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Neural Networks

I Still seeking flexible, non-linear models for classfication and
regression

I Enter Neural Networks!
I Originally brain inspired
I Can (and will) avoid brain analogies: non-linear functions

defined by multiple levels of “feed-forward” computation
I Very popular and effective right now

I Attaining human-level performance on variety of tasks
I “Deep learning revolution”

Deep Learning Revolution

I Resurgence of interest in neural nets (“deep learning”) starting
in 2006 [Hinton and Salakhutdinov 2006]

I Notable studies starting in early 2010s

Building High-level Features Using Large Scale Unsupervised Learning [Le et al. 2011]

Deep Learning Revolution

I Neural nets begin dominating the field of image classification
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Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.

1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary to use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large as ImageNet, so our model should also have lots
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networks
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be con-
trolled by varying their depth and breadth, and they also make strong and mostly correct assumptions
about the nature of images (namely, stationarity of statistics and locality of pixel dependencies).
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs have
much fewer connections and parameters and so they are easier to train, while their theoretically-best
performance is likely to be only slightly worse.
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5 ⇥ 5 ⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3 ⇥ 3 ⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224 ⇥ 224 ⇥ 3-dimensional.
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Deep Learning Revolution
I Recognize hundreds of different objects in images

Lyle H Ungar, University of Pennsylvania 

  

Validation classification

Deep Learning Revolution

I Learn “feature hierarchies” from raw pixels. Eliminate feature
engineering for image classification
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Deep Learning Revolution

I Deep learning has revolutionized the field of computer vision
(image classfication, etc.) in last 7 years

I It is having a similar impact in other domains:
I Speech recognition
I Natural language processing
I Etc.

Some History

I “Shallow” networks in hardware: late 1950s
I Perceptron: Rosenblatt ~1957
I Adaline/Madaline: Widrow and Hoff ~1960

I Backprop (key algorithmic principle) popularized in 1986 by
Rumelhart et al.

I “Convolutional” neural networks: “LeNet” [LeCun et al. 1998]

Handwritten digit recognition

3-nearest-neighbor = 2.4% error
400–300–10 unit MLP = 1.6% error
LeNet: 768–192–30–10 unit MLP = 0.9% error

Current best (kernel machines, vision algorithms) ≈ 0.6% error

Chapter 20, Section 5 20
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Why Now?

I Ideas have been around for many years. Why did “revolution”
happen so recently?

I Massive training sets (e.g. 1 million images)
I Computation: GPUs
I Tricks to avoid overfitting, improve training

What is a Neural Network?

I Biological view: a model of neurons in the brain
I Mathematical view

I Flexible class of non-linear functions with many parameters
I Compositional: sequence of many layers
I Easy to compute

I h(x): “feed-forward”
I ∇θh(x): “backward propagation”

Neural Networks: Key Conceptual Ideas

1. Feed-forward computation
2. Backprop (compute gradients)
3. Stochastic gradient descent

Today: feed-forward computation and backprop



Feed-Forward Computation

Multi-class logistic regression:

hW,b(x) = Wx + b

Parameters:
I W ∈ Rc×n weights
I b ∈ Rc biases / intercepts

Output:
I h(x) ∈ Rc = vector of class scores (before logistic transform)

draw picture

Feed-Forward Computation

Multiple layers

h(x) = W2 · g(W1x + b1) + b2, W1 ∈ Rn2×n1 ,b1 ∈ Rn2

W2 ∈ Rc×n2 ,b2 ∈ Rc

I g(·) = nonlinear tranformation (e.g., logistic). “nonlinearity”
I h = g(W1x + b1) ∈ Rd = “hidden” layer

draw picture
I Q: why do we need g(·)?

Deep Learning

f(x) = W3 · g
(
W2 · g(W1x + b1) + b2

)
+ b3

Feed-Forward Computation

General idea
I Write down complex models composed of many layers

I Linear tranformations (e.g., W1x + b)
I Non-linearity g(·)

I Write down loss function for outputs
I Optimize by (some flavor of) gradient descent

How to compute gradient? Backprop!

Backprop

I Boardwork: computation graphs, forward propagation,
backprop

I Code demos

Backprop: Details

Input variables v1, . . . , vk

Assigned variables vk+1, . . . , vn (includes ouput)

Forward propagation:
I For j = k + 1 to n

I vj = φj(· · · ) (local function of predecessors vi : i→ j)

Backward propagation: compute v̄i = dvn
dvi

for all i
I Initialize v̄n = 1
I Initialize v̄i = 0 for all i < n
I For j = n down to k + 1

I For all i such that i→ j
I v̄i += d

dvi
φj(· · · ) · v̄j



Stochastic Gradient Descent (SGD)

Setup
I Complex model hθ(x) with parameters θ

I Cost function

J(θ) = 1
m

m∑

i=1
cost(hθ(x(i)), y(i))

≈ 1
|B|

∑

i∈B

cost(hθ(x(i)), y(i))

I B = random “batch” of training examples (e.g.,
|B| ∈ {50, 100, . . .}), or even a single example (|B| = 1)

Stochastic Gradient Descent (SGD) Algorithm

I Initialize θ arbitrarily
I Repeat

I Pick random batch B
I Update

θ ← θ − α · 1
|B|

∑

i∈B

∇θ cost(hθ(x(i)), y(i))

I In practice, randomize order of training examples and process
sequentially

I Discuss. Advantages of SGD?

Stochastic Gradient Descent Discussion: Summary

I This is the same as gradient descent, except we approximate
the gradient using only training examples in batch

I It lets us take many steps for each pass through the data set
instead of one.

I In practice, much faster for large training sets (e.g.,
m = 1, 000, 000)

How do we use Backprop to train a Neural Net?

I Idea: think of neural network as a feed-forward model to
compute cost(hθ(x(i)), y(i)) for a single training example

I Append node for cost of prediction on x(i) to final outputs of
network

I Illustration
I Use backprop to compute ∇θ cost(hθ(x(i)), y(i))
I This is all there is conceptually, but there are a many

implementation details and tricks to do this effectively and
efficiently. These are accessible to you, but outside the scope
of this class.

The Future of ML: Design Models, Not Algorithms

I Backprop can be automated!
I You specify the model and loss function
I Optimizer (e.g., SGD) computes gradient and updates model

parameters
I Suggestions: autograd, PyTorch
I Demo: train a neural net with autograd

I Next steps
I Learn more about neural network architectures

examples: other slides
I Code a fully connected neural network with one or two hidden

layers yourself
I Experiment with more complex architectures using autograd or

PyTorch


