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Long Short-Term Memory 
Networks

Eva Alejo-Alvarez

Basic Recurrent Neural Network (RNN)
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RNN are difficult to train using gradient 
descent (1997)

|M’|<1

Constant Error Flow Constant Error Carrousel

https://www.researchgate.net/publication/301404520_Predictin
g_Polarities_of_Tweets_by_Composing_Word_Embeddings_with
_Long_Short-Term_Memory/citation/download
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LSTM block 

https://commons.wikimedia.org/wiki/File:Long_Short-
Term_Memory_cell,_1997_version.png

-Original architecture constructed by Sepp Hochreiter and Jurgen 
Schmidhuber
- Why input/output gates?
-h and g function
-internal state 𝑆

-weights (w)

Both input and output gate
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1999 Vanilla LSTM block

Van Houdt, Greg & Mosquera, Carlos & Nápoles, Gonzalo. (2020). A Review on the Long 
Short-Term Memory Model. 

-Forget Gate

https://medium.com/nerd-for-tech/what-is-lstm-peephole-lstm-and-gru-
77470d84954b
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2022 LSTM used as a classifier for  Generic Data

2022: LSTM used for Speech Intelligibility
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Limitations

https://www.mdpi.com/1996-1073/13/22/6121

Conclusion/Final Thoughts
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Simulating Self-

Driving Cars with 

CNN and RL

The Challenges of 
Self-Driving Car 

Simulation
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What are 
CNNs and How 
are they Used 
?

ADVANTAGES 
OF CNNS IN 
SELF-DRIVING 
CAR 
SIMULATION

CNNs are capable of learning and recognizing 
complex visual patterns, making them well-
suited for tasks such as object detection, lane 
tracking, and pedestrian detection in self-
driving car simulations.

n°1

CNNs can efficiently process large amounts of 
visual data in real-time, which is essential 
for self-driving car simulations where rapid 
decision-making is critical for safe operation.

n°2
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WHAT IS RL AND HOW IS IT USED ?

Benefits of RL 

in Self-Driving 

Car 

Simulation
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DATA COLLECTION FOR SELF-
DRIVING CAR SIMULATION

OPEN.AI GYM 
CAR RACING 
ENVIRONMENT 
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TRAINING THE 
CAR AGENT IN 
THE CAR 
RACING 
ENVIRONMENT

Testing and 

Validation
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CURRENT RESEARCH 
AND INNOVATIONS IN 
SELF-DRIVING CAR 

The Future of Self-

Driving Car  and Its 

Potential Impact on 

Society
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Convolutional Neural Networks
Applications in Deep Learning

Gian Gutierrez Demichelli

● The report reviews nine significant articles in the advancement of Convolutional Neural
Networks (CNNs) and their applications in deep learning for computer vision tasks.

● The first three articles focus on the development of deep CNN architectures, including AlexNet, VGGNet, and
ResNet, which have achieved state-of-the-art results in image classification.

● The next three articles explore CNN applications in semantic segmentation, object detection, and generative

models, showcasing the versatility and power of CNNs for a wide range of computer vision problems.

● The last three articles discuss visualization techniques for interpreting CNN behavior and
innovations in architectural design, such as densely connected convolutional networks.

Introduction to CNN

● Convolutional Neural Networks (CNNs) are a type of neural network that have transformed the field of computer vision,

particularly for image processing tasks like object recognition and segmentation.

● The architecture of a CNN is designed to process data with multiple channels, such as images represented as matrices of RGB

values.

● The key component of a CNN is the convolutional layer, which applies filters or kernels to extract important features from

the input data.

● Recent advances in CNN research, including dense connectivity and generative modeling, have led to increased accuracy and

reduced computational complexity in various computer vision tasks.
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ImageNet Classification with Deep 
Convolutional Neural Networks

● The article presents a deep learning model based on convolutional neural networks (CNNs) for image classification on the ImageNet

dataset.

● The model, called AlexNet, consists of 5 convolutional layers and 3 fully connected layers, with a total of 60 million parameters.

● AlexNet achieved state-of-the-art performance on the ImageNet classification task, with a top-5 error rate of 15.3% (compared to

26.2% for the previous best method).

● The success of AlexNet demonstrated the potential of deep learning models and CNNs in particular for a range of computer vision
tasks.

Very Deep Convolutional Networks for Large-
scale Image recognition

● The article presents a novel architecture for image classification, called Very Deep Convolutional
Networks (VGG), that achieves state-of-the-art results on the ImageNet dataset.

● VGG consists of convolutional layers with small filters (3x3), followed by max-pooling layers and fully connected layers. The

authors experiment with different depths of the network and find that increasing the depth improves the accuracy of the model.

● The authors also analyze the effect of different hyperparameters, such as filter size and stride, on the performance of the model. They find

that using small filters and a stride of 1 improves the accuracy of the model.

● Finally, the authors demonstrate the generalizability of the model by transferring it to other tasks, such as object localization

and detection, and achieving state-of-the-art results on these tasks as well.
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Deep Residual Learning for Image Recognition.

● The article presents a new architecture called Very Deep Convolutional Networks (VGG) for image classification tasks

on the ImageNet dataset.

● The VGG architecture uses a series of convolutional layers with small 3x3 filters and max pooling layers, followed by fully
connected layers.

● The authors experimentally demonstrate that increasing the depth of the network leads to improved accuracy on the

ImageNet dataset, surpassing previous state-of-the-art results.

● The VGG network achieves top-5 classification accuracy of 92.0% on the ImageNet dataset, outperforming all

other submissions to the 2014 ImageNet competition.

Going Deeper with Convolutions

● The article proposes a deep convolutional neural network (CNN) architecture called GoogLeNet, which achieved state-of-the-art
performance on the ImageNet dataset in 2014.

● GoogLeNet uses a novel module called an inception module, which performs multiple convolutions at different scales and

concatenates their outputs, allowing for efficient use of computation resources.
● The authors also introduce the concept of auxiliary classifiers, which are inserted into the network to encourage intermediate features

to be informative, leading to better performanceand faster convergence.

● GoogLeNet was able to achieve significantly higher accuracy on ImageNet while using fewer
parameters than previous models, demonstrating the effectiveness of the proposed architecture.
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Fully Convolutional Networks for Semantic 
Segmentation.

● The article proposes the use of Fully Convolutional Networks (FCNs) for semantic segmentation, which involves assigning a class
label to every pixel in an image.

● The FCNs use convolutional layers to produce a dense output map that predicts the class of each pixel, and they are trained end-to-end

using backpropagation.

● The authors show that their FCNs outperform previous state-of-the-art methods on the PASCAL VOC 2011 dataset for

semantic segmentation, and they demonstrate the effectiveness of their approach on other datasets as well.

● The article also discusses several variations of the FCN architecture, including the use of skip connections to combine low-level
and high-level features, and the use of a multi-scale approach to improve segmentation accuracy.

Generative Adversarial Nets

● The paper proposes a new method for generative modeling calledGenerative Adversarial Networks (GANs),
which consists of two neural networks: a generator network and a discriminator network.

● The generator network takes as input a random noise vector and generates a sample, while the discriminator network takes a sample (either

from the generator or from the real data) and determines whether it is real or fake.

● The two networks are trained in an adversarial process where the generator tries to generate samples that can fool the

discriminator, and the discriminator tries to correctly distinguish real samples from fake ones.

● The authors show that GANs can generate realistic images, and they demonstrate the potential of GANs for various

applications, such as image and speech synthesis, and unsupervised representation learning.
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Visualizing and Understanding Convolutional 
Networks

● The article discusses techniques for visualizing and understanding the inner workings of Convolutional Neural

Networks (CNNs).

● The authors propose a method called "deconvolutional networks" for visualizing the feature maps learned by CNNs,

which can help identify the patterns and features that the network is detecting.

● The article also explores techniques for visualizing the importance of different input regions to the network's output, as well as techniques

for identifying "neuron activations" that correspond to specific object categories.

● The authors demonstrate the effectiveness of their visualization techniques on several different image classification tasks, showing how the

insights gained from visualization can lead to improved performance and better understanding of CNNs.

Rich feature hierarchies for accurate object 
detection and semantic segmentation

● The article proposes a method for object detection and semantic segmentation using a Convolutional Neural Network (CNN).

● The method involves using a deep hierarchy of convolutional layers to extract increasingly abstract features from the input

image.

● The authors use a region proposal algorithm to identify potential object locations in the image, which are then classified and
refined using the CNN.

● The proposed method outperforms previous state-of-the-art methods on the PASCAL VOC object detection and segmentation

benchmarks.
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Densely Connected Convolutional Networks

● The article proposes a new type of neural network architecture calledDensely Connected Convolutional
Networks (DenseNet).

● DenseNet connects each layer to every subsequent layer in a feed-forward fashion, promoting feature reuse and

reducing the number of parameters.

● DenseNet achieves state-of-the-art results on several benchmark datasets for image classification, detection, and segmentation tasks.

● The authors also demonstrate the transferability of DenseNet to other computer vision tasks,
including object detection and semantic segmentation.

Conclusions

● CNNs are an essential tool in deep learning, particularly in image and video processing, and have been used in

various applications such as image recognition, semantic segmentation, and object detection.

● Significant breakthroughs have been made in image recognition using CNNs, with models such as ImageNet

classification, very deep convolutional networks, and deep residual learning setting new benchmarks for accuracy.

● CNNs have also been used for generative tasks, such as generating new samples similar to the training data using generative

adversarial networks.

● Techniques have been developed for visualizing the features learned in CNNs, providing insights into how these
networks work and what they learn.
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Training Strategies for Language Models
Tom Horvath

• Language Model: probability distribution for sequences of words

• Bayes’ Theorem:

• Goal: predict the next token, given context B

• Perplexity: average degree of uncertainty for the next token

Language Models
Motivation

• Speech recognition

• Text classification

• Optical text recognition

• Language translation

• Superintelligent chatbots?
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Language Models
Computational Complexity

• Training a recurrent neural network: 

I×W×(H×H + H×V)

V - size of vocabulary
H - size of hidden layer
W - number of tokens in the training set
I - number of training epochs before convergence

• Goal: minimize

Language Models
Training Algorithm

• Repeat until convergence:

• 1. Select a random subset of training data and shuffle

• 2. Train for one epoch

• 3. Evaluate performance using development data

• Technique: stochastic gradient descent with online update of weights
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Language Models
Reducing Computational Complexity

• Reduction of Training Epochs

• Reduction of Number of Training Tokens

• Reduction of Vocabulary Size

• Reduction of Size of the Hidden Layer

• Parallelization

Language Models
Reduction of Training Epochs

• As of 2011:

• 10-50 training epochs needed before convergence

• 2011 paper:

• 7 training epochs enough for good performance when data is sorted by 
complexity

• Main ideas:

• Automatic data selection and sorting

• Incremental learning: learn simpler patterns first
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Language Models
Reduction of Number of Training Tokens

• In-domain data: what we are targeting

• Out-of-domain data: helps improve performance, but low weight in final 
model

• Main ideas:

• Random subsampling of out-of-domain data at the start of each epoch

• Simple subsampling techniques can cause significant performance 
degradation

• Advanced subsampling techniques improve performance

Language Models
Reduction of Vocabulary Size

• Recall: I×W×(H×H + H×V)

• H×V is huge

• 2011 paper:

• H: 100-500 neurons

• V: 50,000-300,000 words

• Main ideas:

• Shortlist of top words causes performance degradation

• Assign a class to each word (~ hundreds of classes), use top classes for shortlist
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Language Models
Reduction of Size of the Hidden Layer

• Choose a small size for H

• Problem: final LM performance suffers

• Maximum entropy model: similar to neural network model with no hidden layer

• Main ideas:

• Train the neural network model together with maximum entropy model

• Use a hash-based implementation of a maximum entropy model

Language Models
Parallelization

• Divide computation between several CPUs or GPUs

• Problem: does not reduce algorithmic complexity

• Main ideas:

• Architecture-specific optimization problem

• Many of the required matrix computations can be done in parallel
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Language Models
Conclusion

• Language models perform next-token prediction

• Vast amount of training data is usually available

• Training can be computationally expensive

• Final performance of a language model varies with training strategy

• We need effective training strategies to train complex language models

Language Models
Takeaways

• Efficiency matters

• Minor changes can make a significant difference

• Parallels between neural networks and the human brain

• Could progress in this field help improve human education or performance?
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Why CNN?

- LeCun 2015: “This success came from the efficient use of GPUs, ReLUs, a new 
regularization technique called dropout, and techniques to generate more 
training examples by deforming the existing ones.”

- Advancements in hardware, algorithms, and dataset availability
- Hardware: 

- Farabet, C. et al. Large-scale FPGA-based convolutional networks. In 
Scaling up Machine Learning: Parallel and Distributed Approaches (eds 
Bekkerman, R., Bilenko, M. & Langford, J.) 399–419 (Cambridge Univ. 
Press, 2011).

- Sparsity:
- Glorot, X., Bordes, A. & Bengio. Y. Deep sparse rectifier neural networks. In 

Proc. 14th International Conference on Artificial Intelligence and 
Statistics 315–323 (2011).

Hardware advancements - Parallel processing
- FPGA programming for parallel 

convolutions
- Dedicated hardware units

- Block RAM
- Direct Memory Access (DMA) 

controller
- Multiplier-Accumulate (MAC) unit

- Dataflow architecture
- Adams 1969, alternative to Von 

Neumann 
- Data becomes processed as it 

arrives
- Less RAM needed
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Farabet et al, 2011: Overview

- By notable researchers in the AI field from Google DeepMind and Swiss AI Lab 
IDSIA

- Presents scalable hardware architecture for computer vision oriented CNNs
- Paper uses CNN concepts presented in class
- GPUs

- exceptional ratio of computing power to price
- high power consumption: 40 W to 200 W per unit

Farabet et al, 2011: CNN Application

- SIFT (Lowe, 2004)
- Scale-Invariant Feature Transform algorithm
- detecting and describing local features in images
- “...composed of filter banks (oriented edge detectors at multiple scales) 

followed by nonlinearities (winner-take-all) and pooling 
(histogramming)”

- used for tasks such as object recognition, image matching, and 3D 
reconstruction

- Lowe 2004, Fig. 13
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Farabet et al, 2011: Results and Implication

- Can be used in robotics, micro-
robotics, drones, sensors, 
phones

- Less power draw, but 
manufacturing may be more 
expensive 

Farabet et al, 2011: Critique

- Does not discuss implications in depth, aside from mentions of applications 
powered by computer vision

- No discussion of limitations or challenges with implementing the hardware
- Manufacturing or application challenges

- Missing comparison and analysis of the FPGA-based CNN
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Glorot et al, 2011: Overview

- Cited by LeCun 2015 as an implementation of deep supervised network without 
unsupervised pre-training

- Uses ReLU, which learns faster in networks with many layers
- During training, set a portion of the neurons to 0, which makes it harder to 

overfit
- Improves generalization

Glorot et al, 2011: Sparsity

- Pros
- Prevents overfitting

- Model memorizes training data and doesn’t generalize for test data
- Model is forced to focus on important features, becomes less sensitive
- Efficient

- Sparse representations’ efficiency is still exponentially greater, with 
the power of the exponent being the number of non-zero features

- Cons
- Less sensitive, so more difficult to train
- Sparsity might not be ideal for certain problems

55

56



5/15/2023

29

Glorot et al, 2011: Deep Sparse Rectifier Neural Network (DRN) - Image 
Data

- Unsupervised pre-training:
- Reconstruction

- Softplus activation function: L(x, θ) = ||x − log(1 + exp(f ( ̃x, θ)))||2

- For image data
- Image recognition:

- MNIST , CIFAR10, NISTP, NORB datasets
- 70-85% sparsity in hidden layers across all tested datasets 

Glorot et al, 2011: Deep Sparse Rectifier Neural Network (DRN) - Text 
Data

- Unsupervised pre-training:
- Reconstruction

- Sigmoid activation function: L(x, θ) = −x log(σ(f ( ̃x, θ))) −(1 − x) log(1 − σ(f ( ̃x, 
θ)))

- For text data
- Sentiment analysis:

- Restaurant reviews from www.opentable.com 
- RMSE decreases with additional hidden layers to DRN
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Glorot et al, 2011: Critique

- Datasets vs. real world applications
- Lack of reproducibility
- Sparsity cons for real world implications

- Real world handwriting may be too variable
- Generalizes and loses sensitivity

- Doesn’t compare results with other methods at the time

Conclusion

- Unsupervised learning
- Observing the world without labels

- Transformer model (Vaswani 2017)
- Learns context through relationships
- Attention:

- Assigns weights to each element to generate predictions
- Computer Vision:

- Methods to capture long-range dependencies
- Natural Language Processing:

- Process relationships between words with attention and long-range 
dependencies

- encoder/decoder model (parallel) makes it faster than RNN
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