, each of which can lay a single egg at a time 

and neatly place that egg into a nest that is picked at random. 

(3)  Best nest or eggs survive to form the next generations. 

(4) There are a finite number of predefined host birds which are the owners of the nests and can 

discover the terrorizing cuckoo’s egg with probability 𝑝 ∈ (0,1).  In this case the nest/egg can be 

abandoned.  
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The algorithm does not distinguish between the terms "cuckoo," "nest," "egg," and "solution."  

The CS is as defined in Algorithm-III: 

 Algorithm-III (CS) 

1: Articulate the objective function. 

2: Create the first group of options. 

3:While (𝑵𝒖𝒎𝒃𝒆𝒓_𝒐𝒇_𝒊𝒕𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒔 is less than 𝑵)  

4:          Get a solution randomly. 

5:          Levy flight should be used to generate a solution. 

 6:         Evaluate it for its objective value (say 𝒇𝒊). 

7:          Choose a solution randomly (say 𝒋 and let its objective value is 𝒇𝒋). 

8:                      if (𝒇𝒊 < 𝒇𝒋) 

9:                           replace 𝒋 by 𝒊. 

10:                     end 

11:          Abandon worst nests. 

12:          Generate new nests. 

13:          preserve best solutions. 

14:          Find the current best by ranking the solutions. 

15: End while. 

16: Output.          

 

To describe the mathematical terms let, in the following  𝑥𝑗
𝑡  and 𝑥𝑘

𝑡  are two distinct solutions 

selected randomly, 𝐻  is a Heaviside function, ε  is a small random number (from uniform 

distribution), s is the step size, ⊗ is the entry-wise product of two vectors and 𝛼 is the scaling 

factor.  

 

Local Search: It is performed using the following:  

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝛼 ∗ 𝑠 ⊗ 𝐻(𝑝𝑎 − 𝜀) ⊗ (𝑥𝑗
𝑡 − 𝑥𝑘

𝑡 ).                                                                           (2) 

Global search: It is performed using the following (Levy flight): 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝛼𝐿(𝑠, 𝜆).                                                                                                                   (3) 

Here,  

𝐿(𝑠, 𝜆) =
𝜆ᴦ(𝜆)sin (𝜋

2⁄ )

𝜋

1

𝑠1+𝜆
.                                                                                                            (4) 

This completes our second meta-heuristic. 

2.4. Bat Algorithm (BA) 

The bat algorithm [49] is inspired by the bat behavior i.e. their echolocation behavior, and therefore 

it is also a meta-heuristic. Bats use this behavior to search for their prey. For the purpose of the 

algorithm three idealized rules are extracted and described as follow: 

1) All the bats use echolocation for forging. 
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2) Bats fly randomly with specific velocity vi  at specific location 𝑥𝑖 . The sound they emit has 

frequency 𝒇𝒊 (or wavelength 
1

𝒇𝒊
) which they can adjust. The rate of emission is 𝒓𝒊 ∈ [0,1]. 

3) The loudness of their sound pluses can also vary from low A𝒎𝒊𝒏 to high A𝒎𝒂𝒙. 

Then, converting the above three rules into an algorithm: 

 Algorithm-IV (BA) 

1: Define the objective function. 

2: Initialize the bat population,  𝐱𝐢, 𝐯𝐢, 𝐟𝐢, 𝐫𝐢  and 𝐀𝐢 𝐢 for 𝐢𝐭𝐡 bat. 

3: Evaluate the objective.  

4:While (𝑵𝒖𝒎𝒃𝒆𝒓_𝒐𝒇_𝒊𝒕𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒔 is less than 𝑵)  

5:          generate new solutions (eqs. 5-7) by adjusting frequency. 

6:          for each solution update velocity and location. 

7:           if (rand > 𝒓𝒊) 

8:                 From the available options, choose the best solution. 

 9:                   perform the local search around it (eq. 8). 

10:            End if. 

11:          Perform a global search by random flight.  

12:          if (rand < 𝑨𝒊 & 𝒇(𝒙𝒊) <  𝑓(𝒙∗)) 

13:                  Accept the new solutions. 

14:          Increase 𝒓𝒊  and reduce 𝑨𝒊  (eqs. 9 & 10). 

15:          End if. 

16:          Rank the bat and find the current best 𝒙∗ 

17: End while 

18: Output.          

 

The new solutions are produced using (at iteration 𝑡 + 1 for the 𝑖𝑡ℎ bat): 

(1)  𝑓𝑖 = 𝑓𝑚𝑖𝑛 + (𝑓𝑚𝑎𝑥 − 𝑓𝑚𝑖𝑛)𝛽,where 𝛽 ∈ [0,1] is a random vector.                                 (5)                                                                                                                              

(2) 𝑣𝑖
𝑡+1 = 𝑣𝑖

𝑡 + (𝑥𝑖
𝑡 − 𝒙∗)𝑓𝑖, 𝒙∗ is the iteration best and 𝑣𝑖is the velocty                             (6)                                                                           

(3) 𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡+1. Here 𝑥𝑖 is the position                                                                        (7)                                                                                                                       

(4) Local search is performed using: 

𝑥𝑛𝑒𝑤 = 𝑥𝑜𝑙𝑑 + 𝑠𝑓𝜆𝑡A𝑚𝑒𝑎𝑛
𝑡                                                                                      (8) 

Here, 𝜆𝑡 ∈ normal distribution 𝑁(0,1), 

 𝑠𝑓 = scaling factor, and   

A𝑚𝑒𝑎𝑛
𝑡 = average loudness.  

(5) Loudness update formula:  

A𝑖
𝑡+1 = 𝛾A𝑖

𝑡, here 𝛾 is a constant.                                                                         (9) 

(6) Pulse rate update formula: 

 ri
t+1 = ri

0[1 − exp(−αt)], here α is a constant.                                                     (10) 
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All of the meta-heurustics HSA, CS and BA have distinct advantages and are sutabale for different 

kinds of problem in general. To get the benefit of all of these algorithms, we will propose a method 

that have the ability to combine the advantages in a interesting way.    

3. Proposed algorithm  

The proposed algorithm is constructed incrementally as follows: 

3.1. Problem Definition  

Let there is 𝑛 number of tasks in the set 𝑡𝑎𝑠𝑘 = { 𝑇1, 𝑇2, … , 𝑇𝑛} (the numbering of tasks here is 

arbitrary for e.g. on the first come basis), then the problem of scheduling these tasks on cloud is to 

find a sequence of tasks such that the concerned performance metric is maximized or minimized. 

There are many kinds of performance metric, a few of which are: 

Makespan: It denotes the final task's completion time, mathematically: 

 

                                               𝑚𝑎𝑘𝑒𝑠𝑝𝑎𝑛 =  𝑚𝑎𝑥𝑖∈𝑡𝑎𝑠𝑘{𝐹𝑖}                                       (11) 

𝐹𝑖 = final task's completion time. 

 

(1) Flowtime: It is the sum of the finishing time of all of the tasks, mathematically: 

  

                                                            Flowtime =  ∑ 𝐹𝑖𝑖∈𝑡𝑎𝑠𝑘                                                    (12) 

𝐹𝑖 = finishing time of task 𝑖. 

By choosing the performance metric as Flowtime the cloud scheduling problem is to minimize this 

metric i.e. we are concerned with finding a schedule (sequence) of given tasks { T1, T2, … , Tn} such 

that the sum of the finishing time of all of the tasks is minimum. Mathematically, 

                                                                           
 𝑚𝑖𝑛

𝑠
     ∑ 𝐹𝑖𝑖                                                     (13) 

where 𝑠 = {𝑇𝑖| 1≤ i ≥ n} is the generated sequence of tasks by the scheduling algorithm. This (e.q. 

(13)) forms our problem definition. 

3.2 Meta-heuristics  

As defined previously meta-heuristics are themselves methodology that is independent of any 

underlying problem. But, there are some major issues with them:   

(1) There are many meta-heuristic algorithms available in literature, and it is difficult to find the 

perfect algorithm for any given problem.  

(2) Can we provably achieve the optimal solution in polynomial time? This question has no answer, 

considering the cloud scheduling to be NP-complete [21].     

Meta-heuristics are very promising technique which practically (not theoretically) proven to be 

very effective towards solving NP-complete problems. The following established meta-heuristics 

is being used to work with in this research.  

(1) HSA 

(2) CS 

(3) BA 
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The function they optimize is eq. (13). The algorithms (HSA, CS and BA) minimizes the 

cumulative Flowtime, given a set of n tasks by finding a sequence 𝑠 = {𝑇𝑖| 1≤ i ≥ n} as defined 

before. In detail, for all HSA, CS and BA: 

(1) The objective function is eq.(13). 

(2)  Although it is obvious, but the word solution means a sequence s = {Ti| 1 ≤ i ≥ n}. 

(3) The other concert settings are defined in tables 1 respectively. 

All these meta-heuristics are coordinated by our proposed hyper-heuristic that we describe next. 

3.3 Modified Q-Learning Hyper-heuristic (MQLH)  

Previously we had described major issues with meta-heuristics here we further enumerate the 

challenges with them which further motivates us for our proposed algorithm: 

(1) There is no mathematical theory of meta-heuristics. 

(2) Every meta-heuristic has its own advantages and disadvantages, but on which function some meta-

heuristic is advantageous is far from obvious. 

(3) In essence meta-heuristics are same considering all of the functions [56]. 

(4) There is no procedure to choose meta-heuristic from a pool such that they can be advantageous for 

someone’s problem’s purpose.      

Considering the above challenges, we take the refuge to the reinforcement learning paradigm 

which can be very helpful here. Flow of this work is as follows (see figure 1): 

(1) The Q-learning is used as a representative of RL which will work as hyper-heuristic itself. To 

achieve this objective, modifications will be done in Q-learning. Armed with these modifications 

this hyper-heuristic will co-ordinate the chosen meta-heuristics. 

(2) HSA, CS and BA are meta-heuristics used in this work.  

(3) Meta-heuristics directly works on the tasks that are needed to be scheduled on cloud environment. 

(4)  As a result, it is hypothesized that we achieved not only get a near optimal schedule but also near 

optimal use of selected meta-heuristics. 

Figure 1 can be elaborated in more details in figure 2. Out of the four steps outlined we have 

already demonstrated (2) and (3) in previous sections formally while the (4) one will be validated 

by experiments. We explain the (1) now: 

Consider algorithm-I which demonstrates Q-learning. In order to apply it as hyper-heuristic to 

control our meta-heuristics (HSA, CS and BA) so that they can work on the problem of cloud 

scheduling (eq. (13)) it needs to be modified. We propose the following modifications: 

(i) Let S = {𝑠1, 𝑠2, 𝑠3}  and A = {𝑎1, 𝑎2, 𝑎3} . The subscript 3 is used because we have 3 meta-

heuristics algorithms {HSA,CS,BA} and states will be s1=low load, s2=medium load, s3=high 

load. 

αt is the learning rate defined as 1 − (0.9 ∗
t

tmax
) where t denotes the current iteration and t_max 

represents the maximum number of iterations.           (14) 

(ii) The reward function is defined as 𝑟𝑓 = {

+1 𝑖𝑓 𝑓𝑛𝑒𝑤 >  𝑓𝑏𝑒𝑠𝑡

0 𝑖𝑓 𝑓𝑛𝑒𝑤 =  𝑓𝑏𝑒𝑠𝑡

−1 𝑖𝑓 𝑓𝑛𝑒𝑤 <  𝑓𝑏𝑒𝑠𝑡

.                                 (15) 
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Here, 𝑓𝑛𝑒𝑤 𝑎𝑛𝑑 𝑓𝑏𝑒𝑠𝑡() are the new reward and the best reward (objective function e.q. (13) values) 

ever observed. 

(iii) The 𝑔𝑟𝑒𝑒𝑑𝑦 and the ∊ −𝑔𝑟𝑒𝑒𝑑𝑦 polics are implemented as follows: 

 

(1) 𝐺𝑟𝑒𝑒𝑑𝑦  policy chooses the best reward ( +1 𝑣𝑎𝑙𝑢𝑒 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑟𝑒𝑤𝑎𝑟𝑑 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛) , i.e. 

arg max
𝑘

Q(s, ak) where 𝑘 = 1,2,3.                                            (16) 

(2) ∊ −𝑔𝑟𝑒𝑒𝑑𝑦 consist of two mechanism: 

 

∊% probability for selecting actions where the index of the selected actions computed as 𝑘 = ⌈3 ∗

𝑟𝑎𝑛𝑑( ) ⌉,  𝑟𝑎𝑛𝑑( ) returns a random number between 0 and 1.           

                    (17) 

 

If 𝜌%  (1-∊= 𝜌) probability exists then the second mechanism is invoked which chooses the 𝑘𝑡ℎ 

action based on roulette-wheel selection while the probability to select the 𝑘𝑡ℎ action is assigned 

according to the function: 

 

𝑝𝑟𝑜𝑏𝑒𝑏𝑙𝑖𝑡𝑦 (ak) =  
𝑒𝑥𝑝 (Q(s,ak))

∑ 𝑒𝑥𝑝 (Q(s,ak))
.                                                                       (18) 

 

Following is the Modified Q-Learning Hyper-heuristic (MQLH) algorithm: 

Algorithm-v (Modified Q-Learning Hyper-heuristic (MQLH) 

1: Input: 𝐒 = {𝐬𝟏, 𝐬𝟐, 𝐬𝟑} and 𝐀 = {𝐚𝟏, 𝐚𝟐, 𝐚𝟑}, Type equation here. 

2: Initialize 𝐐 − 𝐭𝐚𝐛𝐥𝐞 𝐐(𝐬, 𝐚)⃪ 𝟎 for all 𝐬 ∈ 𝐒 and 𝐚 ∈ 𝐀 a, then set initial state randomly. 

3: While (𝐬 is not terminal)  

4:         if 𝐫𝐚𝐧𝐝 () ≤ ∊. 

5:                   𝐚𝐭 ⃪ 𝐚𝐤: 𝟏 ≤ 𝐤 ≥ 𝟑 𝐢𝐬 𝐜𝐨𝐦𝐩𝐮𝐭𝐞𝐝 𝐮𝐬𝐢𝐧𝐠 𝐞𝐪. 𝟏𝟕. 

6:         else if 𝐫𝐚𝐧𝐝 () ≤ ∊ + 𝛒  

7:                   𝐚𝐭 ⃪ 𝐚𝐤: 𝟏 ≤ 𝐤 ≥ 𝟑 𝐢𝐬 𝐜𝐨𝐦𝐩𝐮𝐭𝐞𝐝 𝐮𝐬𝐢𝐧𝐠 𝐞𝐪. 𝟏𝟖. 

8:         else 

9:                     𝐚𝐭 ⃪ 𝐚𝐤: 𝟏 ≤ 𝐤 ≥ 𝟑 𝐢𝐬 𝐜𝐨𝐦𝐩𝐮𝐭𝐞𝐝 𝐮𝐬𝐢𝐧𝐠 𝐞𝐪. 𝟏𝟔. 

10:          End if  

11:          if 𝐚𝐭 = 𝟏 

12:              HSA ( ) {algorithm-ii} 

13:          else if 𝐚𝐭 = 𝟐 

14:              CS ( ) {algorithm-iii} 

15:          else  

16:                BA ( ) {algorithm-iv}.    

17:           Obtain reward 𝐫. 

18:           Obtain 𝐦𝐚𝐱 𝐐 𝐟𝐚𝐜𝐭𝐨𝐫. 

19:           update 𝐐( 𝐬𝐭,  𝐚𝐭). 
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20:            𝐬𝐭⃪ 𝐬𝐭+𝟏. 

21: End while.  

22: Output Q-table. 

 

The flow of algorithm V can be understood on a top level by looking at the figure 2 (compare it 

with figure 1). 

 
Figure 2: Pictorial representation of our proposed (Hyper-heuristic) methodology.   

 

Figure 3 illustrates the solution structure for meta-heuristic HSA/CS/BA. Although, it is 

understood from subsection 3.1 we can first define an arbitrary numbering of tasks as 1, 2…, n 

which are then to be scheduled such that the flowtime is minimized (see problem definition).  

 
Figure 3: Solution structure for HSA/CS/BA (Meta-heuristic).  

 

Our proposed methodology generates cloud scheduling specific new heuristics such that it 

combines the advantages of the HSA, CS and BA, which make it different from others. 

This becomes feasible because, after each time step, the MQLH framework gains complete control 

over the optimization process. As a result, it can dynamically switch from one meta-heuristic (e.g., 

MQLH  

(Hyper-heuristic) 

Harmony Search 

Cuckoo Search (CS) 

Bat Algorithm (BA) 

Problem Specific Heuristic 

The Problem of Cloud Scheduling (eq. 13) 

      Meta-heuristic 

1 2 n 
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BA) to another (e.g., CS) even during the ongoing optimization, without interrupting the workflow. 

This newly generated policy is highly problem specific and is able to handle the problem of cloud 

scheduling which is NP-complete in unique and quite effective way. 

4. Implementation and Results 

To create a real cloud environment, we configure a Hadoop cluster using MATLAB [52]. Here 

we'll go over a few benefits of Apache Hadoop, a platform for distributed computing that allows 

for the storing and processing of large datasets over a cluster of machines. Ranging from a single 

computer to thousands of computer Hadoop in this scalable way provides storage and processing 

of petabytes of data, where each computer in the cluster provides a local storage. The basic idea 

of Hadoop is simple, a user submits a job to the Hadoop cluster which is then divided in tasks of 

a predefined size and then run in parallel on local computers. Obviously, then computers in the 

cluster are either identical or nonidentical (which is the most general setup) with respect to each 

other.  

Equipped with all these advantages Hadoop is the framework of choice [53] for: 

(1) Machine learning 

(2) Big data  

(3) Vertical industries 

(4) Cloud computing  

We are interested in the (4)𝑡ℎ advantage of Hadoop which is used by all major giants Google, 

AOL, IBM, Ebay, Amazon, Yahoo etc. In essence, Hadoop framework provides an excellent 

opportunity to create cloud which is used by all major IT giants.     

More microscopically, in a Hadoop cluster (figure 4) a input job is divided into independent Map-

tasks which have predefined (Map-)size of slots available and also a number of (reduce–task-)slots 

are provided as shown in figure 4.   The most important point is: the size of each map-task is the 

only thing known to algorithms while the size of each reduce-task is not known. Therefore, only 

map task scheduling is applicable which is the problem of interest which we are going to solve 

here. The mapping between Hadoop and Cloud can be simply considered as: in Hadoop the slots 

can be considered as the virtual machines in the cloud environment.   There we are faced with the 

scheduling of tasks actually with our settings map-tasks. 

The data we are inserting as jobs to our system is generated as follows. 

1) We use Matlab script to generate string of size 100 bytes by creating Tall arrays. (there are really 

many essentially same ways to do it in MATLAB). We intend to create tall (MATLAB) arrays.   

2) The size and input period is generated randomly (there are many ways to do it we follow [5]).  

3) All the technicalities of Hadoop are handled by MATLAB itself as described in [52]. 

Matlab on a single system and on a system of 10 connected computers is easy to setup and even a 

single setup provides multiple slots. All of the algorithms (proposed one and compared ones) are 

implemented on MATLAB (2020), networking and Hadoop functionalities are created and 

handled by MATLAB as described in [52].  
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Figure 4: Demonstration of a job execution on Hadoop. 

For the comparisons purpose we have (with Hadoop): 

(i) FIFO, 

(ii) Fair scheduler. 

Moreover, we have implemented HSSA (hyper-heuristic scheduling algorithm) proposed in [5]. 

The hyper-parameters of HSSA are exactly as defined in [5, section V-B].  

The (hyper-) parameters details of various algorithms that are used as meta-heuristics in our 

proposed MQLH are as follows: 

 

 

 

Table 1: Concrete hyper-parameter settings for different meta-heuristics. 

 

 

(1) For HSA 

Properties Values/Descriptions 

Population Size 20 

Fitness (F) criteria eq. (13) 

raccept 0.85 

rpa 0.4 

Prandom 1 − raccept 

(2) For CS 

Properties Values/Descriptions 

Population Size 20 

Objective function 𝑒𝑞. (13) 

pa 0.25 

Job 
 

Slot 

Slot 

Slot 

Slot 

Slot 

Tas

k 1

Ta

sk 

Ta

sk 

Slot  

Tas

k 2
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(3) For BA 

Properties Values/Descriptions 

Population Size 20 

Objective function 𝑒𝑞. (13) 

𝐴𝑖
0 1.0 

𝑟𝑖
0 1.0 

𝑓𝑚𝑎𝑥 2 

𝑓𝑚𝑖𝑛 0 

α 0.1. 

 

We use the following programs to evaluate the performance of MQLH: 

1) Grep program available with map/reduce (with standard meaning). Dataset consist of (as described 

previously) string of size 100 bytes. 

2) Map/reduce web log analyzer, which is used to calculate the reference count of URLs. For this 

purpose, following [5] the data used is from [54]. Complete description of the dataset is also 

available there.  

3) TeraSort also available with Hadoop (generate and sort a large dataset). 

The results of experiments performed on the three benchmark programs are tabulated in table 2.  

 

 

 

 

 

Table 2: Results of comparing MQLH with state of art traditional and hyper-heuristic algorithm. 

Task 

 Algorithm (performance in sec) 

 FIFO 
Fair 

Scheduler 
HSSA MQLH 

Grep 

Average 

Best 

Worst 

837 

821 

856 

845 

825 

865 

850 

805 

898 

812 

800 

825 

Log 

Analyzer 

Average 

Best 

Worst 

1173 

1101 

1245 

1141 

1127 

1155 

1148 

1134 

1165 

1112 

1090 

1137 

TeraSort 

Average 

Best 

Worst 

1067 

980 

1055 

948 

910 

988 

860 

800 

920 

850 

790 

910 

 

 

Table 2 essentially says that, for example, for the job Grep the average execution time (in second) 

on Hadoop taken by the schedule generated by FIFO algorithm is 837, by Fair Scheduler is  845, 
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by HSSA is 850 and by our MQLH is 812. The best and worst case can be understood similarly 

for each job while Table 3 can be read similarly.  

 

Moreover, we go a step ahead to compare proposed MQLH with the state of the art meta-heuristics 

used to schedule (VM in) clouds. We choose  

1. BFO [50, 61] (Bacterial Forge Algorithm),  

2. PSO [57, 58] (Particle Swarm Optimization),  

3. GA [49] (Genetic Algorithm),  

4. CS,  

5. BA and HSA.  

It also includes our selected meta-heuristics CS, BA and HSA. (MQLH performance is evaluated 

for its second time application). Before we perform the experiments it will be quite instructive to 

see the common methodology of meta-heuristic cloud scheduling. It will not only make clear how 

different meta-heuristics used to schedule cloud but also helps us to demonstrate MQLH 

advantage. Consider figure 1 again and compare it with figure 5 below.  

 
Figure 5: working of a meta-heuristic on cloud scheduling problem. 

In figure 5 it is shown pictorially how any meta-heuristic (we choose BFO, PSO, GA, CS, BA and 

HSA) algorithm solves the problem of scheduling in cloud. Meta-heuristic cloud scheduling can 

be understood essentially as the optimization of the function eq. 13. All the details are just the 

same as described for meta-heuristic pool. To distinguish the proposed hyper-heuristic approach 

from conventional meta-heuristic methods, consider the following points: 

(1) A wide range of meta-heuristic algorithms exist in the literature, each offering its own strengths 

and advantages [55]. 

(2)  However, every meta-heuristic also suffers from specific situational limitations that restrict its 

applicability [55]. 

(3) Determining which algorithm is universally optimal for a given problem remains an open and 

unresolved question. 

(4) Even when attempts are made to answer this question, no single meta-heuristic consistently 

performs best across all scenarios, as indicated by studies in [56][57]. 

From the above it is clear that there are many advantages and disadvantages associated with meta-

heuristic algorithms. In traditional meta-heuristic scheduling, a single algorithm is typically 

employed, which is not problem-specific and may perform poorly under varying conditions. In 

contrast, the MQLH framework integrates the strengths of multiple meta-heuristics within its pool, 

 Meta-heuristic (e.g. 

PSO)

Solves cloud 

scheduling by 
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enabling it to adapt dynamically and pursue a more effective solution to the optimization objective 

represented in Equation (13). 

Therefore, it is instructive to compare proposed MQLH with a few powerful meta-heuristics. The 

computing environment and testing environment will be the same as described before for MQLH 

and HSSA (and FIFO, Fair Scheduler) then the results of the comparisons are described in table 4. 

The hyper-parameters for compared meta-heuristics CS, BA and HSA are as described in table 1 

while for GA, BFO and PSO are listed table 3. 

 

Table 3: Concrete hyper-parameter settings for different meta-heuristics. 

(1) For GA 

                                    Properties                                      Values/Descriptions  

                       Population Size                                       50 

                       Fitness (F) criteria                                         𝑒𝑞. (8) 

                       Probabilities of crossover  pc                                      0.8 

                       Probabilities of  mutation  pm                                      0.2 

                       Generations                                       100 

                       Crossover type                                     Single-point  

                       Mutation type                                     Single-point 

(2) For BFO 

Properties Values/Descriptions 

Population Size 50 

Objective function 𝑒𝑞. (13) 

𝑁𝑐 As described in [50]. 

𝑁𝑠 As described in [50]. 

𝑁𝑟𝑒 As described in [50]. 

𝑁𝑒𝑑 As described in [50]. 

𝑃𝑒𝑑 As described in [50]. 

𝐶(𝑖) As described in [50]. 

Generations 100 

(3) For PSO 

Properties Values/Descriptions 

Inertia weight 0.9 

Objective function 𝑒𝑞. (8) 

Acceleration coefficient 1.0 

Iterations 100 

 

Table 4: Results of comparing MQLH with state of art meta-heuristics. 

 

Task  Algorithm (performance in sec) 
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 BFO PSO GA CS BA HSA MQLH 

 

Grep 

 

Average 

Best 

Worst 

886 

808 

965 

900 

820 

980 

850 

800 

901 

847 

805 

890 

935 

890 

980 

880 

860 

900 

789 

780 

835 

Log 

Analyzer  

 

Average 

Best 

Worst 

1367 

1305 

1430 

1455 

1401 

1510 

1275 

1250 

1300 

1265 

1220 

1310 

1265 

1210 

1320 

1270 

1225 

1315 

1161 

1101 

1221 

TeraSort 

 

Average 

Best 

Worst 

860 

800 

920 

960 

910 

1010 

872 

820 

925 

940 

830 

1050 

910 

865 

955 

937 

850 

1025 

835 

770 

900 

 

5. Result Analysis 

First, we tested the cutting-edge algorithms HSSA, FIFO, and FIFO (table 2). 

. Here we observed that: 

1) For Grep job, proposed MQLH outperforms the other, but this lead is marginal that can be justified 

by knowing the fact that the Hadoop system is not at its full capacity as new jobs arrived after 

previous jobs are finished (figure 6). 

2) In log analyzer jobs, where workload size has a major impact, MQLH performs notably better than 

the alternative methods (Figure 7). 

(3) For TeraSort, the performance difference is more significant, largely due to job bursts and 

increased job sizes (Figure 8). 

 
Figure 6: Performance comparisons on Grep. 
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Figure 7: Performance comparisons on Log Analyzer. 

 
Figure 8: Performance comparisons on TeraSort. 

 

In our second experiment MQLH is compared with state of art meta-heuristics (BFO, PSO, GA, 

CS, BA and HSA) where CS, BA and HSA are also used in meta-heuristic pool (table 2) (here it 

is used individually on e.q. (13)). Here it can be observed that: 

1) Again for Grep, MQLH outperforms the other, but this performance is marginal for the same 

previous reasons (figure 9).  
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2) In the Log Analyzer case, MQLH outperforms the others, mainly due to the impact of larger data 

sizes, which drives the observed performance gains (Figure 10). 

3) In TeraSort a moderate performance difference can be seen while MQLH outperforms the other 

meta-heuristics. This again can be attributed to the burst of jobs and also the size of jobs (figure 

11). 

 
Figure 9: Performance comparisons on Grep. 

 

 
Figure 10: Performance comparisons on Log Analyzer. 
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Figure 11: Performance comparisons on TeraSort. 

 

 

6. Conclusions 

This paper presents a modified Q learning based hyper heuristic framework for cloud scheduling 

problem. In particular, we want to use the hidden knowledge in the dataset itself to automate our 

task. In the proposed model the modified Q-learning generates a heuristic derived from the 

knowledge inherent in the data set itself and by combining advantages of different meta-heuristics. 

Meta-heuristics, in our model, on the other hand works directly on the basic set of tasks which are 

given to the system in reality. We have chosen HSA, CS and BA as our meta-heuristics pool. With 

this strategy we had proposed the Modified Q-Learning Hyper-heuristic (MQLH) algorithm that 

solves the NP-complete cloud scheduling problem in a way that outperforms or comparable to 

other compared algorithms.  

The hypothesis that MQLH will be more robust and problem centric which then yield better 

performance is then validated. We find this opportunity to work with real system Hadoop directly, 

which is the system of choice for cloud computing and therefore we caste all of our results on 

Hadoop. For comparisons with MQLH we have implemented other state of the art cloud 

scheduling methods which includes a hyper-heuristic, a few deterministic and a few meta-heuristic 

methods. In comparisons it can be clearly seen that our model performs better than others on most 

of the time while in other cases it marginally outperforms others. This validates the stated 

hypothesis. 

As the future work many other issue can be addressed e.g. selection of the hyper-parameters of 

meta-heuristics and hyper-heuristics for getting more optimal performance, complexity analysis, 
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data specific meta-heuristic selection and performance of other reinforcement learning algorithm 

(e.g. SARSA) with respect to proposed MQLH. Specifically, it will be very interesting to compare 

SARSA with Q-learning. 
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