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Recap Previous Lecture
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Outline
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• Application of ConvNets
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Activation Functions
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Activation Functions

SReLU (Shift Rectified Linear Unit)

max(-1, x)
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Activation Functions-Sigmoid function

• Squashes numbers to range [0,1]
• Historically popular since they have nice interpretation 

as a saturating “firing rate” of a neuron
• It has three problems:
① Saturated neurons “kill” the gradients
② Sigmoid outputs are not zerocentered
③ exp() is a bit compute expensive
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Activation Functions-Sigmoid function

• It has three problems:
① Saturated neurons “kill” the gradients
② Sigmoid outputs are not zerocentered
③ exp() is a bit compute expensive

What happens when x = -10?
What happens when x = 0?
What happens when x = 10?
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Activation Functions-Sigmoid function

• It has three problems:
① Saturated neurons “kill” the gradients
② Sigmoid outputs are not zerocentered
③ exp() is a bit compute expensive

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
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Activation Functions-tanh(x)

• Squashes numbers to range [-1,1]
• Zero centered (nice)
• Still kills gradients when saturated
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Activation Functions-ReLU

• 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?

ReLU
(Rectified Linear Unit)

[Krizhevsky et al., 2012]
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Activation Functions-ReLU
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Activation Functions-Leaky ReLU

• Does not saturate
• Computationally efficient
• Converges much faster than sigmoid/tanh in practice! 

(e.g. 6x)
• will not “die”.

[Mass et al., 2013]
[He et al., 2015]
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Activation Functions-ELU

• All benefits of ReLU
• Does not die
• Closer to zero mean outputs
• Computation requires exp()

Exponential Linear Units (ELU)

[Clevert et al., 2015]
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Activation Function-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.
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In practice

• Use ReLU. Be careful with your learning rates
• Try out Leaky ReLU / Maxout / ELU
• Try out tanh but don’t expect much
• Don’t use sigmoid
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Weight Initialization

• Q: what happens when W=0 init is used?
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Weight Initialization

• 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.
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Mini-batch SGD
• 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
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Training a neural network, main loop:
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SGD

• Suppose loss function is steep vertically but shallow 
horizontally:
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SGD

• Suppose loss function is steep vertically but shallow 
horizontally:
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Momentum update

• Physical interpretation as ball rolling down the loss 
function + friction (mu coefficient).

• mu = usually ~0.5, 0.9, or 0.99 (Sometimes annealed 
over time, e.g. from 0.5 -> 0.99)
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Momentum update

• Allows a velocity to “build up” along shallow directions
• Velocity becomes damped in steep direction due to 

quickly changing sign
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SGD vs Momentum
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Nesterov Momentum update
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Nesterov Accelerated Gradient (NAG)
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Nesterov Accelerated Gradient (NAG)
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AdaGrad update

Q1: What happens with AdaGrad?
Q2: What happens to the step size over long time?
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RMSProp update
[Tieleman and Hinton, 2012]
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RMSProp
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Adam update
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Adam update
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Overview of gradient descent optimization 
algorithms

Link: http://ruder.io/optimizing-gradient-
descent/
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Which Optimizer to Use?
• If your input data is sparse, then you likely achieve the best results using 

one of the adaptive learning-rate methods.
• RMSprop is an extension of Adagrad that deals with its radically 

diminishing learning rates. Adam, finally, adds bias-correction and 
momentum to RMSprop. Insofar, RMSprop, Adadelta, and Adam are very 
similar algorithms that do well in similar circumstances.

• Experiments show that bias-correction helps Adam slightly outperform 
RMSprop towards the end of optimization as gradients become sparser. 
Insofar, Adam might be the best overall choice.

• Interestingly, many recent papers use SGD without momentum and a 
simple learning rate annealing schedule. As has been shown, SGD 
usually achieves to find a minimum, but it might take significantly longer 
than with some of the optimizers, is much more reliant on a robust 
initialization and annealing schedule, and may get stuck in saddle points 
rather than local minima. 

• If you care about fast convergence and train a deep or complex neural 
network, you should choose one of the adaptive learning rate methods
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Learning rate

• SGD, SGD+Momentum, Adagrad, RMSProp, Adam 
all have learning rate as a hyperparameter.

Q: Which one of these
learning rates is best to use?
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Learning rate

• SGD, SGD+Momentum, Adagrad, RMSProp, Adam 
all have learning rate as a hyperparameter.
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Second order optimization methods

Q1: what is nice about this update?
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Second order optimization methods

Q2: why is this impractical for training Deep Neural Nets?

notice:
no hyperparameters! (e.g. 
learning rate)
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Second order optimization methods

• Quasi-Newton methods (BGFS most popular):
• instead of inverting the Hessian (O(n^3)), approximate
• inverse Hessian with rank 1 updates over time (O(n^2) 

each).
• L-BFGS (Limited memory BFGS):

• Does not form/store the full inverse Hessian.
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L-BFGS

• Usually works very well in full batch, deterministic 
mode. 
• i.e. if you have a single, deterministic f(x) then L-BFGS will 

probably work very nicely
• Does not transfer very well to mini-batch setting. 

• Gives bad results. Adapting L-BFGS to large-scale, 
stochastic setting is an active area of research

• In practice:
• Adam is a good default choice in most cases
• If you can afford to do full batch updates then try out L-

BFGS (and don’t forget to disable all sources of noise)
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Regularization: Dropout

• “randomly set some neurons to zero in the forward 
pass”

[Srivastava et al., 2014]
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Example
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Regularization: Dropout

• Wait a second… How could this possibly be a good 
idea?

Forces the network to have a redundant 
representation.
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Regularization: Dropout

• Wait a second… How could this possibly be a good 
idea?

Another interpretation:

Dropout is training a large ensemble
of models (that share parameters).

Each binary mask is one model, gets
trained on only ~one datapoint
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At test time….

• Ideally:
• want to integrate out all the 

noise
• Monte Carlo approximation:
• do many forward passes with 

different dropout masks, 
average all predictions
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At test time….

• Can in fact do this with a single forward pass! 
(approximately)

• Leave all input neurons turned on (no dropout).

(this can be shown to be an
approximation to evaluating the
whole ensemble)
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At test time….

• Can in fact do this with a single forward pass! 
(approximately)

• Leave all input neurons turned on (no dropout).

Q: Suppose that with all inputs present 
at test time the output of this neuron is x.

What would its output be during training
time, in expectation? (e.g. if p = 0.5)
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At test time….

• Can in fact do this with a single forward pass! 
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At test time….

• Can in fact do this with a single forward pass! 
(approximately)

• Leave all input neurons turned on (no dropout).
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We can do something approximate analytically?



C. Long Lecture 19 April 13, 2018 56

Dropout Summary

drop in 
forward 
pass

scale at 
test time

test time is 
unchanged!
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Fast-forward to today: ConvNets are everywhere
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Fast-forward to today: ConvNets are everywhere
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