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Abstract
In backfilling-based scheduling systems, the estimated execution time of jobs is
an indispensable parameter. Execution time estimates based on traditional user
predictions typically suffer from poor accuracy. By combining classification and
instance-based learning methods, and comprehensively utilizing both template
similarity and numerical similarity approaches, similar jobs for the current job
are identified from historical scheduling data, and their historical information
is used to predict the execution time of the current job. Attributes from the
scheduling history—including username, group name, queue name, application
name, number of processors requested by the user, user-requested (estimated)
execution time, and amount of memory requested by the user—are employed for
training and prediction, while the parameters involved in the algorithm are de-
termined using a genetic algorithm. Numerical experiments demonstrate that,
compared to reference [1], and under the premise of using fewer parameters,
a similar underestimation rate to that reported in the literature was achieved,
along with a lower mean absolute error. On the HPC2N04 and HPC2N05 log
datasets, the mean absolute error was reduced by 43% and 77%, respectively.
The impact of using online predictions to replace user estimates on job schedul-
ing was investigated, preliminary analysis of the results was conducted, and
future directions for improvement were identified.
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Abstract: In scheduling systems based on backfilling strategies, estimated ap-
plication runtimes are indispensable parameters. Traditional runtimes based on
user estimates are typically inaccurate. This paper combines classification and
instance-based learning methods, integrating template similarity and numeri-
cal similarity approaches to identify similar jobs for a given job from historical
scheduling data, and uses their historical information to predict the current job’s
execution time. The algorithm utilizes seven attributes from scheduling history
for training and prediction: username, group name, queue name, application
name, number of processors requested, user-estimated (requested) runtime, and
memory requested. Parameters involved in the algorithm are determined using
a genetic algorithm. Numerical experiments demonstrate that, compared with
reference [1], our approach achieves a similar underestimation rate while using
fewer parameters and obtains a lower mean absolute error. On the HPC2N04
and HPC2N05 log datasets, the mean absolute error is reduced by 43% and
77%, respectively. We also investigate the impact of using online predictions to
replace user estimates on job scheduling, provide a preliminary analysis of the
results, and identify directions for future improvement.

Keywords: execution time prediction; job scheduling; genetic algorithm; K-
nearest neighbor

0 Introduction
Backfilling-based job scheduling is one of the core scheduling algorithms in mod-
ern supercomputing centers. Traditional backfilling algorithms improve CPU
utilization by backfilling smaller jobs into idle CPU slots on top of the First-
Come-First-Served (FCFS) policy. The algorithm uses the number of CPUs
requested by queued jobs as a condition, and for jobs meeting this condition, it
further requires the estimated runtime of backfill candidates as a criterion. Only
jobs satisfying both conditions can be backfilled, necessitating an estimated run-
time for each job—referred to as the job’s estimated execution time.

In general scheduling systems, job execution time estimates are provided by
users. However, studies in references [4,5] have shown that user-provided es-
timates differ significantly from actual execution times. Chiang et al. [10,11]
noted that prediction accuracy substantially impacts scheduling performance
when using aggressive backfilling strategies, implying that more accurate run-
time estimates can significantly improve scheduling system performance [10].
Reference [16] investigated approaches for enabling users to accurately predict
job execution times before submission in grid environments.

An alternative approach involves 系统自动生成预估时间. For instance, references
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[1,3,6,8,9,13,15] propose prediction methods based on historical data mining,
which are more practical to implement compared to approaches in references
[6,7]. Tsafrir et al. [6] demonstrated that a naive prediction algorithm using
system-generated estimates achieves substantially higher accuracy than direct
user estimates. Reference [8] clustered user submission behavior patterns, im-
proving prediction accuracy by 5.6% while reducing computational overhead
to 3.8% compared to existing prediction algorithms. Reference [17] proposed a
self-organizing map-based runtime prediction method that outperforms instance-
based learning and statistical smoothing. Tran et al. [1] introduced a template-
based prediction method that represents the state-of-the-art, reducing job un-
derestimation rates while improving mean absolute error (MAE) by over 20%
compared to reference [6].

Existing work [1,6,8,9,13] has primarily obtained predicted execution times
through offline analysis of job logs. In contrast, this paper focuses on online
prediction of job execution times based on historical data.

1 Related Work
Research on job execution time prediction based on scheduling history assumes
that users repeatedly execute identical applications in supercomputing systems,
operating under the premise that “similar jobs have similar execution times.”
By leveraging execution times of completed jobs, we can predict the runtime of
similar jobs. From the perspective of finding similar jobs, prediction algorithms
can be categorized into classification and instance-based learning approaches.

Classification-based prediction primarily uses templates to identify jobs similar
to the target job and employs these similar jobs to estimate runtime. Downey
[2] and Gibbons [9] utilized static templates for classification, including features
such as user, job name, and system queue. After classification, the average
execution time of each class predicts future job runtimes. Smith et al. [13]
employed genetic algorithms to dynamically define templates by selecting job
features that best characterize similarity. Tsafrir et al. [6] discovered that using
only the two most recently submitted jobs from the same user could also provide
reasonable predictions.

Instance-based learning algorithms for job runtime prediction [1,7,8,14] retain
information from N recently completed jobs and estimate runtime by searching
for K nearest neighbors (jobs most similar to the target job). The core challenges
involve defining similarity between two jobs and determining how to use similar
jobs’execution times for prediction. The similarity between jobs X and Y is
measured by a distance function.

Template similarity determines whether two jobs are similar by checking if their
attribute values match exactly under a given template. For example, when the
template is {username, queue name}, two jobs are considered template-similar

chinarxiv.org/items/chinaxiv-201901.00052 Machine Translation

https://chinarxiv.org/items/chinaxiv-201901.00052


only if both their usernames and queue names are identical. This paper uses
four attribute values as template elements: username, group name, queue name,
and application name, corresponding to User ID, Group ID, Queue Number,
and Application Number in SWF, denoted as u, g, q, and j, respectively. Based
on these four attributes, 16 different templates can be formed (including the
empty template, under which all jobs are considered similar). Naturally, differ-
ent datasets require different templates, with selection methods discussed later.

Numerical similarity calculates the similarity between two jobs based on sev-
eral numerical attributes using a similarity function. This paper selects three
attributes for numerical similarity calculation: number of processors requested,
user-requested (estimated) runtime, and memory requested, corresponding to
Requested Number of Processors, Requested Times, and Requested Memory in
SWF, denoted as c, r, and m, respectively.

Before calculating numerical similarity, to avoid effects from different numerical
scales, this paper employs a linear normalization function to scale each value to
the [0,1] interval, defined as follows:

After normalization, Equation (3) calculates the similarity Sim(J1,J2) between
jobs J1 and J2. Based on the three numerical attributes c, r, and m, Sim(J1,J2)
is defined as:

where x and y represent feature vectors of jobs X and Y, respectively; wa is the
weight; and da is the distance of the corresponding feature.

Tran et al. [1] combined classification and instance-based learning methods,
defining a similarity function to measure job similarity and incorporating the im-
pact of underestimation on predictions during estimation. Tran’s experimental
results demonstrated that their hybrid approach outperformed individual meth-
ods in most cases. This paper draws inspiration from this hybrid algorithm with
certain improvements.

2 Job Execution Time Prediction
Jobs in supercomputing systems are highly repetitive, as users frequently ex-
ecute the same applications. Therefore, we can estimate job execution times
based on information from previously completed jobs. Reference [1] posits that
similar jobs have similar execution times, enabling predictions of future job run-
times using similar jobs’execution times. Under this premise, the prediction
algorithm consists of two steps: (a) searching for similar jobs in scheduling his-
tory data, and (b) obtaining the predicted runtime for the current job based on
similar jobs’actual execution times.

In this algorithm, scheduling history serves as the primary data source. Schedul-
ing systems store information about completed jobs for analysis, typically includ-
ing user ID, submission time, wait time, user-estimated runtime, actual runtime,
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and number of processor cores used. References [18,19] introduced the Standard
Workload Format (SWF), which defines 18 job attributes related to scheduling
and their storage format, providing standardized job scheduling history data
from multiple supercomputing centers for research. This paper’s research is
also based on this standard.

2.1 Similar Job Search

The similarity between jobs J1 and J2 is calculated using Equation (3), where
a smaller Sim(J1,J2) value indicates higher similarity. This paper combines
both template similarity and numerical similarity methods: first using template
similarity to identify a set of similar jobs, then applying numerical similarity
to obtain the final similar job set. Specifically, given a new job J, the steps to
select K similar jobs from N scheduling history jobs are: (a) select a template T;
(b) based on template T, select jobs similar to J to form set SJ; (c) within SJ,
use the K-nearest neighbor algorithm to select K jobs most similar to J, forming
set SJ.

Limiting scheduling history to the N most recently completed jobs serves two
purposes: improving algorithm efficiency and applying the principle of locality
—similar jobs are likely among those recently scheduled. The determination of
N and K is discussed in Section 2.3.

2.2 Execution Time Prediction

After obtaining the similar job set SJ for job J, we can predict J’s execution
time using the actual runtimes of jobs in SJ. This paper employs the averaging
method, using the mean execution time of jobs in SJ as J’s predicted runtime,
calculated as:

where Ri is the actual execution time of the i-th job in SJ. Alternatively, normal-
ized c, r, and m values could be used as attribute labels with linear regression
or support vector regression to obtain J’s predicted runtime.

To minimize structural risk, a regularization term is added to Equation (4).
This paper selects the standard deviation as the regularization term:

In reference [1], to reduce the likelihood of underestimation, the authors incor-
porated the user-provided runtime estimate. The job similarity is divided into
template similarity and numerical similarity. Template similarity determines
whether two jobs are similar by checking if their corresponding attribute values
are identical under a given template. If the attribute values match, the two jobs
are considered similar. The template consists of a set of job attribute values.
The prediction formula for job J’s runtime is as follows:

where std(.) denotes standard deviation; rJ represents the user-requested (esti-
mated) runtime; and � and � are weighting factors. Specific value determination
methods are discussed in Section 2.3.
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2.3 Online Parameter Training

As shown in Sections 2.1 and 2.2, several parameters must be determined to
obtain job J’s execution time: (a) the optimal template in template similarity;
(b) the size of the job set N; (c) the size of SJ, K; and (d) factors � and �.

The four template attribute values are represented as x1, x2, x3, and x4 in
this paper. If xi = 1, the corresponding attribute is included in the template;
conversely, if xi = 0, the attribute is removed from the template.

To better utilize local information from supercomputing logs and achieve opti-
mal prediction performance, this paper adopts a batch processing approach for
online training of multiple parameter sets. Each batch of logs is divided into a
historical dataset HistSet (h job logs), a training set TrainingSet (t1 job logs),
and a test set TestSet (t2 job logs). The historical dataset contains retrievable
historical jobs for that batch, with earlier submissions invisible to the current
batch. In the training set, a genetic algorithm is used to train the parameter
set (x1, x2, x3, x4, N, K, �, �), with the objective of reducing prediction error
and minimizing the number of underestimated jobs. In the genetic algorithm,
the fitness function is defined as:

where Pi and Ri are the predicted and actual execution times for the i-th job,
respectively; and PU is the percentage of underestimated jobs relative to the
total number of jobs. By setting appropriate population size and generations
for the genetic algorithm, a set of optimal model parameters is produced upon
convergence or termination. The execution time prediction algorithm mentioned
in Section 2.2 then provides predicted runtimes for jobs in that batch.

As the next batch of jobs arrives, HistSet, TrainingSet, and TestSet all shift
forward by t2 job logs in the log file, initiating the next batch of training and
prediction.

When using the genetic algorithm to train job parameters, relevant parameters
must be configured. Table 1 presents a set of optimal genetic algorithm param-
eters selected through multiple rounds of experiments. Compared with other
parameter combinations (h, t1, t2) such as (5000, 2000, 1000) or (3000, 1500,
500), we found that increasing the size of HistSet and TrainingSet or reducing
the number of jobs predicted per round does not help reduce underestimation
rates or improve prediction accuracy. The genetic algorithm terminates train-
ing after 100 iterations because setting a smaller number of generations (gen-
erations=50) prevents parameter convergence to the global optimum, while a
larger number (generations=200) provides no significant improvement in predic-
tion performance and requires longer training time.

Figure 1 [Figure 1: see original paper] shows the cumulative distribution func-
tion (CDF) of user-estimated times and actual execution times across four
datasets. This figure describes the probability that a job’s estimated duration
and actual duration fall within any time interval. On each dataset, the actual
runtime corresponding to the same probability density is far smaller than the
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user-estimated time, indicating that users generally overestimate job runtimes.
Due to large variations in job execution times, the time axis is log-scaled.

As shown in Figure 1, user estimates for SDSC02 and SDSC04 are highly inaccu-
rate, with actual time distributions being smooth while user-estimated times ex-
hibit a step-like distribution. This suggests that users provide coarse-grained es-
timates, with many selecting identical estimated times. The situation is slightly
better for HPC2N04 and HPC2N05, though job execution times are still gener-
ally overestimated by users. Notably, actual execution times for SDSC02 and
SDSC04 typically do not exceed 10^5 seconds (approximately 1 day), while
those for HPC2N04 and HPC2N05 reach up to 10^6 seconds (about 12 days),
suggesting potentially larger user estimation errors for the latter two datasets.

3 Numerical Experimental Results
To facilitate comparison with results from reference [1] (hereinafter referred to
as Minh), this paper conducts experiments using scheduling history data from
the HPC2N logs at the High Performance Computing Center North (Sweden)
and SDSC logs at the San Diego Supercomputer Center, as provided in refer-
ence [18]. The HPC2N logs are divided by year into two historical datasets:
HPC2N04 and HPC2N05. SDSC02 and SDSC04 correspond to data from all
of 2002 and 13 months from March 2004 to March 2005, respectively. These
four scheduling history logs reveal detailed job execution characteristics across
different clusters and time periods. Table 2 shows basic information for the four
logs. While reference [1] cleaned the four logs, this paper retains all valid jobs,
thus processing more jobs than reference [1].

This paper uses Mean Absolute Error (MAE) to measure prediction accuracy,
calculated for N jobs as:

where Pi and Ri are the predicted and actual execution times for the i-th job,
respectively.

For the underestimation problem, since our algorithm aims to minimize the num-
ber of underestimated jobs, we measure underestimation using the percentage
of underestimated jobs relative to all jobs. The underestimation rate is defined
as:

where I(Pi<Ri) is defined as:

3.1 Underestimation Rate

In scheduling systems employing backfilling, underestimation adversely impacts
system performance. Therefore, predictions should minimize the number of
underestimated jobs.

As shown in Table 3 , our prediction results achieve underestimation rates similar
to those in reference [1]. The literature notes that classifying tasks into large
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and small tasks effectively reduces underestimation rates. However, this paper
does not categorize tasks by size, and the larger number of predicted jobs likely
contributes to slightly higher underestimation rates.

Reducing underestimated jobs inevitably increases the number of overestimated
jobs. Nevertheless, in backfilling systems, overestimated jobs remain preferable
to underestimated ones, as overestimated jobs are not killed by the system. The
predictor must also prevent excessive overestimation from increasing prediction
error. To this end, this paper uses the user estimate as an upper bound in
Equation (6), effectively reducing training error.

3.2 Mean Absolute Error

Mean absolute error results are presented in Table 4 . As shown, our prediction
results significantly outperform those of reference [1] in most cases. The primary
reason is our adoption of a different distance function (Equation 3). Compared
to the distance function in reference [1], Equation (3) better captures similarity
between jobs. Based on this distance function, we also avoid classifying jobs
by size at the cost of some underestimation rate, thereby reducing the number
of parameters trained by the genetic algorithm. Additionally, our online batch
processing approach generates predictions in the order of log arrival, better
utilizing real-time information.

On the SDSC04 dataset, our method exhibits relatively larger prediction errors.
As shown in Figure 1, the actual runtime distribution for SDSC04 is smooth,
lacking regularity for learning true execution times from historical data. For
our prediction algorithm, logs with step-shaped actual runtime distributions
are more likely to achieve good prediction performance.

Although our results improve upon reference [1], the absolute error remains
relatively large. We conducted a preliminary analysis of prediction absolute
errors based on a subset of jobs from HPC2N04 to provide references for future
algorithm improvements.

Figure 2 [Figure 2: see original paper] shows the cumulative distribution of
absolute errors for 9,000 jobs. The figure reveals that 80% of absolute errors are
less than 1,000 seconds, while approximately 20% are relatively large. Future
work could analyze characteristics of these 20% of jobs to further improve the
algorithm and reduce overall average error.

As shown in Figure 3 [Figure 3: see original paper], the mean absolute error gen-
erally increases with the number of predicted jobs. The jumps in absolute error
observed in the figure may indicate the emergence of special jobs whose sudden
increase in absolute error leads to higher average errors. Future improvements
could involve analyzing characteristics of these jobs to reduce their prediction
errors and thereby decrease overall error. On the other hand, the relatively low
mean absolute error when the number of jobs is small (a phenomenon also ob-
served in other job sets) suggests that the genetic algorithm trains parameters
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only on a fixed amount of historical data. As the test set grows, new parameters
may need to be trained to adapt to new jobs, representing another direction for
future improvement.

3.3 Impact on Job Scheduling

The following experiments quantify the impact of our prediction algorithm on
job scheduling by simulating the scheduling and execution of jobs from log
datasets. We use the open-source batch scheduling simulator pyss [20] for log-
based simulation. This paper evaluates the EASY and EASY-SJBF backfilling-
based scheduling strategies on the four log datasets mentioned above. By an-
alyzing experimental results from different scheduling strategies and systems,
we can demonstrate the beneficial impact of our prediction algorithm on job
scheduling.

For each set of scheduling history logs, we first conduct a scheduling simulation
using user-provided runtime estimates in pyss, using the resulting average wait
time and average bounded slowdown as baselines. We then perform simulations
using our predicted times as estimates and compare the corresponding objective
function values.

In backfilling scheduling systems, a backfilled job must guarantee that it will
not delay the execution of the first job in the wait queue. EASY selects back-
fillable jobs based on the First-Come-First-Served principle, while EASY-SJBF
prioritizes short jobs for backfilling.

Reference [21] notes that job scheduling performance can be measured using
two objective functions: (a) Average Wait Time (AVEwait). For job j, user
wait time is the period between job submission time submitj and start time
startj, i.e., waitj = startj - submitj. Shorter wait times indicate earlier job
execution and higher user satisfaction. The average wait time across all jobs
reflects overall performance. (b) Average Bounded Slowdown (AVEbsld) [22,23].
This calculates job j’s response ratio, considering both wait time waitj and
runtime runtimej. A constant � = 10s is set to avoid excessively large response
ratios for short jobs that would not reflect scheduling performance. This metric
is called the bounded slowdown for job j, and the average bounded slowdown
can be similarly defined. Reducing average bounded slowdown improves overall
system performance.

These two objective functions evaluate scheduling performance from the user
perspective. For the four given sets of scheduling history logs, we first use
user-provided job runtime estimates for simulation in pyss, establishing base-
line results for average wait time and average bounded slowdown. We then use
our prediction results as estimated times for simulation, comparing the corre-
sponding objective function values with the baseline.

Tables 5 and 6 show that using our predicted times significantly reduces average
wait time and average bounded slowdown across both scheduling strategies and
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all four log datasets, effectively improving scheduling system service quality and
reducing resource idle time.

EASY-SJBF achieves lower AVEwait and AVEbsld than EASY due to its pref-
erence for backfilling short jobs, but both strategies yield similar relative im-
provements in AVEwait and AVEbsld. Using predicted times yields greater
improvement in AVEbsld while consistently reducing AVEwait. SDSC04 shows
the most significant relative improvement, with AVEbsld improvements exceed-
ing 60% under both scheduling strategies.

The scheduling simulation results demonstrate that for backfilling-based schedul-
ing systems, our predictions can effectively improve scheduling performance,
confirming that accurate predictions benefit job scheduling.

4 Conclusion
Job scheduling performance in supercomputing centers is a critical factor affect-
ing system utilization. Currently, backfilling-based scheduling is the primary
job scheduling strategy employed by supercomputing centers. In backfilling
scheduling, a job’s estimated runtime is a key criterion for determining whether
it can be backfilled, and the accuracy of runtime predictions directly impacts
scheduling performance. This paper presents an online job performance predic-
tion algorithm that combines classification and instance-based learning. The
algorithm first searches for similar jobs using seven different attribute values
from job history data, then calculates estimated runtime using three numerical
attributes. We employ a genetic algorithm to search for optimal values for the
eight parameters used in the algorithm.

Numerical experiments show that compared with reference [1], our approach
achieves a similar underestimation rate using fewer parameters while obtaining
lower mean absolute error. We conducted a preliminary analysis of error results
and identified several directions for improvement. Future work will incorpo-
rate machine learning to train and learn more detailed job characteristics from
scheduling history data to achieve better prediction performance. This paper
also used predicted times for scheduling simulation, demonstrating improved
backfilling algorithm performance. The next step involves exploring the impact
of online runtime prediction on scheduling in combination with other scheduling
strategies.
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