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E9:309 Advanced Deep Learning

Housekeeping
✴Midterm project II presentations 

➡Done during Dec. 29,31st (4-6pm)   

➡ Same format as previous evaluation 

✴Midterm project III  

➡Abstract submission deadline (Jan 10th) 

✓ Evaluation after final exam (1st week of Feb) 

✴ Final Exam (as per IISc schedule) 

✓ Jan 22nd afternoon!
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Topics Discussed thus far

Explainable/Interpretable  
Deep Learning

Visualizing deep layer 
activations using tSNE

Interepoch evolution of 
acvitations 

Backpropagation based 
approach - Deconv net

Establishing hierarchal 
representation learning

Using Global average 
pooling and 
interpolation

Using gradients from 
last layer 

AttentionTransferability Causal 
Inference

CAM

Grad-
CAM
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Adversarial attacks 
✴Understanding adversarial attacks 

✓ Allows explainability  

✓ Build defenses to these attacks
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Explainability with distillation 
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Knowledge distillation 
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Knowledge distillation 
✴Teacher models are complex large neural networks 

➡ Student models are typically lighter models. 

✴Useful in semi-supervised learning  

➡ Student model has to approximate outputs from a teacher model. 

✓ Also needs to learn from small amounts of labelled data.
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Knowledge distillation for explainability
✴Use a simpler explainable model for student model to approximate the 

deeper model 
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Knowledge distillation for explainability
✴Use a simpler explainable model for student model to approximate the 

deeper model. 

✴Use locality preservation as a criterion for sampling  

✓ Method - Local Interpretable Model Agnostic Representations  

✓ Explainability for each sample under consideration
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Local Interpretable Model Agnostic Representation
✴A possible interpretable representation for text classification is a binary 

vector indicating the presence or absence of a word, even though the 
classifier may use more complex (and incomprehensible) features such as 
word embeddings.  

✴ Likewise for image classification, an interpretable representation may be a 
binary vector indicating the “presence” or “absence” of a contiguous patch 
of similar pixels (a super-pixel), while the classifier may represent the 
image as a tensor with three color channels per pixel. 

✴ Let                     denote the original data                      be the interpretable 
representation 
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✴ Let              denote the set of interpretable models operating on 

✴ Let             denote a measure of complexity of the interpretable model 

➡ For linear classifiers               the complexity could denote the number of 
non-zero weights. 

✴ Let             denote original classifier  

➡ indicate the posterior probability of a particular class 

✴ Let              denote a kernel of proximity measure of sampling  

✓ denotes samples drawn in the vicinity of the data point 
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✴  Let                          denote loss function  

➡measure of approximation of function g with f 

✴The optimization function in LIME attempts to minimize  

➡Drawing samples around the current sample 

Local Interpretable Model Agnostic Representation
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✴ For example 

✴With                                             and  

✴ Solve the sparse optimization problem  

✓   

✓ Using LASSO style algorithm 
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Knowledge distillation for explainability
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LIME model - text example
✴Building sparse linear regression for each output class
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LIME model - Image example
✴Building sparse linear regression for each output class
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Identifying classification errors
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Future Research Directions 
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Future Research Directions 
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Topics thus far … 
• Visual and Time Series Modeling: Semantic Models, Recurrent neural models and LSTM 
models, Encoder-decoder models, Attention models. 

• Representation Learning, Causality And Explainability: t-SNE visualization, Hierarchical 
Representation, semantic embeddings, gradient and perturbation analysis, Topics in 
Explainable learning, Structural causal models. 

• Unsupervised Learning: Restricted Boltzmann Machines, Variational Autoencoders, 
Generative Adversarial Networks. 

• New Architectures: Capsule networks, End-to-end models, Transformer Networks. 

• Applications: Applications in in NLP, Speech, Image/Video domains in all modules. 
•
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Problem with current deep learning networks 
✴Convolutional neural networks with 

filtering and max pooling layers 

✓ Generate indicators of object 
parts 

✓ check the presence of object 
parts and confirm the object 
identity.  

✓ Often fails to understand the 
spatial relationship between 
object parts. 

Is this a face ?
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Capsule networks 
✴Traditional networks 

➡Weigh the inputs and generate a scalar output 

✴Key idea in capsule networks (neurons to capsules) 

✓ Move inidividual neuron outputs from scalar to vector  

✓ Encode the probability of presence of an attribute along the magnitude 
of the vector output  

✓ Encode the pose (translation + rotation) in the angle of the vector output 
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Neurons versus Capsules 


