
1. Apply Hubel and Wiesel’s hierarchical model of simple and complex neurons to 

explain how the human brain would process and recognize a new visual stimulus, 

such as a triangle.      10M 

 

 

Evaluation 

Component 

Marks Key Points 

1. Simple neurons 2 Detect straight edges at specific orientations. 

Each is tuned to one orientation. 

2. Collective role of 

simple neurons 

2 Together, they cover all 360° of orientations. 

3. Complex neurons 2 Receive input from multiple simple cells; 

combine information to detect 

curves/corners. 

4. Hierarchical 

processing 

2 Multiple layers → increasing complexity from 
edges → curves → shapes. 

5. Abstract 

representation 

2 Final layers represent complete objects 

(mouse, cat, bird, dog). 

 
  
Simple Neurons (Fig. 1.5) – (2 Marks) 

● Hubel and Wiesel discovered that certain neurons, called simple cells, respond best to 
straight edges at specific orientations. 
 

● Each simple neuron is tuned to one particular orientation (e.g., vertical, horizontal, 
diagonal). 

Collective Role of Simple Neurons (Fig. 1.5) – (2 Marks) 

● A large group of simple neurons, each sensitive to different orientations, together can 
represent all 360° of edge orientations. 
 

● This enables the brain to detect edges from any angle. 

Complex Neurons (Fig. 1.6) – (2 Marks) 

● Complex neurons receive input from several simple cells. 
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● They recombine multiple orientations to recognize more complex patterns like 
corners and curves. 
 
 

Hierarchical Processing (Fig. 1.6) – (2 Marks) 
 

● Information flows across layers: edges → curves → shapes. 
 

● Each successive layer represents increasing complexity of visual features. 
 

Abstract Representation of Objects (Fig. 1.6) – (2 Marks) 
 

● After several hierarchical layers, the brain builds abstract concepts of whole objects 
such as a mouse, cat, bird, or dog. 
 

● This shows how visual perception progresses from raw input to high-level 
understanding. 

 

 

 

2. Construct an explanation of how the neocognitron model, inspired by Hubel and Wiesel’s 

biological findings, demonstrates the progression from edge detection to abstract object 

recognition in machine vision.                          10M 

 

 

Evaluation Component Marks Key Points (Expected in Answer) 

1. Link to biological 

vision (Hubel & Wiesel) 
2 

Biological simple and complex neurons inspired the 

model; simple cells detect edges, complex cells 

combine them. 
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Evaluation Component Marks Key Points (Expected in Answer) 

2. Naming and borrowing 

terminology 
2 

Fukushima explicitly borrowed “simple” and 

“complex” cell terminology for artificial layers. 

3. Structure of 

neocognitron 
2 

Artificial neurons are arranged hierarchically; early 

layers detect lines and orientations. 

4. Increasing abstraction 

in deeper layers 
2 

Successive layers represent progressively complex and 

abstract features. 

5. Application to machine 

vision 
2 

This layered representation laid the foundation for deep 

learning in vision, enabling object recognition similar 

to biological vision. 

 

•  Biological basis: Hubel & Wiesel’s discovery  – (2 Marks) 

• Hubel and Wiesel showed that the primary visual cortex has simple cells that detect 

edges at specific orientations and complex cells that combine these edges into shapes 

(e.g., curves, corners). 

• This hierarchical structure explained how biological vision builds complexity step by 

step. 

•  Direct inspiration and terminology (Fukushima) – (2 Marks) 

• Fukushima (1970s) explicitly cited Hubel and Wiesel’s work. 

• He borrowed their terms “simple” and “complex” cells for the layers in his artificial 

vision model. 

•  Neocognitron hierarchical design (similar to Fig) – (2 Marks) 

• The first artificial layers in the neocognitron act like simple cells, detecting line 

orientations and edges. 

• This mimics the way biological neurons close to the retina respond to raw input. 

•  Increasing abstraction in deeper layers (Fig.) – (2 Marks) 

• Successive layers recombine information from earlier layers. 

• This results in progressively complex and abstract features, moving from lines → 
curves → shapes → objects. 

•  Impact on machine vision (Fig. 1.8) – (2 Marks) 

• As shown in the historical timeline (Fig. 1.8), the neocognitron marks a key step 

between biology and deep learning-based vision. 

• It laid the foundation for convolutional neural networks (CNNs) and showed how 

machine vision could progress from edge detection to object recognition. 
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3. Apply your understanding of ImageNet, ILSVRC, and AlexNet to explain why 

AlexNet’s 2012 victory in the ILSVRC challenge was a turning point for deep learning 

in machine vision.   10m 

 

 

Evaluation Component Marks Key Points (Expected in Answer) 

1. Role of ImageNet dataset  2 

ImageNet provided 14M labeled images across 22,000 

categories. ILSVRC subset had 1.4M images in 1,000 

categories → large, diverse, high-quality dataset. 

2. Context of ILSVRC 

before 2012 (Fig. 1.15) 
2 

Until 2012, algorithms were traditional ML with feature 

engineering → deep learning absent in top models. 
3. AlexNet’s breakthrough 

performance (Fig. 1.15 & 

Fig. 1.17) 

2 

Krizhevsky, Sutskever, Hinton’s team used AlexNet to 

dramatically outperform benchmarks → deep learning 
proved superior. 

4. Technical factors 

enabling AlexNet (Fig. 1.17) 
2 

(i) Large dataset (ImageNet + data augmentation), (ii) 

GPU acceleration, (iii) Deeper architecture vs LeNet-5. 

5. Wider impact  2 

Shift from expert-driven feature engineering → automatic 
feature extraction by deep learning; triggered widespread 

adoption across vision, NLP, and games. 

 

Answer: 

1. Role of ImageNet dataset  – 2 Marks 

o ImageNet provided about 14 million labeled images across 22,000 categories, 

including objects as diverse as ships, animals, and plants. 

o The ILSVRC subset contained 1.4 million images in 1,000 categories, giving 

researchers a large, diverse, and high-quality dataset to train and evaluate 

models effectively. 

 

2. Context of ILSVRC before 2012 (Fig. 1.15) – 2 Marks 

o Until 2012, all top-performing models in ILSVRC were based on traditional ML 

with feature engineering. 
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o Deep learning was largely absent 

from the competition, and year-over-

year accuracy improvements were 

incremental and small. 

 

3. AlexNet’s breakthrough performance (Fig. 

1.15 & Fig. 1.17) – 2 Marks 

o In 2012, Krizhevsky, Sutskever, 

and Hinton submitted AlexNet, 

which dramatically outperformed 

all benchmarks. 

o The top-5 error rate dropped by 

nearly 10% compared to 

traditional ML models, proving 

the superiority of deep learning for 

large-scale vision tasks. 

 

4. Technical factors enabling AlexNet 

(Fig. 1.17) – 2 Marks 

o Large dataset: Leveraged 

ImageNet and applied data 

augmentation (rotations, 

translations). 

o GPU acceleration: Parallel processing enabled efficient large-scale training. 

o Architectural depth: More layers than LeNet-5, with ReLU activations and 

dropout to prevent overfitting. 

 

5. Wider impact  – 2 Marks 

o Marked a paradigm shift from expert-driven feature engineering to automatic 

feature extraction by deep networks. 

o Sparked widespread adoption of deep learning across computer vision, NLP, 

and game AI, making it a turning point in AI research. 

 

4. Utilize your understanding of deep learning hierarchies to explain how the TensorFlow 

Playground uses input, hidden, and output layers to learn and classify.    -10M 

 

 

Evaluation Component Marks Key Points (Expected in Answer) 

1. Input layer 2 

Input layer uses two features: X1 (horizontal position) 

and X2 (vertical position) of each dot. Data includes 

orange (negative) and blue (positive) cases. 

2. Role of hidden layers  2 
Four hidden layers progressively extract features. First 

hidden layer neurons specialize in detecting edges 
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Evaluation Component Marks Key Points (Expected in Answer) 

(straight lines at specific orientations). 

3. Increasing complexity 

across layers 
2 

Deeper layers recombine simple features → form 
curves, then more abstract shapes. Each layer builds on 

previous representations. 

4. Output layer and 

classification 
2 

Output grid (–6 to +6 axes) represents final decision 

boundary. Neurons can represent intricacies of spiral 

shapes → classify orange vs. blue dots accurately. 

5. Generalization and 

abstraction (Fig. 1.19) 
2 

Test data ensures generalization. Hierarchical feature-

learning mirrors biological vision (Hubel & Wiesel, 

LeNet-5, AlexNet). Shows deep learning’s ability to 

automatically build complex feature representations. 

 

 

1. Input Layer– 2 Marks 

• The input layer receives two features per dot: 

o X1 = horizontal position 

o X2 = vertical position. 

• These inputs represent the location of dots on the grid. 

• The dots are labeled: orange for negative cases and blue for positive cases. 

• This simple two-feature input is the raw data from which the network must learn. 

 

2. Role of First Hidden Layer (Fig. 1.19) – 2 Marks 

• The first hidden layer neurons begin learning basic features such as edges and straight-

line boundaries. 

• Each neuron in this layer is specialized for detecting a specific orientation of a line, 

similar to how Hubel & Wiesel’s simple cells in biological vision respond. 

• This shows the foundation of hierarchical learning, where simple features are learned 

first. 

 

3. Increasing Complexity Across Layers – 2 Marks 

• As data passes deeper into the second and third hidden layers, neurons recombine 

these edges to form curves and more complex boundaries. 

• By the later hidden layers, neurons represent abstract spiral shapes, which cannot be 

directly detected by earlier, simpler neurons. 

• This demonstrates how complexity and abstraction increase with depth, a core principle 

of deep learning. 

 

4. Output Layer and Classification – 2 Marks 

• The output layer grid (ranging from –6 to +6 on both axes) integrates the features 

learned by the hidden layers. 

• It forms a decision boundary that can accurately separate orange (negative) dots from 

blue (positive) dots. 

VTUSYNC.IN

Studied smart, not hard — thanks to VTUSync.innotesforvtu.in

https://vtusync.in


• The neurons in the final layer essentially "solve" the spiral classification problem by 

representing the intricacies of the spiral pattern. 

 

5. Generalization and Biological Analogy (Fig. 1.19) – 2 Marks 

• The test data toggle allows evaluation on unseen dots, ensuring the model generalizes 

well beyond the training data. 

• This feature-learning process mirrors the hierarchical structure in biological vision (Hubel 

& Wiesel’s simple/complex cells, LeNet-5, and AlexNet). 

• It highlights how deep learning models can automatically construct abstract 

representations without manual feature engineering. 

(WRITE A ROUGH FIGURE FOR THIS ) 

 

 

 

 

5. Model the operation of LeNet-5 , showing how its layered architecture and back 

propagation enable automatic feature learning, and explain how this differs from 

conventional feature-engineered machine learning.      10M 

 

Evaluation Component Marks Key Points (Expected in Answer) 

1. Hierarchical architecture 

of LeNet-5 (Fig. 1.11) 
2 

Built on neocognitron & biological inspiration (Hubel & 

Wiesel). Consists of multiple layers of artificial neurons 

enabling automatic feature extraction. 

2. Role of backpropagation 2 
Efficient learning through all layers; adjusts weights to 

minimize error; key to training deep networks like LeNet-5. 

3. Advantage over 

traditional ML (Fig 1.12) 
2 

Deep learning automatically extracts features from raw 

data; traditional ML relies heavily on manual feature 

engineering (regression, SVM, random forest). 

4. Data and processing 

requirements 
2 

Superior training datasets and faster processing power 

made LeNet-5 more accurate and efficient than 

neocognitron or earlier ML models. 

5. Practical applications 2 

Early commercial deployment: USPS ZIP code recognition; 

demonstrates real-world utility and shift from handcrafted 

features to automatic feature learning. 
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1. Hierarchical Architecture (Fig. 1.11): LeNet-5 built upon the neocognitron and biological 

vision insights (Hubel & Wiesel). Its multi-layer design allows automatic extraction of 

increasingly complex features from raw input data, unlike traditional ML which requires 

manual feature engineering. (2 Marks) 

2. Backpropagation: LeNet-5 uses the backpropagation algorithm, which efficiently updates 

weights across layers to minimize prediction errors. This enables reliable learning 

throughout the deep network. (2 Marks) 

3. Advantage over Traditional ML (Fig. 1.12): Traditional ML depends heavily on feature 

engineering, where practitioners manually design input variables for models like 

regression, random forests, or SVMs. LeNet-5, however, learns features automatically 

from raw data, freeing practitioners from labor-intensive preprocessing. (2 Marks) 

4. Data and Processing Requirements: The model benefited from high-quality training data 

and faster computational resources, which improved both accuracy and efficiency 

compared to previous models like the neocognitron. (2 Marks) 

5. Practical Applications: LeNet-5 was applied commercially by the USPS to automate ZIP 

code recognition, demonstrating the practical power of deep learning and marking a shift 

from expert-driven feature engineering to automatic feature learning in real-world tasks. 

(2 Marks) 

 
 

 

6. Make use of the concept of NLP by analyzing how simple, intermediate, and advanced 

language processing tasks differ in complexity, and evaluate the contribution of deep 

learning in solving intermediate and complex problems.              10m  

 

Evaluation Component Marks Key Points (Expected in Answer) 

1. Definition and Scope of 

NLP (Fig. 2.2) 
2 

NLP sits at the intersection of computer science, 

linguistics, and AI. Processes naturally written/spoken 

human language to automate tasks or assist humans. 

Excludes programming code or isolated characters. 

2. Simple NLP Applications 2 

Examples: spell checkers, synonym suggesters, 

keyword search. Deterministic, rules-based, simple to 

implement. Deep learning not required. 
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Evaluation Component Marks Key Points (Expected in Answer) 

3. Intermediate NLP 

Applications 
2 

Examples: assign reading levels, next-word 

prediction, document classification, named-entity 

extraction. Deep learning enables automatic feature 

extraction, handling moderately complex patterns in text. 

4. Advanced/Sophisticated 

NLP Applications 
2 

Examples: machine translation, chatbots, automated 

Q&A. Challenges: context across sentences, sequential 

dependencies, nuance, humor. Requires advanced deep 

learning architectures (e.g., Transformers, LSTMs). 

5. Role of Deep Learning 2 

Essential for intermediate and complex NLP tasks. 

Allows automatic feature extraction, contextual 

understanding, sequential modeling, and abstraction 

of patterns. Facilitates scalable, accurate solutions 

across domains. 

 

  Definition and Scope of NLP (2 Marks): 

Natural Language Processing (NLP) is an interdisciplinary field combining computer science, 

linguistics, and AI (Fig. 2.2). It involves processing naturally spoken or written human language 

to automate tasks or assist humans. NLP is distinct from programming languages or isolated 

character strings in spreadsheets. 

  Simple NLP Applications (2 Marks): 

Basic tasks like spell checkers, synonym 

suggesters, and keyword search are 

straightforward, relying on rules or reference 

dictionaries. These tasks are deterministic, 

computationally lightweight, and do not require 

deep learning. 

  Intermediate NLP Applications (2 Marks): 

Tasks such as assigning reading levels, next-word prediction, document classification, and 

named-entity extraction involve more complexity. Deep learning models are suitable here 

because they automatically learn features from raw text, capturing patterns that rules-based 

systems cannot. For example, predicting sentiment in movie reviews can be efficiently handled 

using LSTM or Transformer networks. 

  Advanced/Sophisticated NLP Applications (2 Marks): 

Complex tasks like machine translation, automated question-answering, and chatbots require 

handling context across multiple sentences, sequential dependencies, nuance, and implied 

meaning. These tasks rely on advanced architectures like sequence-to-sequence models or 

Transformers. Such models allow NLP systems to approximate human-level understanding in 

specific domains. 

  Role of Deep Learning (2 Marks): 

Deep learning automates feature extraction, captures contextual and sequential patterns, and 

enables modeling of abstract linguistic structures. It is essential for intermediate and complex 

VTUSYNC.IN

Studied smart, not hard — thanks to VTUSync.innotesforvtu.in

https://vtusync.in


NLP tasks, allowing scalable and accurate NLP applications across domains such as 

translation, conversational AI, and predictive text generation. 

 

 

7. Solve the challenge of representing word meaning in NLP by explaining how word 

vectors are generated, organized in vector space, and manipulated to extract semantic 

relationships.                                                        10m 

 

 

Evaluation Component Marks Key Points (Expected in Answer) 

1. Concept and 

advantage of word 

vectors 

2 

Word vectors (embeddings) represent word meaning and 

context unlike one-hot encodings (location only). Enable deep 

learning NLP models to automatically learn linguistic 

features. 

2. Creation of word 

vectors 
2 

Words initially assigned random positions in vector space. 

Locations refined based on context words in corpus. Popular 

methods: word2vec, GloVe. Target word predicted from 

context; words in similar contexts cluster together. 

3. Vector-space 

representation 
2 

Words mapped to n-dimensional vector space (3D cartoon 

example in Fig. 2.6). Coordinates define positions, clusters 

represent semantic similarity (e.g., days of week, months, 

programming languages). 

4. Word-vector 

arithmetic for 

semantic relationships 

2 

Movements in vector space encode meaning (e.g., gender: 

king - man + woman ≈ queen; capital-country: Paris - 

France + London ≈ England). Preserves quantitative 

semantic relationships across dimensions. 

5. Role in NLP 

applications 
2 

Word vectors provide dense, meaningful features for NLP 

models. Facilitate tasks like word similarity, analogy tasks, 

and deep learning NLP applications. Foundation for 

advanced NLP architectures. 

 

Answer : 

 

1. Concept and Advantage (2 Marks) 

Word vectors, also called word embeddings, are dense vector representations of words 

that capture both semantic meaning and context, unlike one-hot encodings that only 

indicate word position. This enables deep learning models in NLP to automatically 

extract linguistic features, improving model performance on various NLP tasks. 

2. Creation of Word Vectors (2 Marks) 

Each word is initially assigned a random location in a multidimensional vector space. 

By analyzing the words that appear near each target word (its context words) in a 

corpus, vectors are gradually adjusted so that words appearing in similar contexts 

occupy similar positions. Popular algorithms include word2vec and GloVe, where the 
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model predicts a target word from its 

context across a large corpus. 

 

3. Vector-Space Representation (2 Marks) 

Words exist in an n-dimensional vector 

space (Fig. 2.6). In practice, this can be 

dozens or hundreds of dimensions. Words 

with similar meanings cluster together—
e.g., days of the week (Monday, Tuesday, 

Wednesday), months, or programming 

languages form subclusters within broader 

semantic regions. Coordinates (x, y, z in 3D 

cartoon) precisely define word positions. 

4. Word-Vector Arithmetic (2 Marks) 

Word vectors encode semantic relationships. 

Movements across vector space capture 

meaning, e.g.: 

• Gender relationship: king - man + woman ≈ 
queen 

• Capital-country relationship: Paris - France + London ≈ England 

This arithmetic preserves relative meaning across dimensions, making it a powerful tool 

for NLP models (Fig. 2.7).  

5. Role in NLP Applications (2 Marks) 

Word vectors serve as dense, meaningful input features for NLP models. They enable 

tasks such as word similarity, analogy solving, semantic clustering, and are 

foundational for deep learning architectures in NLP, including sentiment analysis, 

language translation, and question-answering systems. 

 

 

8. Construct a detailed explanation of the hierarchical elements of natural human 

language—from phonology and morphology to syntax and semantics—and demonstrate 

how deep learning representations differ from traditional machine learning approaches at 

each level                        10m 

 

Evaluation 

Component 
Marks Key Points (Expected in Answer) 

1. Figure Reference 

(Fig. 2.9) 
2 

Correctly references the schematic showing hierarchical elements: 

phonemes → morphemes → words → phrases → sentences → 
semantics. Demonstrates understanding of hierarchy. 

2. Table Reference 

(Table 2.2) 
2 

Correctly refers to the differences in representations between 

traditional ML (local, rigid) and deep learning (distributed, flexible) 

at each element. 

3. Phonology 2 Traditional ML: discrete phonemes; Deep learning: feature-learned 
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Evaluation 

Component 
Marks Key Points (Expected in Answer) 

phoneme vectors. 

4. Morphology 2 
Traditional ML: predefined morpheme list; Deep learning: 

morpheme vectors combined hierarchically to form word vectors. 

5. Syntax and 

Semantics 

(combined) 

2 

Syntax: ML uses discrete categories, DL uses vectors to model 

structure. Semantics: ML limited in meaning; DL uses vector 

combinations to capture context. 

1. Figure Reference (2 Marks) 

o Figure 2.9 depicts the hierarchy 

of language elements: phonemes 

→ morphemes → words → 
phrases → sentences → 
semantics. 

o Shows progression from basic 

sounds to abstract meaning, 

illustrating the levels at which 

NLP models operate. 

2. Table Reference (2 Marks)  

o Table 2.2 contrasts traditional ML vs deep learning representations: 

▪ ML: local, rigid, discrete encoding. 

▪ Deep learning: distributed, flexible vectors; allows automatic feature 

learning. 

o Highlights the fundamental advantage of deep learning for NLP. 

3. Phonology (2 Marks) 

o Traditional ML: 

encodes discrete 

phonemes. 

o Deep learning: learns 

features from auditory 

input and represents 

phonemes as vectors 

for flexibility and generalization. 

4. Morphology (2 Marks) 

o Traditional ML: identifies morphemes from a predefined list. 

o Deep learning: predicts morphemes and combines their vectors hierarchically 

to form words (e.g., out + go + ing → outgoing). 
5. Syntax and Semantics (2 Marks) 

o Syntax: ML: phrases bucketed into discrete categories; DL: vector 

representations recombined by neural layers. 

o Semantics: ML limited in capturing abstract meaning, context, or nuance; DL: 

semantic vectors capture meaning via nonlinear combination of phrase vectors. 
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9. Apply your understanding of regularization in deep learning to explain why it is 

essential for controlling model complexity, reducing generalization error, and balancing 

the trade-offs between bias and variance.     –10M 

 

Evaluation 

Component 
Marks Key Points (Expected in Answer) 

1. Definition and 

necessity of 

regularization 

2 

Explain that regularization modifies a learning algorithm to reduce 

generalization error, ensuring performance on new/unseen data. 

Mention why overfitting occurs and why regularization is needed. 

2. Trade-offs: Bias vs 

Variance 
2 

Discuss how regularization increases bias slightly to reduce 

variance. Explain the context of underfitting, overfitting, and the 

goal of achieving an optimal model. 

3. Regularization in 

deep learning context 
2 

Emphasize deep models’ complexity; controlling model 

complexity is crucial because the true data-generating process is 

unknown and often outside the model family. 

4. Common 

regularization 

strategies 

2 

Include: adding constraints on parameters, adding penalty terms 

in objective function, encoding prior knowledge, ensemble 

methods. Mention examples where applicable. 

5. Practical application 

and implications 
2 

Explain that best-fitting deep learning models are often large but 

regularized; regularization ensures generalization in complex 

domains like images, audio, or text. 

 

 

  Definition and Necessity (2 Marks) 

• Regularization is any modification to a learning algorithm intended to reduce 

generalization error without necessarily reducing training error. 

• It addresses the central challenge in machine learning: performing well not just on 

training data, but also on unseen inputs. 

• Overfitting occurs when a model fits the training data too closely, capturing noise rather 

than underlying patterns. Regularization helps prevent this. 

  Trade-offs: Bias vs Variance (2 Marks) 

• Regularization trades increased bias for reduced variance. 

• Underfitting: model family too simple → bias dominates. 
• Overfitting: model family too complex → variance dominates. 
• Goal: move the model from an overfitting regime (high variance) to an optimal regime 

where generalization error is minimized. 

  Regularization in Deep Learning Context (2 Marks) 

• Deep learning models are often large and highly complex, applied to domains like 

images, text, or audio. 

• True data-generating processes are rarely fully known or captured within the model 

family. 

• Therefore, controlling model complexity is not just about reducing parameters but 

applying strategic regularization. 
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  Common Regularization Strategies (2 Marks) 

• Parameter constraints: Limit magnitude of weights. 

• Penalty terms: Extra terms in the loss function to discourage over-complexity. 

• Prior knowledge encoding: Encourage the model to prefer simpler or meaningful 

solutions. 

• Ensemble methods: Combine multiple models to improve generalization. 

  Practical Application and Implications (2 Marks) 

• In practice, the best-performing deep learning models are often large but regularized 

appropriately. 

• Regularization ensures that despite model size, the model generalizes well in complex 

domains like images, audio sequences, and text. 

• This allows deep learning to handle real-world tasks without overfitting to training data. 

 

 

10. Identify how regularization addresses under-constrained machine learning problems, 

and explain its role in iterative optimization and its connection to the Moore-Penrose 

pseudoinverse. 10m 

 

Evaluation 

Component 
Marks Expected Answer / Key Points 

1. Definition of under-

constrained / 

underdetermined 

problems 

2 

- Underdetermined problems occur when there are fewer 

examples (rows) than features (columns) or the data has zero 

variance in some direction. - Linear models like linear regression 

and PCA depend on inverting XTXX^TX, which is singular in 

under-constrained cases. - Example: Logistic regression with 

linearly separable classes—multiple weight vectors can perfectly 

classify data, leading to infinite solutions. 

2. Role of 

regularization in 

stabilizing under-

constrained problems 

3 

- Regularization adds constraints or penalties to the learning 

algorithm to make solutions well-defined and numerically stable. 

- For linear models, regularization modifies XTXX^TX to 

XTX+αIX^TX + \alpha I, ensuring invertibility. - Prevents 

unbounded growth of weights in iterative optimization (e.g., 

gradient descent). - Example: Weight decay ensures convergence 

in logistic regression when classes are linearly separable. 

3. Connection to 

iterative optimization 

methods 

2 

- In iterative methods like stochastic gradient descent, under-

constrained problems may lead to divergence (weights growing 

indefinitely). - Regularization provides a stopping mechanism: 

weight decay or penalties limit weight growth, guaranteeing 

convergence to a stable solution. - Ensures that iterative 

optimization produces reliable and generalizable models. 

4. Link with Moore-

Penrose 

pseudoinverse 

2 

- The pseudoinverse provides a stabilized solution for 

underdetermined linear equations. - Equation: 

X+=lim⁡α→0(XTX+αI)−1XTX^+ = \lim_{\alpha \to 0} 

(X^TX + \alpha I)^{-1} X^T - Interpretation: performing linear 

VTUSYNC.IN

Studied smart, not hard — thanks to VTUSync.innotesforvtu.in

https://vtusync.in


Evaluation 

Component 
Marks Expected Answer / Key Points 

regression with weight decay; regularization stabilizes solutions 

even when XTXX^TX is singular. - Connects linear algebra to 

deep learning regularization techniques. 

5. Summary / overall 

significance 
1 

- Regularization is critical in deep learning and machine learning 

to control model complexity, ensure numerical stability, and 

guarantee convergence in under-constrained problems. - Enables 

models to generalize well beyond training data. 

 

 

For equations please refer to textbook(7.3 Regularization and Under-Constrained Problems ) 

 

11. Apply the concept of norm penalties as constrained optimization to explain how 

parameter norm penalties and explicit constraints (with reprojection) stabilize the 

training of deep learning models.     10m 
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12. Utilize the concept of dataset augmentation to illustrate how various augmentation 

strategies contribute to improving the robustness and generalization of machine learning 

models.    10m 

 

1. Definition of Dataset Augmentation (2 marks) 

• Dataset augmentation is a strategy to artificially enlarge training datasets by generating 

synthetic or transformed data points. 

• It is particularly useful when real-world labeled data is scarce or costly to obtain. 

• By creating new (x, y) pairs, the model is exposed to greater variability, reducing 

overfitting. 

 

2. Role in Improving Generalization and Robustness (2 marks) 

• A model trained on more diverse data becomes less sensitive to noise and variations in 

unseen inputs. 

• For classification, augmentation enables the model to learn invariances (e.g., object 

position, orientation, small distortions). 

• In speech recognition, injecting variations like pitch shifts or background noise makes 

the system more robust. 
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3. Illustration of Augmentation Techniques (3 marks) 

(a) Geometric Transformations (1 mark) 

• Translation (shifting an image a few pixels), rotation, scaling, or cropping are effective for 

image classification. 

• For example, in object recognition, shifting an object slightly in the frame allows the 

model to recognize it regardless of location. 

(b) Noise Injection (1 mark) 

• Adding Gaussian noise to inputs or hidden activations simulates real-world 

imperfections. 

• Dropout acts as augmentation at the hidden layer level by randomly “dropping” units, 

forcing the network to learn redundant, robust features. 

(c) Domain-Specific Constraints (1 mark) 

• Augmentation must respect the semantics of the data. 

• Example: In OCR, flipping a ‘b’ can turn it into a ‘d’; hence, flips are not valid 

transformations. 

• In contrast, for object recognition, flips and rotations are often useful. 

 

4. Challenges and Limitations (2 marks) 

• Not all tasks benefit equally: 

o Density estimation is difficult because valid synthetic samples require solving the 

task itself. 

• Some transformations (like out-of-plane rotation in 3D images) are non-trivial to 

simulate. 

• Poorly designed augmentations may harm performance by distorting labels. 

 

5. Benchmarking and Fairness (1 mark) 

• Augmentation can artificially inflate performance. 

• For fair comparison, algorithms must be benchmarked using the same augmentation 

scheme. 

• Otherwise, improvements may come from augmentation, not from the core algorithm. 
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1. Apply the concept of L2 Regularization (Weight Decay) to derive the modified weight update rule and 

closed-form solution for Linear Regression, and explain how the regularization parameter α influences 
the learned weights.             10m 
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2. Apply the concept of L1 regularization to a linear regression model and explain its effect on weights. 

Support your answer with relevant equations and comparison with L2 regularization. (10 Marks) 
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3. Apply noise injection techniques to a neural network model and demonstrate how they 

improve noise robustness. Include the cases of noise applied to inputs, hidden units, 

weights, and output targets. Derive the equivalent regularization term for weight noise in 

the linear regression setting and explain the effect on model stability.   10m 
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4. Construct explanations for Semi-Supervised Learning and Multi-Task Learning in deep learning. For each, 

describe the key principles, the role of labeled/unlabeled data or shared/task-specific parameters, and 

explain how they improve generalization. Include relevant equations or representations where 

applicable.    10m 
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(refer to textbook) 

 

5. Develop a detailed answer explaining Parameter Tying and Parameter Sharing in deep learning. 

Emphasize how these techniques help in reducing memory usage and improving model generalization. 

10 m 
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explain the equation as well  

 

 

6. Develop a clear explanation of how machine learning optimization differs from pure optimization. 

Explain the concept of Empirical Risk Minimization (ERM) and describe why deep learning optimizes 

surrogate cost functions instead of the true risk.    10m 
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7. Apply your knowledge of Stochastic Gradient Descent (SGD) to explain its algorithm, learning rate 

schedule, convergence conditions, differences from batch gradient descent, and practical advantages for 

large datasets.          10 m 

 

 

(refer to textbook for algorithm) 

VTUSYNC.IN

Studied smart, not hard — thanks to VTUSync.innotesforvtu.in

https://vtusync.in
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8. Make use of the momentum method to explain Stochastic Gradient Descent (SGD) with key equations 

and its practical implications in training large datasets.    10m 
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(refer the fig in text book )

 
9. Make use of the concept of convolution to explain its operation in neural networks, including 1-D and 2-

D convolution, the role of input, kernel and feature map, and the difference between convolution and 

cross-correlation      10m 
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(refer textbook ) 

 

10. Build a conceptual understanding of how convolution and pooling operations function as infinitely 

strong priors that determine local interactions and translation properties in CNNs.   10m 
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11. Construct a conceptual explanation of how convolutional networks can be utilized to generate 

structured outputs such as pixel-wise labeling in images, highlighting the role of recurrent convolutional 

networks in refining label predictions.   10m 
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12. Utilize your understanding of convolutional networks to explain how they handle different data types 

and variable-sized inputs    10m 
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13. Build a comprehensive understanding of the historical development of convolutional networks, 

highlighting their early applications, successes, and contributions to modern deep learning. Discuss their 

advantages over fully connected networks and their role in processing structured data.      10m 

 

 

Content Points Expected Answer / Explanation Marks 

1. Introduction to Convolutional 

Networks in Deep Learning History 

- Convolutional networks (CNNs) were key in early deep 

learning success.  

- Inspired by insights from the brain, leading to specialized 

architectures for grid-structured data (images, etc.). 

2 

2. Early Applications and 

Commercial Success 

- AT&T in 1990s: CNNs for reading checks.  

- NEC deployed the system processing >10% of US checks by 

the end of 1990s. 

 - Microsoft OCR and handwriting recognition systems using 

CNNs (Simard et al., 2003). 

2 

3. Success in Competitions 

- CNNs used in multiple contests before major commercial 

impact. 

 - Krizhevsky et al., 2012: CNNs won ImageNet object 

recognition challenge, sparking current commercial interest in 

deep learning. 

1 

4. Advantages over Fully Connected 

Networks 

- CNNs are computationally efficient: easier to run multiple 

experiments, tune hyperparameters.  

- Allowed training of larger networks successfully with limited 

hardware at the time.  

- Better suited for grid-structured data than fully connected 

networks. 

2 

5. Contribution to Modern Deep 

Learning 

- Paved the way for acceptance of neural networks.  

- Specialized neural networks for images (2D grid topology).  

- Led to development of other specialized networks (e.g., RNNs 

for sequential data). 

2 

6. Summary / Key Insights 

- CNNs bridged early neural network research to modern deep 

learning. 

 - Remain at the forefront of image-based applications. 

 - Played a critical role in shaping deep learning research and 

deployment. 

1 

 

14. Utilize the concepts of sparse interactions, parameter sharing, and equivariant representations to 

explain how convolutional networks improve computational efficiency and handle variable-sized 

inputs. 10 m  

 

•  Sparse Interactions (Sparse Connectivity / Sparse Weights) 

• In traditional neural networks, every output unit interacts with every input unit → requires m × n 

parameters and O(m × n) computation. 

• Convolution uses kernels smaller than the input (e.g., detecting edges in an image) → reduces 
parameters to k × n (k ≪ m). 
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• Improves memory efficiency and statistical efficiency while reducing computation. 

• Figures Reference: Figure 9.2 (viewed from below) and Figure 9.3 (viewed from above) illustrate 

sparse connectivity. 

• Deep layers can indirectly connect to more of the input (Figure 9.4), allowing complex interactions to be 

constructed from simple sparse blocks. 

•  Parameter Sharing (Tied Weights) 

• Same parameter is used across different positions in the input → reduces storage further. 
• Instead of learning separate parameters for each location, one kernel is shared. 

• Reduces parameters from k × n to just k parameters, while maintaining O(k × n) computation. 

• Figure Reference: Figure 9.5 shows parameter sharing in a convolutional network versus a fully 

connected network. 

•  Equivariant Representations 

• A function is equivariant if a transformation in input results in the same transformation in output. 

• Convolution ensures translation equivariance: 

o Shifting an object in the input shifts the feature map by the same amount. 

o Useful for images and time series (e.g., detecting edges, patterns, or events regardless of 

position). 

• Limitation: Convolution is not naturally equivariant to scale or rotation → additional mechanisms 
required for these transformations. 

•  Handling Variable-Sized Inputs 

• Traditional fully connected networks require fixed-size input, limiting flexibility. 

• Convolutional networks can process inputs of different sizes: 

o Kernel is applied repeatedly across input → output size adjusts accordingly. 
o Can be combined with pooling layers (e.g., adaptive pooling) to produce fixed-size outputs if 

needed. 

• Figure Reference: Figure 9.6 illustrates the efficiency improvement using sparse connectivity and 

parameter sharing. 

•  Summary / Practical Advantages 

• Convolutional networks reduce computation and memory compared to fully connected networks. 

• Leverage local structure in data efficiently. 

• Enable translation equivariance → detect features regardless of location. 
• Can process variable-sized inputs → flexible for images, audio, and video data. 
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1. Utilize the idea of unfolding to show how a recurrent equation becomes an unfolded 

computational graph. Use equations and Figures to support your answer. (10 Marks) 
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2. Apply the equations  to show how an RNN works at each time step. Explain how the 

hidden state is updated, how the output is made, and how the total loss for the whole 

sequence is calculated. (10 Marks) 
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3. Apply your understanding of teacher forcing and output-recurrence RNNs to explain 

how the model works during training and testing. Identify why teacher forcing is 

needed, apply the maximum-likelihood equations, and explain how the absence of 

hidden-to-hidden recurrence affects learning and prediction.  (10marks) 
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4. Apply your understanding of RNNs as directed graphical models to model how an RNN 

represents the probability of a sequence. Identify how hidden states help reduce 

parameters, and explain how an RNN decides when to stop generating a sequence. 

 

VTUSYNC.IN

Studied smart, not hard — thanks to VTUSync.innotesforvtu.in

https://vtusync.in


 

 

VTUSYNC.IN

Studied smart, not hard — thanks to VTUSync.innotesforvtu.in

https://vtusync.in


 

 

 

 

 

 

5. Model how a Bidirectional RNN uses both past and future information to make 

predictions. Explain how this approach can be extended to process 2-D inputs such as 

images. (10 marks) 
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6. Construct an Encoder-Decoder (Sequence-to-Sequence) RNN model and explain how it 

maps a variable-length input sequence to a variable-length output sequence. Apply 

the architecture to real-world tasks like machine translation or speech recognition, 

and explain the limitation of fixed-size context vectors and the motivation for 

attention mechanisms.  10 Marks 
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7. Explain how a Recursive Neural Network (RecNN) forms outputs from  input sequence, make 

use of figures to support your answer. Also identify why RecNNs can handle long-term 

dependencies better than RNNs and select suitable tree structures for different applications.   

(10 marks) 
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8. Utilize your understanding of LSTM-based gated RNNs to explain how gating 

mechanisms (input, forget, and output gates) control information flow through time. 

Identify the role of each gate using Figure 10.16 and construct the state-update 

process showing how LSTM prevents vanishing/exploding gradients. (10 Marks) 
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9. Organize the main steps involved in breaking raw text into sentence-level and word-

level tokens, and illustrate each step with simple examples.  (10marks) 
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10.  Utilize NLTK to preprocess a given sentence by removing stop words and punctuation, 

and then apply stemming to the remaining words. Illustrate your steps with a simple 

example sentence. (10m) 
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11. Construct a workflow to detect and process n-grams in a text corpus, explaining how 

bigrams and trigrams are identified and handled with examples. (10 marks ) 
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12. Construct a fully preprocessed corpus from the Project Gutenberg dataset by 

explaining the key preprocessing steps and bigram detection process. Illustrate your 
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answer with relevant examples and figures from the content.  (10m) 
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