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1. Abstract 

Machine learning has shown success in a broad range of application such as automatic 

speech recognition, recommending systems and anomaly detection among some. This 

is in part due to the enormous growth in the creation of digital data and the ability to 

apply data mining to almost every aspect of organizational activity. However, for 

machine learning to be effective, users first must select the algorithm to be applied and 

its hyperparameters. In cases where multiple steps are needed (e.g., data cleaning, 

feature selection), users must design an entire “pipeline” of algorithms. Since each 

component of such a pipeline is likely to have its own hyperparameters, the number of 

design options faced by the user increase exponentially. Furthermore, all the hyper-

parameters mention above needs to be tuned to achieve viable results for the task of 

hand.  

A specific algorithm can give different results depending on its hyper-parameters 

values. This fact along with the wide range of choices for algorithms that exists now a 

days makes it so that the ability and knowledge to apply analytics and derive 

meaningful insights from data using machine learning is reserved to only skilled 

individuals (I.e., data scientists). These data scientists know how to perform the end-to-

end process of applying machine learning to real world problems while choosing the 

right algorithm for the task and tuning its hyper-parameters. 

 In order to make machine learning available to users with limited knowledge in the 

field of machine learning, researchers have attempted to automate the multiple aspects 

of the machine learning process. These automatic machine learning (AutoML) 

approaches go from automatically choosing the right machine learning algorithm and 

hyper-parameters as shown in Auto-Weka and Auto-Sklearn to automatically creating 

the entire machine learning pipeline as done in the TPOT and alphD3M frameworks. 

These approaches, for the most part, select or automatically generate the pipeline or 

algorithm and then continue to evaluate it on the analyzed dataset according to the task 
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at hand. The process terminates when either a time limit has been reached or there are 

satisfying results. the process continues to another iteration otherwise.  

The AutoML problem is costly and complex. Due to the extremely large search space, 

a brute-force evaluation has long become infeasible. In this research we aim to 

alleviate this problem by developing a resource-efficient method for predicting the 

performance of ML pipelines. To that end we propose a meta learning-based approach 

for pre-ranking automatically generated machine learning pipelines. As part of this 

proposed method we will explore different meta-data representation and embedding 

techniques for the datasets and pipelines. 

Our approach can receive any machine learning task (I.e classification, regression etc') 

a data set and ML pipelines. We represent a ML pipeline as a DAG where each node is 

a Primitive which is an algorithm representing a step of the data science workflow. A 

primitive can be any algorithm used in the process of applying machine learning to a 

problem from the pre-processing step to the actual predictive model. Our approach will 

produce a rank score denoting the pipeline expected performance on the dataset 

according to the task at hand. 

Our proposed method will enable us to pre-rank automatically generated machine 

learning pipelines without the need to evaluate them on the data. We will do so by 

using the meta-features of both the pipeline and the dataset at hand. We believe that 

evaluating only the top pre-ranked candidates will improve the AutoML process 

runtime and computational complexity and we will show our method results in 

improving AutoML frameworks like TPOT.  
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