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Deep Learning Introduction



Deep Learning Introduction

• Intro to Neural Networks

• Neural Network Basics

• Convolutional Neural Networks (CNNs)

• Recurrent Neural Networks (RNNs)



What is deep learning?

• Deep learning allows 
computational models that 
are composed of multiple 
processing layers to learn 
representations of data 
with multiple levels of 
abstraction. 

Famous deep learning Nature paper from 2015



Software
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Large datasets of human motion

• CMU-Panoptic
• http://domedb.perception.cs.cmu.edu/

• CMU-Mocap-DB
• http://mocap.cs.cmu.edu/

• HUMAN 3.6M
• http://vision.imar.ro/human3.6m/description.php

• HUMAN-EVA-I & II
• http://humaneva.is.tue.mpg.de/datasets_human_1

• http://humaneva.is.tue.mpg.de/datasets_human_2

http://domedb.perception.cs.cmu.edu/
http://mocap.cs.cmu.edu/
http://vision.imar.ro/human3.6m/description.php
http://humaneva.is.tue.mpg.de/datasets_human_1
http://humaneva.is.tue.mpg.de/datasets_human_2


Large datasets of human motion 
(Non-verbals)

• Trinity Speech-Gesture Dataset: https://trinityspeechgesture.scss.tcd.ie/

• Talking With Hands 16.2 M: 
https://github.com/facebookresearch/TalkingWithHands32M

• IEMOCAP: https://link.springer.com/article/10.1007/s10579-008-9076-6

• VOCASET: https://voca.is.tue.mpg.de/

• BEAT: https://pantomatrix.github.io/BEAT

• (more are mentioned in papers) 

https://paperswithcode.com/
https://paperswithcode.com/datasets

https://trinityspeechgesture.scss.tcd.ie/
https://github.com/facebookresearch/TalkingWithHands32M
https://link.springer.com/article/10.1007/s10579-008-9076-6
https://paperswithcode.com/
https://paperswithcode.com/datasets


Applications

• Computer Vision

• Speech Recognition

• Natural Language Understanding/Generation

• Computer Games

• Computer Animation

• Human-robot interaction

• Self-driving cars

• Recommender systems

• …



Computer Animation

Daniel Holden, Taku Komura, and Jun Saito. 2017. 
Phase-functioned neural networks for character
control. ACM Trans. Graph. 36, 4, Article 42 (July
2017)

Tero Karras, Timo Aila, Samuli Laine, 
Antti Herva, and Jaakko Lehtinen. 2017. 
Audio-driven facial animation by joint 
end-to-end learning of pose and
emotion. ACM Trans. Graph. 36, 4, 
Article 94 (July 2017)

https://www.youtube.com/watch?v=lDzrfdpGqw4

https://www.youtube.com/watch?v=Ul0Gilv5wvY

https://www.youtube.com/watch?v=lDzrfdpGqw4
https://www.youtube.com/watch?v=Ul0Gilv5wvY


Survey papers

• Bernhard Egger, William A. P. Smith, Ayush Tewari, Stefanie Wuhrer, Michael Zollhoefer, Thabo 
Beeler, Florian Bernard, Timo Bolkart, Adam Kortylewski, Sami Romdhani, Christian Theobalt, 
Volker Blanz, and Thomas Vetter. 2020. 3D Morphable Face Models—Past, Present, and Future. 
ACM Trans. Graph. 39, 5, Article 157 (October 2020), 38 pages. 

• L. Mourot, L. Hoyet, F. Le Clerc, F. Schnitzler, P. Hellier (2021) A Survey on Deep Learning for 
Skeleton-Based Human Animation Computer Graphics Forum

• Nyatsanga, S., Kucherenko, T., Ahuja, C., Henter, G.E. and Neff, M. (2023), A Comprehensive 
Review of Data-Driven Co-Speech Gesture Generation. Computer Graphics Forum, 42: 569-596.

• Nurziya Oralbayeva, Amir Aly, Anara Sandygulova, and Tony Belpaeme. 2023. Data-Driven 
Communicative Behaviour Generation: A Survey. J. Hum.-Robot Interact. Just Accepted (August 
2023). 



The Perceptron

• Building block of deep neural networks
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The Perceptron
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The Perceptron
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Common Activation Functions
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Why do we need activation functions? 

• To introduce non-linearities into the network

How to build a neural network to 
distinguish red and green points?
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Linear vs non-linear activation functions

Linear activations produce linear decisions no 
matter the network size

Non-linearities allow us to approximate 
arbitrarily complex functions

© MIT 6.S191: Introduction to Deep Learning
IntroToDeepLearning.com



Multi-output perceptron
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Single hidden layer neural network
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Single hidden layer neural network
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Deep Neural Network
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Example Problem
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Example Problem
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Example Problem
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Quantifying loss
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Empirical Loss
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Binary Cross Entropy Loss
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Mean Squared Error Loss
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Loss Optimization
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Loss Optimization
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Loss Optimization
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Loss Optimization
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Gradient Descent
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Gradient Descent
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Gradient Descent
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Computing Gradients: Backpropagation
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Computing Gradients: Backpropagation
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Computing Gradients: Backpropagation
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Computing Gradients: Backpropagation
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Computing Gradients: Backpropagation
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Training Neural Networks is Difficult

Hao Li, Zheng Xu, Gavin Taylor, Tom Goldstein, Visualizing the Loss Landscape of Neural Nets, 6th International Conference on Learning Representations, ICLR 2018
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Loss functions can be difficult to optimize
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Setting the learning rate

Small learning rates 
converges slowly and gets 
stuck in false local minima

Large learning rates 
overshoot, become unstable 
and diverge

Stable learning rates 
converge smoothly and avoid 
local minima
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Adaptive Learning Rates

• Design an adaptive learning rate that adapts to the landscape

• Learning rates are no longer fixed

• Can be made larger or smaller depending on:
• How large the gradient is

• How fast learning is happening

• Etc..
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Adaptive Learning Rate Algorithms

http://ruder.io/optimizing-gradient-descent/

Hinton’s Coursera lecture (unpublished)
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Gradient Descent
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Stochastic Gradient Descent
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Stochastic Gradient Descent
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Mini-batches

• More accurate estimation of gradient
• Smoother convergence

• Allows for larger learning rates

• Mini-batches lead to fast training
• Can parallelize computation + achieve significant speed increases on GPU’s
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Terminology

• Number of iterations: The number of times the gradient is estimated and the 
parameters of the neural network are updated using a batch of training instances

• Batch size: Number of training instances used in one iteration

• Mini-batch: When the total number of training instances N is large, a small 
number of training instances B<<N which constitute a mini-batch can be used in 
one iteration to estimate the gradient of the loss function and update the 
parameters of the network

• Epoch: It takes n = N/B iterations to use the entire training data once. That is 
called an epoch. The total number of times the parameters get updates is 
(N/B)*E, where E is the number of epochs. 

https://www.quora.com/What-are-the-meanings-of-batch-size-mini-batch-iterations-and-epoch-in-neural-networks



Three modes of gradient descent

• Batch mode: N=B, one epoch is same as one iteration.

• Mini-batch mode: 1<B<N, one epoch consists of N/B iterations.

• Stochastic mode: B=1, one epoch takes N iterations.



Setting Hyperparameters

CS231n: Convolutional Neural Networks



Setting Hyperparameters

CS231n: Convolutional Neural Networks



The Problem of Overfitting

High bias High variance
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High Bias vs High Variance

• High Bias (high training set error)
• Use a bigger network

• Try different optimization algorithms

• Train longer

• Try different architecture

• High Variance (high validation set error)
• Collect more data

• Use regularization

• Try different NN architecture

Coursera Deeplearning.ai on YouTube



Regularization

• What is it?

• Technique that constrains our optimization problem to discourage complex 
models

• Why do we need it?

• Improve generalization of our model on unseen data
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Regularization 1: Penalizing weights

• Penalize large weights using penalties: constraints on their squared
values (L2 penalty) or absolute values (L1 penalty)

• Neural networks have thousands (or millions of parameters)
• Danger of overfitting

UvA Deep Learning



Regularization 2:  Early Stopping
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Regularization 3: Dropout

© MIT 6.S191: Introduction to Deep Learning
IntroToDeepLearning.com



Regularization 4: Data Augmentation
• Adding more data reduces overfitting

• Data collection and labelling is expensive

• Solution: Synthetically increase training dataset

Krizhevsky et al., ImageNet Classification with Deep Convolutional Neural Networks, 2012
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Hyperparameters tuning

CS231n: Convolutional Neural Networks



Monitor and visualize the loss curve
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Monitor and visualize the accuracy

CS231n: Convolutional Neural Networks



Convolutional Neural Networks (CNNs):
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Using Spatial Structure
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Using Spatial Structure
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Feature Extraction with Convolution
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Feature Extraction and Convolution
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Features of X
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Filters to Detect X Features

© MIT 6.S191: Introduction to Deep Learning
IntroToDeepLearning.com



The Convolution Operation
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The Convolution Operation
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The Convolution Operation
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The Convolution Operation
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The Convolution Operation
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Producing Feature Maps
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CNNs for Classification
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Pooling
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Stride

CS231n: Convolutional Neural Networks



Convolution Layer
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Convolution Layer
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Convolution Layer
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Convolution Layer
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Convolution Layer
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Convolution Layer
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Human Pose Estimation

Johnson and Everingham, "Clustered Pose and Nonlinear Appearance Models for Human Pose Estimation", BMVC 2010
Toshev and Szegedy, “DeepPose: Human Pose Estimation via Deep Neural Networks”, CVPR 2014
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Human Pose Estimation
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Animation using Convolutions

Tero Karras, Timo Aila, Samuli Laine, Antti Herva, and Jaakko Lehtinen. 2017. Audio-driven
facial animation by joint end-to-end learning of pose and emotion. ACM Trans. Graph. 36, 4, 
Article 94 (July 2017)

https://www.youtube.com/watch?v=lDzrfdpGqw4

https://www.youtube.com/watch?v=lDzrfdpGqw4


Recurrent Neural Networks (RNNs)

© MIT 6.S191: Introduction to Deep Learning
IntroToDeepLearning.com



Why sequence models?
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Recurrent Neural Networks: Process Sequences

CS231n: Convolutional Neural Networks



Recurrent Neural Networks: Process Sequences
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Recurrent Neural Networks: Process Sequences
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Recurrent Neural Networks: Process Sequences
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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Recurrent Neural Network
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RNN: Computational Graph

CS231n: Convolutional Neural Networks



RNN: Computational Graph
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RNN: Computational Graph: Many to Many
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RNN: Computational Graph: Many to Many
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Backpropagation through time

CS231n: Convolutional Neural Networks
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Sepp Hochreiter and Jürgen Schmidhuber. 1997. Long Short-Term Memory. Neural Comput. 9, 8 (November 1997), 1735-1780
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RNN Procedural

A. Klein, Z. Yumak, A. Beij and A. F. van der Stappen. Data-driven Gaze Animation using Recurrent Neural Networks. ACM 
Siggraph Conference on Motion, Interaction and Games, October 2019 (Best Student Paper Award)



Music-driven Expressive Gestures

A. Bogaers, Z. Yumak, A. Volk. Music-Driven Animation Generation of Expressive Musical Gestures. ACM International Conference on Multimodal Interaction (ICMI 2020)



Data-driven Facial Animation

FaceXHuBERT: Text-less Speech-driven E(X)pressive 3D Facial Animation Synthesis Using Self-Supervised Speech Representation Learning, Kazi Injamamul Haque and Zerrin Yumak, 25th ACM International Conference on Multimodal Interaction, ACM ICMI 2023, 
Paris France (https://galib360.github.io/FaceXHuBERT) 

FaceDiffuser: Speech Driven 3D Facial Animation Synthesis using Diffusion, Stefan Stan, Kazi Injamamul Haque and Zerrin Yumak, ACM Siggraph Conference on Motion, Interaction and Games, MIG 2023, Rennes, France 
(https://uuembodiedsocialai.github.io/FaceDiffuser/)



References and Supplementary Material
• Deep Learning book: https://www.deeplearningbook.org/ 

• Coursera Deeplearning.ai on YouTube: 

• https://www.deeplearning.ai/courses/deep-learning-specialization/

• https://www.deeplearning.ai/courses/generative-adversarial-networks-gans-specialization/

• https://www.deeplearning.ai/courses/generative-ai-for-everyone/

• CS231N: Convolutional Neural Networks, Stanford University 

• http://cs231n.stanford.edu/schedule.html

• 6.S191: Introduction to Deep Learning, MIT

• http://introtodeeplearning.com/ 

• UU Pattern Recognition and Deep Learning

• UvA Deep Learning Course

https://osiris.uu.nl/osiris_student_uuprd/OnderwijsCatalogusSelect.do?selectie=cursus&cursus=INFOMPR&collegejaar=2021&taal=en
https://uvadl2c.github.io/


• Next lectures: 
• Motion Capture Tutorial

• Advanced Facial Animation and Deep Learning Tutorial

• Intermediary report deadline: 4th December 23:59


