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Abstract

Cloud scheduling is an NP-hard problem. In this paper, we propose an end-to-end system that
executes a WRF (Weather Research and Forecast) task by providing recommendations o
resource congurations. The optimal executions scenarios containing 3 options: astest,
cheapest and a trade-o is generated by estimating the runtime using a data-driven ensemble
regression method.

1.  Introduction

To create a reliable cloud scheduling platorm or high perormance computational jobs, a
generalizable, accurate and astmethod topredict the runtimeo a given task execution on a given
cloud conguration is needed [1]. This is particularly challenging to achieve because o the large
numbers o parameters that infuence the runtime, associated both with the task and with the
cloud. Additionally, the problem is inherently stochastic [2] as two identical cloud congurations
may have dierent hardware behind them. Finally, amethod to break up a parallelizable workload
between many virtual machines needs to be implemented. In this paper, we propose a system
that uses a data-driven ensemble method to recommend cloud resource congurations or a
user-specied deadline and cost. The goal o the system is to promote eective resource
utilization or high perormance computing tasks on AWS by identiying the right resource and
level o parallelization o the task.

2.  Related Work

In recent years, many machine-learning approaches have been suggested to solve the cloud
scheduling problem. T.P. Pham et al. [3] proposed a two-stage algorithm, that used pre-runtime
parameters to predict execution time. Other recent research, including the works o F. Nadeem et
al. [4] and M Tanash et al. [5] point to ensemble methods being themost suited or this problem.

3.  Methodology

In this section, the system is decomposed into 4 ‘tiers’ or ‘layers’: the platorm, execution
manager, orchestrationmanager, and the inrastructure layer. These layerswork together to utilize
the elasticity o AWS and recommend execution scenarios or the user to choose rom. More
detail is provided in the ollowing subsections.
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Figure 1: ENOS recommendation generation workfow

3.1  Platform

Through the platorm the user can initiate the WRF task execution by dening the model
parameters, uploading the dataset, and speciying the preerred deadline and cost limit or the
execution. The user can choose one o the two ways to submit the execution: using the smart
recommendation system or an expert mode with customizable resources. On successul
completion, the platorm provides an option or the user to download the results o theWRF task.

3.2  Orchestration Manager

The orchestrationmanager (OM) is the recommendation system that generates optimal hardware
suggestions or each task. This is doneusing adata drivenmethodwhich predicts the runtimeand
cost o executing a WRF task on a given AWS conguration. A smart multi-objective selection
algorithm identies the optimal options.

TheOMhas twomain responsibilities: Estimation o runtimeand cost o theWRF task or dierent
AWS congurations and trimming the predictions using a smart selection mechanism or
cheapest, astest, and trade-o solutions.

3.2.1  Prediction

Each valid execution conguration gets added in an array. An ensemble regression algorithm is
used on this array to estimate the runtime o each conguration. The dataset or training and the
algorithmare built in-house. The eatures used or this prediction step include static and dynamic
parameters o the problem and resources. The cost can then be calculated based on the runtime
predicted. The eatures used have been kept as generic as possible to allow or a uture
application o the same algorithm to other problems and cloud platorms. Each submitted
execution is retrotted to the dataset and used to periodically retrain the regressor to achieve a
continuous improvement on prediction accuracy.

3.2.2  Selection

The solution array o execution scenarios with the runtime and cost predictions is trimmed using
a NSGA-II [6] based selection mechanism. The user dened deadline and cost limit are used as
constraints to arrive at 3 optimal solutions. The one with the lowest execution time, the one with
the lowest cost, as well as a trade-o. The solutions are sent to the platorm via the execution
manager.
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3.3  Execution Manager

This component is a broker between the platorm, orchestration manager and the available
inrastructure. It is responsible or user management and workfow management. The execution
manager allocates anddeploys resourcesdynamically using the inrastructure layer,monitors the
status o executions, and collects execution metrics.

3.4  Infrastructure Layer

The inrastructure layer uses Kubernetes to deploy and scale executions to the desired level o
parallelization. Container images or WRF are pre-built and are congured at runtime by loading
the necessary data (dataset, cong les, parameters) using a distributed lesystem.

4.  Results

Although the percentage error o the runtime prediction can vary a lot or most cases it is under
20%. In most cases, points with errors over this mark correspond to smaller workfows or which
an error o a ewminutes can translate into a signicant percentage error. Additionally, some very
lengthy workfows produced large errors as the amount o training data or this type oworkfow is
limited.

Figure 2: Percentage error plot

5.  Conclusion

In this paper, we introduced an end-end system that assists the users to execute their WRF task
on AWS by providing conguration recommendations. The results presented can be urther
improved by training on a larger dataset and collecting more diverse datapoints. Future work will
include the creation o a large-scale dataset or runtime prediction o scientic workfows. We
also aim to generalize our prediction capabilities to include many dierent problems on many
dierent clouds. Further research is required to identiy measures that can be used to correlate
the data gathered or one type o scientic workfow to another.
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