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Abstract 

To have high performance scheduling mechanisms in grid computing, we need accurate 

methods for estimating parameters like jobs' wait time and run time. In this paper, we 

consider wait time prediction problem. Different regression techniques are examined on 

AuverGrid data set to predict wait time. To improve the quality of prediction, some extra 

features are proposed. Simulation results show that adding these features reduces prediction 

error between 13% and 60% in different methods. Results also show that K-nearest neighbor 

outperforms other regression techniques. We have compared the k-nearest neighbor method in 

both original and enriched data set with Last-M. K-Nearest neighbor in enriched data set 

outperforms both Last-M and K-nearest neighbor in original data set in accuracy and perfect 

prediction percentage.  
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1. Introduction 

Grid computing technologies emerged within the scientific community with the objective 

of connecting different resources to provide powerful computational capabilities. Nowadays, 

it has gained popularity in research areas. For effective use of grid computational power, 

scheduling plays a critical role. Perfect predictions of the wait time and run time of jobs, lead 

us to high performance scheduling mechanisms [1]. Unfortunately, predicting these 

parameters is not trivial and researches have shown low accuracy in prediction [2, 3]. Thus, 

enhancing the accuracy of prediction is currently the main interest in many studies.  

In this paper, we concentrate on wait time prediction and focus on AuverGrid [4] data set 

which recently has attracted researchers' attention. The related works can be divided into two 

categories. One that predicts wait time in various workload archives available for grid 

computing, and the second which concentrates on AuverGrid. We explain each part separately 

in the following; 

A prediction mechanism based on instance based learning has been proposed in [5]. By 

storing historical information, for each query it returns the N nearest neighbors as the relevant 

experiences. Using a kernel regression in returned experiences, the wait time on TACC 

lonestar system archive is predicted. [6] Uses statistical techniques to predict job run times, 

and makes scheduler simulation to obtain job start times on grid sites. Some other approaches 

based on run time prediction have been presented in [7, 8]. The authors of [9] provide an 

upper bound with some degree of confidence for wait time. [10] Proposes exploiting multiple 

time series predictors to predict job response time. The predictors' estimation is validated 

according to the queue theory. Among predictors, the most probable predictor which makes 

the queue be equalized will be accepted. [11] Models each resource with queue and uses 

queue theory to estimate job wait time. 
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So far, little researches have been done on AuverGrid data set. [12] Proposes a mechanism 

to predict failure of jobs submitted to this production grid. An adaptive model has been 

presented for load prediction in [13, 14]. To predict wait time, [2] presents a similar approach 

to [6-8]. They evaluate some run time prediction methods on AuverGrid and choose the best 

predictor. Then based on run time prediction and simulating a scheduling policy, wait time is 

predicted. The disadvantage of these approaches is that they require detailed knowledge of 

scheduling algorithm. It seems that little works have been done for wait time prediction on 

this data set. 

 In contrast with other works to predict wait time, we emphasize on both job and site 

features. Using historical information, we model the problem as regression. Different machine 

learning techniques include linear and quadratic model, decision trees, support vector 

machines and k-nearest neighbor estimator will be evaluated. In order to reduce the prediction 

error, some extra features have been taken into account. Simulation results showed significant 

reduction in the error of prediction. We have also compared our approach with Last-M which 

is a generalized of Last-2 algorithm [15]. There are two contributions for this work. First, In 

contrast with other works which advocate one specific estimation method, we evaluate 

different regression techniques to predict wait time. Second, we propose some extra features 

which have significant effect on error reduction. The experiences show this effect in different 

methods. In Section 2, we describe the data set and its original features. In Section 3, the 

problem is formulized and the used learning methods are summarized. In this section, the 

proposed features are introduced. The experimental results have been demonstrated in Section 

4, and finally conclusion is discussed in Section 5. 
 

 

Figure 1. System Utilization in AuverGrid 
 

2. AuverGrid 

The Grid workload Archive contains traces of job execution for a number of grids. The 

traces have been recorded for a period of time in Grid Workload Format. Although according 

to this format a total of 29 attributes have been defined, not all of them are available. In our 

work we use workload traces of a well known multi site grid called AuverGrid [4]. This grid 

is a part of EGEE project and consists of 475 CPUs within 5 sites which are geographically 

distributed in the Auvergne region, France. The trace contains a total of 404,176 records of 

submitted jobs to AuverGrid from 1
st
 of January 2006 till 1

st
 of January 2007. The average 

system utilization is 58.48% (Figure 1). Table 1 shows job features we have used for wait 

time prediction.  
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3. Wait Time Prediction 

The purpose of this paper is to predict wait time with high accuracy. Considering job 

features we can model the problem as regression and use machine learning techniques for 

estimation. In Section 3.1, we describe the learning methods. In the first phase of simulations, 

we observe that the accuracy with original features in the data set is not acceptable. Thus, to 

enhance the accuracy, we propose some extra features that can be derived from original 

features in the data set. Section 3.2 discusses on these extra features. The simulation results in 

Section 4 show significant improvement via adding these features.  
 

Table 1. Original Features in AuverGrid 

feature Description 

Submit time The time job submitted to grid (original time is 1
st
 of Jan 2006) 

Average CPU time used Average of the CPU time used during job execution 

Used memory Average of used memory per processor 

Requested time User runtime estimate 

User ID User identifier 

Group ID Group identifier 

Executable ID Identifier used for categorizing or describing the application 

Queue ID Queue identifier job has assigned to 

Site ID Site identifier job has executed on 

Run time Job run time 

Wait time Queue waiting time before job execution 

* Wait time is required to be predicted. 

** Run time is not used in learning. However, it is used to drive extra features. 

 

3.1. An Overview of Used Learning Methods 

We have examined some regression methods such as linear and quadratic models, decision tree 

(j.48), support vector machine and K-nearest neighbor. The effect of varying parameters like pruning 

factor, number of support vectors, kernel function and K has been considered. We also studied the 

effect of applying regression on principle components. In this Section, we shortly describe these 

methods [16, 17] express these algorithms in detail.  

 

A. Linear/Quadratic regression 

The most common approach in regression is to fit the data to a global parametric function. In linear 

regression, the value of a dependent variable like y is expressed as a function of some independent 

variables (x's) as below; 

 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 +⋯+ 𝛽𝑝𝑥𝑖𝑝 + 𝜀𝑖 (1) 

 

The subscript i denotes the observations or instances; the second subscript designates p independent 

variables. There are p + 1 parameters, 𝛽𝑗 to be estimated according to a fitting criterion. Very often, this 

is a least squares criterion, which minimizes the sum of the squares of the prediction errors for all 

instances. The error term 𝜀𝑖  denotes the error of estimation for each instance i, and it is assumed to be 

normally distributed. The parameters can be found by solving the equations as a result of taking 

derivation from error function with respect to parameters. The quadratic model can be defined in a 

similar way. 
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B. Decision tree  

Tree induction algorithms construct the model by partitioning the data set. The task of constructing a 

tree is accomplished by employing a search to select an attribute(s) to be used for partitioning the data 

at each node of the tree. To avoid over fitting and form simpler models, pruning strategies are 

employed. Among different algorithms, we have chosen the simple and popular j.48 algorithm [17]. 

The splitting is carried in a recursive manner. According to formula 2, the goodness of a split is 

measured by the mean square error of the estimated value 𝑔𝑚 from the actual value 𝑟𝑡. The estimation 

is computed as the mean of the outputs of instances 𝑋𝑚 reaching the node m. The number of those 

instances is defined by 𝑁𝑚. In this formula, 𝑏𝑚(𝒙
𝒕) defines if instance t reaches node m. 

 

𝐸𝑚 =
1

𝑁𝑚
∑(𝑟𝑡 − 𝑔𝑚)

2𝑏𝑚(𝒙
𝒕)

𝑡

 (2) 

 

When the error is small enough a leaf node is created. Otherwise, data is split further such that the 

sum of the errors in the branches is minimized. 

 

C. Support vector machine Regression 

SVM was introduced in 1992 [18] as a pattern classification and regression technique. Assuming a 

linear regression model as the following: 

 

𝑓(𝒙) = 𝒘𝑻𝒙 + 𝑤0 (3) 

 

In support vector regression, the -sensitive loss function is defined as following: 

 

𝑒∈(𝑟
𝑡 , 𝑓(𝒙𝒕)) = {

0              𝑖𝑓 |𝑦𝑡 − 𝑓(𝒙𝒕)| < 𝜖

 |𝑦𝑡 − 𝑓(𝒙𝒕)| − 𝜖    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (4) 

 

Which means that we tolerate errors up to ∈. To account for deviations out of ∈ −zone, the slack 

variables are introduced and the optimization problem will be as bellow: 

 

𝑚𝑖𝑛
1

2
∥ 𝒘 ∥2+ 𝐶∑(𝜉+

𝑡 + 𝜉−
𝑡 )

𝑡

 (5) 

Subject to:  

𝑟𝑡 − (𝒘𝑻𝒙 + 𝑤0) ≤∈ +𝜉+
𝑡  

(𝒘𝑻𝒙 + 𝑤0) − 𝑟
𝑡 ≤∈ +𝜉−

𝑡  

𝜉+
𝑡 , 𝜉−

𝑡 ≥ 0 

 

It has been shown that this optimization problem can be written as Lagrange function and its dual 

can be taken. Kernel functions can also be used. The result will choose certain instances as support 

vectors and the regression line is computed as a weighted sum of them. 

 

D. K-nearest neighbor 

In instance-based regression, each instance is usually represented as a set of attribute value pairs. 

The problem to be solved is, for a given query instance, to predict the target value as a function of other 

instances whose target values are known. The K-nearest neighbor is the most popular instance-based 

algorithm. The target values of the K most similar neighbors are used in estimation. In this paper we 

have used the Euclidean distance between instances as similarity metric. However, other metrics can be 

used. 
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E. Regression On principle components 

 PCA [19] is a mathematical procedure that uses an orthogonal transformation to convert a set of 

observations of possibly correlated variables into a set of values of uncorrelated variables called 

principal components. This transformation is defined in such a way that the first principal component 

has as a high variance as possible and each succeeding component in turn has the highest variance 

possible under the constraint that it be orthogonal to the preceding components. Hwang has showed 

that regression on principle components can reduce the mean square error [20]. Thus, in this paper we 

also have studied the effect of regression on principle components. 

 

3.2. Proposed Features 

According to the mentioned learning methods, the mean absolute error has been found about 5600 

seconds in the best case, which is relatively high. To reduce the prediction error some new features 

from the original features, are introduced. Table 2 shows these features. 

 

- Submit hour: This feature can easily be computed from submit time. 

- CPU Intensity: This feature reflexes the amount of computation in the job. It can be computed as 

below: 

 

𝐶𝑃𝑈 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑢𝑠𝑒𝑑 𝐶𝑃𝑈 𝑡𝑖𝑚𝑒

𝑟𝑢𝑛 𝑡𝑖𝑚𝑒
 

(6) 

 

- Queue load: This feature shows the load of queue when submitting job. It can be computed via a 

sequential scanning of data set from top to bottom (Fig.2). 

- Site CPU utilization: This feature shows the CPU utilization in the site that job is going to be run. 

There are five sites which the total number of their CPUs has been shown in Table 3. In a similar 

manner to Queue load, the values for this feature can be computed via a sequential scanning. The 

general formula is as following: 

 

𝑆𝑖𝑡𝑒 𝐶𝑃𝑈 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑢𝑠𝑒𝑑 𝐶𝑃𝑈𝑠 𝑖𝑛 𝑠𝑖𝑡𝑒 𝑎𝑡 𝑠𝑢𝑏𝑚𝑖𝑡 𝑡𝑖𝑚𝑒

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝐶𝑃𝑈𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑖𝑡𝑒
 

(7) 

 

We have chosen submit hour, since in some hours during the day the workload is high [21], and 

consequently, the jobs submitted during those hours will wait longer. Similarly, in hours with light 

workload, jobs will be served sooner. The more the job needs CPU, the more difficult is the providing 

of the required processing power. So, it makes sense to consider CPU intensity as a feature in wait time 

prediction. Obviously the queue load has a direct effect on wait time. And, at the end, the site CPU 

Utilization is important too. Whenever the CPU utilization is high, the jobs must wait more till 

computing units become idle. In the next section, we show how these extra features will significantly 

reduce the prediction error. 

 

Table 2. Proposed Features Derived from Original Features 

feature description 

Submit hour The hour job submitted to grid 

CPU intensity CPU intension in the job 

Queue load Load of queue ( at submit time)  

Site CPU utilization CPU utilization in the site job is going to be run (at submit time) 

 

 

  

http://en.wikipedia.org/wiki/Orthogonal_transformation
http://en.wikipedia.org/wiki/Variance
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Table 3. Number of CPUs in Different Sites in AuverGrid 

Site name clrlcgce01 clrlcgce02 clrlcgce03 iut15 opgc 

Number of CPUs 112 84 186 38 55 

 

 
 

Sequential algorithm for computing Queue Load feature 

1. Initialize: Q1_Load = 0; Q2_Load = 0; …. Q13_Load = 0; 

2. Initialize sets: Q1_ExitTime = []; Q2_ExitTime = []; …. Q13_ExitTime = []; 

3. For each row in data set 

4. Current time = Job.Submit time; 

5. Queue = Job.Queue ID; 

6. Switch Queue 

7. Case 'Q1': 

8.         Remove entries from Q1_ExitTime which are less than Current time; 

9.         Q1_Load = Q1_Load – number of removed entries;  

10.         Store Q1_Load as new feature for this row in AuverGrid data set; 

11.         Job.Exit time = Job.Submit time + Job.Wait time; 

12.         Add Job.Exit time to array Q1_ExitTime; 

13.         Q1_Load = Q1_Load + 1;           

14. Case 'Q2':  //Similar to Q1 

      . 

      . 

      . 

15. Case 'Q13': //Similar to Q1 

16. End switch 

17. End 

Figure 2. Pseudo Code for Computing Queue Load Feature 
 

4. Results 

To ensure the correctness of the results, the machine learning techniques have been done via Weka. 

For simplicity, we have chosen 25000 jobs randomly in the data set. 70% of these jobs (17500) have 

been randomly chosen as training set and the rest (7500) form the test set. The simulation has been 

done in two parts. In part 1, we examine different machine learning techniques and study the effect of 

the proposed features on the error of prediction. Then, the best method will be chosen for the prediction. 

In part 2, we compare the accuracy of prediction with a time series method called Last-M. In the 

following sections each part of simulation will be described separately.    

 

4.1. Examining The Effect of Proposed Features 

In this part of simulation, we examine different machine learning techniques described in Section 3 

and study the effect of added features on the prediction error. Figure 3 shows the mean absolute error 

for different methods of the prediction. We have studied the effect of varying parameters. These 

parameters include confidence factor of pruning in decisions trees (0.25, 0.45, 0.65), kernel function 

(RBFKernel, PolyKernel), complexity parameter defining number of support vectors in SVM (1, 3, 5) 

and K in K-nearest neighbor method (1, 3, 5, 7, 11). As it can be seen, except for decision trees, in all 

methods proposed features has caused a reduction in the prediction error. The amount of reduction 

changes between 13% and 60% in different methods. Applying PCA before regression in linear model, 

decision tree and SVM has not improved the accuracy and only when extra features are considered in 

KNN (K = 1) there is a bit reduction. In general, it can be seen that the best result with the mean 

absolute error equals to 2255 seconds has been achieved when we apply K-nearest neighbor in the 

enriched data set.  
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Figure 3. Mean Absolute Error for Different Methods of the Prediction. The 
Added Features caused an Observable Reduction in Error.  

 

 

 

Figure 4. Cumulative Distribution Function of Absolute Prediction Error in KNN 
(K = 1) 

 

 

Figure 4 shows the cumulative distribution function of absolute prediction error in KNN (K = 1). 80% 

of instances have error less than 1000 seconds, when proposed features are considered. However, this 

value reduces to 70% with original features. Thus, these features showed an observable reduction in 

error. 

 

4.2. Nearest Neighbor Versus Time Series Predictor 

Last-2 [15] is a time series predictor which has been introduced for estimating jobs' run time. It 

simply averages the runtime of the last two jobs in order to predict the current job's run time. It is found 

that Lats-2 has a good prediction capability. In this paper, we generalize this algorithm to Last-M and 

use it to predict waiting time. In order to predict the waiting time of a job in a specific queue like 'Q', it 

takes average of waiting times of last M completed jobs that had been assigned to 'Q'. As in most 

systems the queue status is the same during small periods, this method seems to be logical. In the rest 

of paper, we compare this method with the results of applying KNN (K = 1) in the data set with 
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original and added features. To make Last-M and K-nearest neighbor method comparable, we perform 

the experiments according to the following steps: 

1. We choose 3 out of 13 queues: Q1 (26441 assigned jobs), Q4 (11506 assigned jobs) and Q2 (7808 

assigned jobs) which demonstrates three sizes of available historical data instances, large, medium 

and small. Thus, we have three data sets. 

2. For each data set, we apply Last-M to predict jobs' wait time. 

3. 70% of each data set is used as training and the rest as test set. Then the K-nearest neighbor is 

applied. 

4. The quality of prediction for instances of test sets in Last-M and K-nearest neighbor methods have 

been compared.  

Figure 5 shows mean absolute error for these queues, when M varies in the range of 1 to 15. In all 

cases, applying KNN (K = 1) in the enriched data set (with added features) outperforms two other cases: 

Last-M and applying nearest neighbor in original data set. Note that only Last-M results depend on M. 

As a result of adding proposed features, we will have approximately 5100, 10300 and 7300 seconds 

reduction in mean absolute error for Q1, Q4 and Q2 respectively when considering the best M for each 

queue. As size of training set decreases, the estimation error in original data set will increase. In the 

other hand, there is no observable change in the error of enriched data set. This emphasizes on the 

usefulness of added features when there are small history information available. 

  

  
(Q1) (Q4) 

 
(Q2) 

Figure 5. Mean Absolute Error Changes when Varying M 
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Figure 6 demonstrates the difference between the actual and the predicted wait time in Q1. The jobs 

in the test set have been sorted by their actual wait time. Thus, form a quadratic shape as shown in part 

(a) of the figure. In Figure 6, parts (b), (c) and (d) show the predicted wait time in Last-4 and nearest 

neighbor in original and enriched data set respectively. We have chosen Last-4 since in Q1 it shows the 

best performance (Figure 5). As it can be seen, the distribution of predicted points in Last-4 and K-

nearest neighbor in original data set is relatively far from quadratic shape. However, proposed features 

have made the distribution of the predicted points close to the actual distribution.   

    

  

(a) Actual wait time (b) Last-4 

 

 

 

c) KNN (K=1) with original features (d) KNN (K=1) with proposed features 

Figure 6. The Difference between Actual and Predicted Wait Time in Q1. Jobs 
have been Sorted by Actual Wait Time. (a) Actual Wait Time (b) Last-4 

Prediction (c) Nearest Neighbor in Original Data Set (d) Nearest Neighbor in 
Enriched Data Set  
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To measure the quality of the prediction more precisely, we define the accuracy of the prediction as 

the following formula: 

 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

{
 
 

 
 
1   𝑖𝑓 𝑃 = 𝐴
𝑃

𝐴
  𝑖𝑓 𝑃 < 𝐴

𝐴

𝑃
    𝑖𝑓 𝐴 < 𝑃

 (8) 

 

Where P and A is the predicted and actual wait time respectively. In this way, the mean accuracy 

would be the average of the accuracy of all predictions over test set. The mean accuracy and the 

amount of perfect, under and over prediction in estimating wait time for data points of three queues 

have been shown in table 4. For each queue, the best M according to Figure 5 has been chosen. In 

average, the proposed features have enhanced the accuracy about 0.12 in nearest neighbor method. In 

all queues, the accuracy of Last-M is the least. The K-nearest neighbor (K=1) in enriched data set has 

the highest amount of perfect prediction. Thus, as a whole enriching the data set by proposed features 

and using nearest neighbor as a method of the prediction can enhance the quality of prediction.  

 
 

Table 4. Prediction Quality in Estimating Wait Time for Data Points of Three 
Queues 

 
 Mean 

accuracy 

Perfect 

prediction 

Under 

prediction 

Over 

prediction 

Q1 

KNN(K=1); added features 0.67 31.5% 34.6% 33.8% 

KNN(K=1); original features 0.58 31% 35.1% 33.9% 

Last-4 0.43 14.5% 45.5% 40% 

Q4 

KNN(K=1); added features 0.72 30.6% 36% 33.4% 

KNN(K=1); original features 0.56 28% 36.5% 35.5% 

Last-1 0.39 28.7% 55.6% 15.57% 

Q2 

KNN(K=1); added features 0.71 35% 33.5% 31.5% 

KNN(K=1); original features 0.61 34.5% 33.7% 31.7% 

Last-20 0.37 1.5% 36.1% 62.4% 

 

5. Conclusion 

In this paper, a study on predicting job wait time has been carried out. We examined the AuverGrid 

data set and chose some features to estimate wait time via regression. Different learning machine 

methods including linear and quadratic regression model, decision trees, support vector machine and 

K-nearest neighborhood have been used for prediction. As the prediction accuracy was low four new 

features have been proposed to improve the quality of prediction. Simulation results show that 

considering these features which can easily be derived from original features, make a significant 

reduction in the prediction error. Simulations also showed that K-nearest neighbor (K=1) outperforms 

other methods in prediction. We compared the nearest method in both original and enriched data set 

with a time series method called Last-M. Different values of M have been studied and the results 

showed the outperformance of the nearest neighbor. We also have shown how adding proposed features 

makes the distribution of predicted points close to their actual distribution. As a whole, enriching the 

data set by adding our proposed features and using nearest neighbor as a method for prediction showed 

a good improvement in both mean accuracy and perfect prediction.  
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