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Architectures and Methods: 
Training Neural Networks

Deep Learning

Thanks to John Canny, Ian Goodfellow, Yoshua
Bengio, Aaron Courville, Efstratios Gavves, Kirill 
Gavrilyuk, Berkay Kicanaoglu, and Patrick Putzky
and many others for making their  materials 
publically available.

The present slides are mainly based on slides from John Canny
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Loop:
1. Sample a batch of data
2. Forward prop it through the graph, get loss
3. Backprop to calculate the gradients
4. Update the parameters using the gradient

Mini-batch SGD
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Partial and Total Derivatives
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Why Backprop?
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The Jacobians J are matrices of dimension nin x nout.
With a scalar loss, the last Jacobian is a vector.
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!"
!# = J& # J' ( J) *

We want:

J& J' J)

Two matrix-vector multiplies O(n2)

Why Backprop?
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!"
!# = J& # J' ( J) *

We want:

J& J' J)

First multiply O(n3)

Forwardprop?



Binnig, Fürnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning

Inspiration, and really only inspiration
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Inspiration
Attention Networks

Memory

Reinforcement Learning

Imitation/Apprenticeship Learning

Curriculum Learning

Transfer

Intrinsic Motivation
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Projects
Recommended projects can reproduce or go beyond the state-
of-the-art. Have your own ideas, talk to faculty members, check 
well-performing Tensorflow models, which are likely to be 
archived by Google.

https://medium.mybridge.co/30-
amazing-machine-learning-
projects-for-the-past-year-v-2018-
b853b8621ac7

https://github.com/jtoy/aw
esome-tensorflow

https://mltrain.cc/events/ni
ps-highlights-learn-how-to-
code-a-paper-with-state-of-
the-art-frameworks/
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Deep Reinforcement Learning
Minh et. al.: “Playing Atari with Deep Reinforcement Learning”. 
arXiv:1312.5602, 2013. 
Minh et. al.: “Human-level control through deep reinforcement 
learning”. Nature 518 (7540):529-533, 2015
Dataset: http://www.arcadelearningenvironment.org/

Deep networks and reinforcement
learning to play arcade games, 
sometimes even better than humans
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Sutskever,  Vinyals, Le: “Sequence to sequence learning with neural 
networks”. In Proceedings of the Conference in Neural Information 
Processing Systems (NIPS), 2014. 
http://arxiv.org/pdf/1406.1078v3.pdf 
Can build on a prototype implementation in Tensorflow Tutorials.
Support generation/embedding.
Datasets: Many: mentioned in papers

Sequence2sequence models
Learn to generate sequences given another sequence as input
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Machine Translation 
(Use sequence-to-sequence models + attention)

Luong, Pham, Manning: “Effective Approaches to Attention-based 
Neural Machine Translation”. In Proceedings of the Conference on 
Empirical Methods in Natural Language Processing (EMNLP), pp. 
1412-1421, 2015. http://aclweb.org/anthology/D15-1166
Datasets: see paper

Focus on what is important for machine translation, inspired by the
(visual) attention mechanism found in humans.
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End-To-End Memory Networks

Sukhbaatar, Szlam, Weston, Fergus:”End-to-end memory 
networks” In Proceedings of Conference in Neural Information 
Processing (NIPS), 2015. https://arxiv.org/abs/1503.08895
Dataset: https://research.facebook.com/research/babi/ 

They reason with inference components combined with a long-
term memory component and learn how to use these jointly.
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Variational AutoEncoders

Kingma, Welling: “Stochastic Gradient VB and the 

Variational Auto-Encoder” In Proceedings of the 

International Conference on Learning Representations 

(ICLR), 2014. http://dpkingma.com/wordpress/wp-

content/uploads/2014/10/iclr14_vae.pdf

Kusner, Paige, Hernández-Lobato: „Grammar

Variational Autoencoder“. arXiv:1703.01925, 

2017. https://arxiv.org/abs/1703.01925

Learning vector representations based on variational inference
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Inception/GooLeNet

Szegedy, Liu, Jia, Sermanet, Reed, Anguelov, 
Erhan, Vanhoucke, Rabinovich: “Going deeper 
with convolutions”. In Proceedings of the IEEE 
Conference on Computer Vision and Pattern 
Recognition (CVPR), 2015.

Dataset: CIFAR 10 or 100 or ImageNet

Deeper networks may perform better
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VGG: Oxford Group Network

Simonyan, Zisserman: “Very Deep 
Convolutional Networks for Large-Scale 
Image Recognition”. arXiv:1409.1556, 2015
https://arxiv.org/abs/1409.1556

Dataset is CIFAR 10 or 100 or ImageNet

Deeper networks may perform better
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Residual Networks

He, Zhang, Ren, Sun:. “Deep Residual 
Learning for Image Recognition” In 
Proceedings of the IEEE Conference on 
Computer Vision and Pattern Recognition 
(CVPR), 2016.
https://arxiv.org/abs/1512.03385

Easier training of networks that
are substantially deeper than
those used previously
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Fast R-CNN (Fast Region-based Convolutional Network)

Girshick: “Fast R-CNN” In Proceedings of the International 
Conference on Computer Visions (ICCV), 2015. 
https://arxiv.org/pdf/1504.08083.pdf

Datasets: Pascal VOC07

Faster training of deep networks for objects detection
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PixelRNN, PixelCNN, WaveNet

van den Oord et al: “WaveNet: A Generative Model for Raw 

Audio”. Proceedings of the 9th ISCA Speech Synthesis 

Workshop (SSW), 2016. https://arxiv.org/pdf/1609.03499.pdf

Dataset: VCTK (see paper)

Deep networks encoding probabilistic chain models for
generating output
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Probabilistic Deep Learning

21

Deep networks that now when they do not know

Peharz, Trapp, Vergari, Kersting, Seltzner, Ghahramani, 

Molina: “Probabilistic Deep Learning using Random 

Sum-Product Networks“ UDL@UAI, 2018.

Völker, Molina, Kersting: „Deep Notebooks: 

Sum-Product Networks reporting datasets“ In 

Preparation, BSc Thesis 2018 completed

Molina, Vergari, Stelzner, Peharz, Subramani, Poupart, Di 

Mauro, Kersting: “SPFlow: An Easy and Extensible Library for

Deep Probabilistic Learning using Sum-Product Networks“ 

arXiv:1901.03704, 2019] https://github.com/SPFlow/SPFlow

https://github.com/SPFlow/SPFlow
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But there are many, many more
Object detection and localization

SSD: Single shot multibox detector https://arxiv.org/abs/1512.02325
in Caffe here: https://github.com/weiliu89/caffe/tree/ssd

R-FCN: Object detection via region based fully convolutional networks:
https://arxiv.org/abs/1605.06409
Caffe code here: https://github.com/daijifeng001/caffe-rfcn

Semantic Segmentation:
SegNet: A Deep Convolutional Encoder-Decoder Architecture for Robust 
Semantic Pixel-Wise Labelling http://arxiv.org/abs/1505.07293
Code in caffe here: https://github.com/alexgkendall/caffe-segnet

Fully Convolutional Networks for Semantic Segmentation
https://arxiv.org/abs/1411.4038
In Caffe branch: https://github.com/BVLC/caffe

And also talk us and others at the CS department. There
are a number of deep learning projects going on
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Training Neural Networks 
A bit of history ...
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A bit of history

Frank Rosenblatt, ~1957: Perceptron

The Mark I Perceptron machine was the first 
implementation of the perceptron algorithm. 

The machine was connected to a camera that used 
20×20 cadmium sulfide photocells to produce a 400-
pixel image. 

recognized  letters of the alphabet

update rule:
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Widrow and Hoff, ~1960: Adaline/Madaline

A bit of history
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Rumelhart et al. 1986: First time back-propagation became popular

recognizable 
math

A bit of history
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[Hinton and Salakhutdinov 2006]

Reinvigorated research in 
Deep Learning

A bit of history
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First strong results
Context-Dependent Pre-trained Deep Neural Networks 
for Large Vocabulary Speech Recognition
George Dahl, Dong Yu, Li Deng, Alex Acero, 2010

Imagenet classification with deep convolutional 
neural networks
Alex Krizhevsky, Ilya Sutskever, Geoffrey E Hinton, 2012
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Overview:
How to train neural networks
1. One time setup

activation functions, preprocessing, weight 
initialization, regularization, gradient checking

2. Training dynamics
babysitting the learning process, 
parameter updates, hyperparameter optimization

3. Evaluation
model ensembles
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Activation Functions
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Activation Functions
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Sigmoid

tanh    tanh(x)

ReLU    max(0,x)

Maxout

ELU

Leaky ReLU
max(0.1x, x)

Activation Functions
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Sigmoid

• Squashes numbers to range [0,1] – can 
kill gradients.

• A key element in LSTM networks –
“control signals”

• Best for learning “logical” functions –
i.e. functions on binary inputs. 

• Not as good for image networks 
(replaced by RELU)

• Not zero-centered

Activation Functions



Binnig, Fürnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning

Consider what happens when the input 
to a neuron (x) is always positive …

What can we say about the gradients on w?
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What can we say about the gradients on w?
Always all positive or all negative :(
(this is also why you want zero-mean data!)

hypothetical 
optimal w 
vector

zig zag path

allowed 
gradient 
update 
directions

allowed 
gradient 
update 
directions

Consider what happens when the input 
to a neuron (x) is always positive …
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tanh(x)

• Squashes numbers to range [-1,1]

• Zero centered (nice)

• Still kills gradients when saturated :(

• Also used in LSTMs for bounded, signed 
values.

• Not as good for binary functions

[LeCun et al., 1991]

Activation Functions
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• Computes f(x) = max(0,x)

• Does not saturate (in +region)

• Converges faster than sigmoid/tanh on 

image data (e.g. ~6x)

• Not suitable for logical functions

• Not for control in recurrent nets

ReLU
(Rectified Linear Unit)

[Krizhevsky et al., 2012]

Activation Functions
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ReLU
(Rectified Linear Unit)

- Computes f(x) = max(0,x)

- Does not saturate (in +region)
- Very computationally efficient
- Converges much faster than 

sigmoid/tanh in practice (e.g. 6x)

- Not zero-centered output
- An annoyance:

hint: what is the gradient when x < 0?

Activation Functions
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ReLU 
gate

x

What happens when x = -10?
What happens when x = 0?
What happens when x = 10?
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DATA CLOUD
active ReLU

dead ReLU
will never activate 
=> never update
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DATA CLOUD
active ReLU

dead ReLU
will never activate 
=> never update

=> people like to initialize 
ReLU neurons with slightly 
positive biases (e.g. 0.01)
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Leaky ReLU

• Does not saturate

• Converges faster than sigmoid/tanh on 
image data(e.g. 6x)

• will not “die”.

Activation Functions [Mass et al., 2013]
[He et al., 2015]
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Leaky ReLU

• Does not saturate
• Converges faster than sigmoid/tanh on 

image data (e.g. 6x)
• will not “die”.

Parametric Rectifier (PReLU)

backprop into \alpha
(parameter)

[Mass et al., 2013]
[He et al., 2015]Activation Functions
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Exponential Linear Units (ELU)

• All benefits of ReLU

• Does not die

• Closer to zero mean outputs

[Clevert et al., 2015]Activation Functions
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Maxout “Neuron”

• Does not have the basic form of dot product -> nonlinearity
• Generalizes ReLU and Leaky ReLU
• Linear Regime! Does not saturate! Does not die!

Problem: doubles the number of parameters/neuron :(

[Goodfellow et al., 2013]
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TL;DR: In practice …

… try everything,  typically
• Use ReLU on early image layers.

• Try out Leaky ReLU / Maxout / ELU
• Use sigmoids for “logic” functions (click prediction, 

recommendation).

• Tanh – worth a try. Gives signed values that wont explode. 
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Data Preprocessing
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Step 1: Preprocess the data

(Assume X [NxD] is data matrix, 
each example in a row)
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In practice, you may also see PCA and Whitening of the data

(data has diagonal 
covariance matrix)

(covariance matrix is 
the identity matrix)

Step 1: Preprocess the data
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TL;DR: In practice for Images, 
center only

- Subtract the mean image (e.g. AlexNet)
(mean image = [32,32,3] array)

- Subtract per-channel mean (e.g. VGGNet)
(mean along each channel = 3 numbers)

e.g. consider CIFAR-10 example with [32,32,3] images

Not common to normalize 
variance, to do PCA or 
whitening
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Weight Initialization
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- Q: what happens when W=0 init is used?

Weight Initialization
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- First idea: Small random numbers 
(gaussian with zero mean and 1e-2 standard deviation)

Weight Initialization
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- First idea: Small random numbers 
(gaussian with zero mean and 1e-2 standard deviation)

Works ~okay for small networks, but can lead to non-
homogeneous distributions of activations across the 
layers of a network.

Weight Initialization
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E.g. 10-layer net with 
500 neurons on each 
layer, using tanh non-
linearities, and 
initializing as described 
in last slide.

Activation Statistics
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All activations 
become zero!

Q: think about the 
backward pass. What 
do the gradients look 
like?

Hint: think about backward 
pass for a W*X gate.
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Almost all neurons 
completely 
saturated, either -1 
and 1. Gradients will 
be all zero.

*1.0 instead of *0.01
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“Xavier initialization”
[Glorot et al., 2010]

Reasonable initialization.
(Mathematical derivation 
assumes linear activations)
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but when using the ReLU 
nonlinearity it breaks.
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He et al., 2015
(note additional /2)
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He et al., 2015
(note additional /2)
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Proper initialization is an 
active area of research…
Understanding the difficulty of training deep feedforward neural networks
by Glorot and Bengio, 2010
Exact solutions to the nonlinear dynamics of learning in deep linear neural 
networks 
by Saxe et al, 2013
Random walk initialization for training very deep feedforward networks
by Sussillo and Abbott, 2014
Delving deep into rectifiers: Surpassing human-level performance on ImageNet 
classification
by He et al., 2015
Data-dependent Initializations of Convolutional Neural Networks
by Krähenbühl et al., 2015
All you need is a good init
by Mishkin and Matas, 2015
…
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“you want unit gaussian activations? just make them so.”

consider a batch of activations at some layer. To 
make each dimension unit gaussian, apply:

this is a vanilla 
differentiable function...

Batch Normalization (BN) [Ioffe and Szegedy, 2015]
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“you want unit gaussian activations? 
just make them so.”

XN

D

1. compute the empirical mean and 
variance independently for each 
dimension.

2. Normalize

Batch Normalization (BN) [Ioffe and Szegedy, 2015]
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FC

BN

tanh

FC

BN

tanh

...

Usually inserted after Fully Connected / 
(or Convolutional, as we’ll see soon) 
layers, and before nonlinearity.

Problem: do we 
necessarily want a unit 
gaussian input to a tanh 
layer?

Batch Normalization (BN) [Ioffe and Szegedy, 2015]
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And then allow the network to squash 
the range if it wants to:

Note, the network can learn:

to recover the identity 
mapping.

Normalize:

Batch Normalization (BN) [Ioffe and Szegedy, 2015]
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- Improves gradient flow through the 
network

- Allows higher learning rates
- Reduces the strong dependence on 

initialization
- Acts as a form of regularization in a 

funny way, and slightly reduces the 
need for dropout, maybe

Batch Normalization (BN) [Ioffe and Szegedy, 2015]
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Note: at test time BatchNorm layer 
functions differently:

The mean/std are not computed based 
on the batch. Instead, a single fixed 
empirical mean of activations during 
training is used.

(e.g. can be estimated during training 
with running averages)

Batch Normalization (BN) [Ioffe and Szegedy, 2015]
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Babysitting the Learning Process
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(Assume X [NxD] is data matrix, 
each example in a row)

Step 1: Preprocess the data
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Step 2: Choose the architecture:
say we start with one hidden layer of 50 neurons:

input 
layer hidden layer

output layer
CIFAR-10 
images, 3072 
numbers

10 output 
neurons, one 
per class

50 hidden 
neurons
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Double check that the loss 
is reasonable:

returns the loss and the gradient 
for all parameters

disable regularization

loss ~2.3.
“correct “ for 
10 classes
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crank up regularization

loss went up, good. (sanity check)

Double check that the loss 
is reasonable:
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Lets try to train now…  

Tip: Make sure that you 
can overfit very small 
portion of the training 
data

The above code:
- take the first 20 examples from CIFAR-

10
- turn off regularization (reg = 0.0)
- use simple vanilla ‘sgd’
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Lets try to train now…  

Tip: Make sure that you 
can overfit very small 
portion of the training 
data

Very small loss, 
train accuracy 1.00, 
nice!



Binnig, Fürnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning

Lets try to train now…  

I like to start with small 
regularization and find 
learning rate that makes 
the loss go down.
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Lets try to train now…  

I like to start with small 
regularization and find 
learning rate that makes 
the loss go down.

Loss barely changing 
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Lets try to train now…  

I like to start with small 
regularization and find 
learning rate that makes 
the loss go down.

loss not going down:
learning rate too low

Loss barely changing: Learning rate is 
probably too low
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Lets try to train now…  

I like to start with small 
regularization and find 
learning rate that makes 
the loss go down.

loss not going down:
learning rate too low

Loss barely changing: Learning rate is 
probably too low

Notice train/val accuracy goes to 20% 
though, what’s up with that? (remember this 
is softmax)
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Lets try to train now…  

I like to start with small 
regularization and find 
learning rate that makes 
the loss go down.

loss not going down:
learning rate too low

Okay now lets try learning rate 1e6. What could possibly go 
wrong?
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cost: NaN almost always 
means high learning 
rate...

Lets try to train now…  

I like to start with small 
regularization and find 
learning rate that makes 
the loss go down.

loss not going down:
learning rate too low
loss exploding:
learning rate too high
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Lets try to train now…  

I like to start with small 
regularization and find 
learning rate that makes 
the loss go down.

loss not going down:
learning rate too low
loss exploding:
learning rate too high

3e-3 is still too high. Cost explodes….

=> Rough range for learning rate we 
should be cross-validating is somewhere 
[1e-3 … 1e-5]
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Hyperparameter Optimization
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Cross-validation strategy
I like to do coarse -> fine cross-validation in stages

First stage: only a few epochs to get rough idea of what params work
Second stage: longer running time, finer search
… (repeat as necessary)

Tip for detecting explosions in the solver: 
If the cost is ever > 3 * original cost, break out early
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For example: run coarse search  for 5 epochs

nice

note it’s best to optimize in 
log space!



Binnig, Fürnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning

Now run finer search...
adjust range

53% - relatively 
good for a 2-layer 
neural net with 50 
hidden neurons.
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adjust range

53% - relatively 
good for a 2-layer 
neural net with 50 
hidden neurons.

But this best cross-
validation result is 
worrying. Why?

Now run finer search...
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Random Search vs. Grid Search

Random Search for Hyper-Parameter 
Optimization
Bergstra and Bengio, 2012
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Hyperparameters to play with:

• network architecture
• learning rate, its decay schedule, update type
• regularization (L2/Dropout strength)

neural networks practitioner
music = loss function
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A cross-validation “command center”
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Optimal Hyper-parameters

From “Gradient-based Hyperparameter Optimization through 
Reversible Learning” Dougal et al., 2015

https://arxiv.org/abs/1502.03492
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Monitor and visualize the loss curve
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Loss

time
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Loss

time

Bad initialization
a prime suspect
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lossfunctions.tumblr.com
Loss function specimen
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lossfunctions.tumblr.com
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lossfunctions.tumblr.com
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Monitor and visualize the accuracy

big gap = overfitting
=> increase regularization strength?

no gap
=> increase model capacity?
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Track the ratio of weight updates / 
weight magnitudes:

ratio between the values and updates: ~ 0.0002 / 0.02 = 0.01 (about okay)
want this to be somewhere around 0.001 or so
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What have we learnt?

We looked in detail at:

• Activation Functions (use ReLU for images)
• Data Preprocessing (images: subtract mean)
• Weight Initialization (use Xavier init)
• Batch Normalization (use)
• Babysitting the Learning process
• Hyperparameter Optimization

(random sample hyperparams, in log space when appropriate)

TL;DRs
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TODO

Look at:

• Parameter update schemes
• Learning rate schedules
• Gradient Checking
• Regularization (Dropout etc)
• Evaluation (Ensembles etc)


