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Abstract 
With the world of current artificial intelligence (AI) that keeps changing very fast these days came the advent of 

a novel paradigm that is currently making very swift center stage also referred to as representation learning.  

Both the new Deep Learning (DL) models and the old Machine Learning (ML) models both rely on the principle 

that it is feasible to train or construct pertinent features directly from the data such that precise predictions or 

classifications are feasible.  It is, however, very important to notice that while the two paradigms look upon 

their respective fields, they might very well be rooted differently in a number of ways.  This research gives a 

detailed theoretical and comparative analysis of the theory of representation learning, particularly vis-a-vis the 

paradigms of Deep Learning and Machine Learning.  The paper thereafter goes into a review of a detailed 

analysis of the underlying theory of the theory of generalization, hierarchical representational theory, and 

theory of feature extraction, highlighting their background concepts, methods, and functioning differences.  It 

finalizes by encapsulating current field issues and foreseen possible future direction for the further enhancement 

of learning systems that are not only easier to work but also efficient and versatile applicable by their 

applications. 
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I. Introduction 
Machine Learning and Deep Learning are two most prominent concepts of Artificial Intelligence. Both 

the concepts have the goal to enable their assistance to be learned from data and improve the performance over 

time. While both Machine Learning and Deep Learning concepts rely on data-centered modeling, however, they 

diverge in the manner they are represent, process, and extract patterns from input data (Goodfellow et al., 2016; 

Bishop, 2006). Representation learning holds the process across which models distinguish useful attributes or 

perceptions from raw untrained data. Representations in Machine Learning are often designed manually and are 

specific to the area of work while Deep Learning accommodates hierarchical and automatic feature learning 

using the implementation of the neural network (LeCun et al., 2015). 

 

II. Theoretical Foundations of Representation Learning 
2.1 Concept of Representation 

A representation is the conversion of input data into an organized format that retains useful information (Bengio 

et al., 2013). Representations are often low-level (e.g., edges in images) or high-level (e.g., objects or concepts). 

Good representation reduces redundancy and improves discriminative power (Murphy, 2012). 

 

2.2 Feature Engineering in Machine Learning 

Conventional Machine Learning is also based on human or semi-automatic feature extraction (Domingos, 2012). 

SVM, Decision Trees, or Random Forest are algorithms that are feature-dependent and rely on expert-designed 

features by expertise (Hastie et al., 2009). It involves a lot of human intervention and understanding of the 

domain. 

 

2.3 Feature Learning in Deep Learning 

On the other hand, Deep Learning models are taught to represent automatically by superimposing several levels 

of artificial neurons. Every level converts the data into progressively higher-level abstract features (LeCun et al., 
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2015). The Convolutional Neural Networks (CNNs) and the Recurrent Neural Networks (RNNs) are notable 

examples of the structures that carry hierarchical representation learning (Goodfellow et al., 2016). 

 

3. Comparison between Machine Learning and Deep Learning 

This theoretical contrast shows that Deep Learning extends Machine Learning by automating the representation 

learning process. However, it introduces challenges in explainability and computational cost (Zhang et al., 2016; 

Lipton, 2018). 

 

Aspect Comparison 

Feature Representation Machine Learning: Handcrafted, domain-specific | 

Deep Learning: Automatically learned 

Complexity Machine Learning: Shallow models | Deep 

Learning: Deep, multi-layered architectures 

Data Requirement Machine Learning: Small datasets | Deep 

Learning: Large datasets required 

Interpretability Machine Learning: Easier | Deep Learning: Often 

a black box 

Computation Machine Learning: Less demanding | Deep 

Learning: Requires GPUs 

Generalization Machine Learning: Task-specific | Deep Learning: 

Broader across tasks 

 

III. The Role of Hierarchical Representations 
Strength of Deep Learning is its level learning of abstraction. For example, for image recognition, 

lower-level layers identify edges, intermediate-level layers identify shapes, and higher-level layers identify 

objects or scenes (Krizhevsky et al., 2012). This hierarchical representation has been the key to the successes of 

Deep Learning in the visual, linguistic, and audio spaces (Hinton et al., 2012). 

 

IV. Interpretability and Theoretical Challenges 
A major theoretical problem in Deep Learning is that it is poorly interpretive (Doshi-Velez & Kim, 

2017). Whereas Machine Learning models such as Decision Trees have human-interpretable paths to decisions, 

Deep Learning models have millions of parameters that are opaque (Lipton, 2018). There is research on 

explainable AI (XAI) to help bridge this gap (Samek et al., 2019). Overfitting is another problem that occurs 

because of model high-capacity. There are several methods that help reduce this problem such as dropout, batch 

normalization, and weight decay (Srivastava et al., 2014). 

 

V. Theoretical Implications for Future Research 
The theoretical advance from Deep Learning to Machine Learning is a byproduct of a greater 

autonomy shift towards feature learning. But the pursuit of self-contained automated learning has concerns 

about interpretability, fairness, and efficiency (Jordan & Mitchell, 2015). Future research anticipates the 

unification of the good of both worlds—inching Machine Learning’s interpretability together with Deep 

Learning’s representational capabilities. Semi-supervised learning, transfer learning, and hybrid neuro-symbolic 

systems are promising directions (Lake et al., 2017; Marcus, 2018). 

 

VI. Conclusion 
This work gave a theoretical overview of learning of representations by the light of deep learning and 

machine learning. While Machine Learning depends on manually designed features, Deep Learning 

automatically depends on them such that it has greater performance and higher generalization. But the elevated 

level of complexity of Deep Learning makes it interpretable and ethically objectionable. Bridging this gap holds 

the key to the future generation of intelligent and trustworthy AI systems. 
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