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Internal Assessment Test II Set-3 – Nov/Dec 2025 

Sub: Deep Learning Sub Code: BCS714A Branch ISE 

Date: 02.12.2025 Duration: 90 min’s Max Marks: 50 Sem/Sec: VII/ A, B, C OBE 

Answer any FIVE questions MARKS CO RBT 

1 
Explain the algorithms with adaptive learning rates AdaGrad, RMSProp, and Adam with suitable 

explanations. 
10 CO2 L2 

2 Explain the concept of L2 parameter regularization in deep learning in detail 10 CO2 L2 

3 Discuss how Sparse Representations help in improving model efficiency and generalization. 10 CO2 L3 

4 
Write a note on Computing the Gradient in a Recurrent Neural Network 

Write a short note on Bidirectional Recurrent Neural Networks with examples. 

7 

3 
CO4 L2 

5 
Explain the Encoder–Decoder Sequence-to-Sequence architecture with a neat diagram and its 

applications. 
10 CO4 L2 

6 What are Recursive Neural Networks? Describe their working principle with an example 10 CO4 L2 
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1 

Explain the algorithms with adaptive learning rates AdaGrad, RMSProp, and Adam with suitable 

explanations. 

• Learning rate is one of the most difficult and most important hyperparameters in neural 

networks. 

• Deep networks have different sensitivity in different parameter directions → some 

directions require small steps, others can tolerate larger steps. 

• Momentum helps but adds another hyperparameter. 

• Motivation: instead of one global learning rate, use separate learning rates per parameter 

and adapt them during training. 

• Idea: if a parameter’s gradient keeps the same sign, the learning rate for that parameter 

should increase; 

• if the gradient changes sign, learning rate should decrease. 

• Early approach: Delta-bar-delta (Jacobs, 1988) — adaptive learning rate heuristic, works 

only for full-batch optimization. 

• Modern methods: mini-batch-based adaptive learning algorithms that adjust learning rates 

automatically 

   AdaGrad 

• AdaGrad adapts learning rates per parameter. 

• Learning rate for each parameter is scaled by: 

• Inverse square root of the sum of past squared gradients. 

   Effect: 

• Parameters with large gradients → learning rate decreases fast. 

• Parameters with small gradients → learning rate decreases slowly. 

   Result: more progress in gently sloped directions of parameter space. 

• In convex optimization, AdaGrad has strong theoretical guarantees. 

• In deep learning, AdaGrad can shrink learning rates too much, too early (due to 

accumulating squared gradients), slowing training. 

• Works well for some deep models but not consistently for all. 

 

 
 

   RMSProp 

• RMSProp (Hinton, 2012) is a modification of AdaGrad for non-convex optimization (like 

deep networks). 

• Key change: instead of summing all past squared gradients (AdaGrad), RMSProp uses an 

exponentially decaying moving average of squared gradients. 

• AdaGrad's learning rate shrinks too much because it accumulates all past gradients. 

• Neural networks often move through many regions before reaching a local convex region. 

 

10 CO2 L2 



 

    
 

 Adam 

     
 

2 

Explain the concept of L2 parameter regularization in deep learning in detail 

 
• In machine learning, a penalty is an extra cost added to the loss function to discourage 

the model from becoming too complex or overfitting the training data. 

                
• One of the simplest and most common kinds of parameter norm penalty: the L2 parameter 

norm penalty, commonly known as weight decay. 

• L2 parameter norm penalty means we measure the size of the weights using the squared 

Euclidean norm 

• looking at weight decay regularization (L2 regularization). The idea is to add a penalty 

proportional to the sum of squared weights. 

• Here, the model is simplified by: 
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• The approximation Jˆ is given by 

•  
• H is the Hessian matrix of J with respect to w evaluated at w∗. 

• The minimum of Jˆ occurs where its gradient  is equal to 0 

•                      
• To study the effect of weight decay, we modify the above equation by adding the weight 

decay gradient. We use the variable w˜ to represent the location of the minimum 

•                        

•              



•  

                                                         
An illustration of the effect of L2 (or weight decay) regularization on the value of the optimal w 

                
 

3 

 Discuss how Sparse Representations help in improving model efficiency and generalization. 

• Weight decay penalizes model parameters directly. 

• Another approach: penalize neural activations to encourage sparse activations. 

• This enforces sparsity in representations, not necessarily in weights. 

• L1 regularization → sparse parameters (many weights become zero). 

• Representational sparsity → many units/activations become zero. 

 These two types of sparsity are different: 

             Parameter sparsity = sparse weights 

             Representation sparsity = sparse feature activations 

• A simplified view of this distinction can be illustrated in the context of linear regression 
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4 

Write a note on Computing the Gradient in a Recurrent Neural Network 

• Computing the gradient through a recurrent neural network is straightforward. 

• Gradients obtained by back-propagation may then be used with any general-purpose 

gradient-based techniques to train an RNN. 

• We start the recursion with the nodes immediately preceding the final loss 
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Write a short note on Bidirectional Recurrent Neural Networks with examples. 

          

      
 

5 

Explain the Encoder–Decoder Sequence-to-Sequence architecture with a neat diagram and its 

applications. 
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   We train RNNs to map an input sequence to an output sequence of different lengths. 

• Applications: speech recognition, machine translation, question answering. 

• Input sequence is called the context. 

• Model learns a context representation CCC that summarizes the input sequence X. 

• CCC can be a vector or a sequence of vectors representing the input information. 
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What are Recursive Neural Networks? Describe their working principle with an example 
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