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Visual recognition: Marr’s Vision

» The 3D Model is an object-centric representation of 3D objects in the image.

» The goal of this model is to enable object manipulation and recognition.
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Vision: A computational investigation into the human representation and processing of visual information
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Visual recognition: implicit models

» |et's consider a more-or-less Standard setup of supervised learning for visual
classification.

» We can imagine a simple pipeline like below.
» Each stage has it's own design space and critical choices to be made.

» This appeals to the computer scientist in us since we are effectively dividing,
modularizing, and (hopefully) conquering.

[ Images ]- [ Features }—) Classifier i- Slass
Scores

A. D. Bagdanov



Visual recognition: implicit models
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» We can imagine a simple pipeline like below.
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Visual recognition: why is this hard?

» A paper appeared in 2000 that summarized the state-of-the-art in visual
recognition [ ].

» |t introduced sensory gap into the conversation on visual recognition:

The sensory gap is the gap between the object in the world and the information in a
(computational) description derived from a recording of that scene.

» Think about this for a moment: we are always working with an imperfect
reconstruction of the real world.

» Images have limitations: they have finite resolution, they are subject to noise

processes, they are acquired with a sensor which is another free object in the
world.

» This sensory gap must be surpassed in order to render object recognition
invariant to scene-incidental artifacts.

Content-based image retrieval at the end of the early years
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The semantic gap

» The other key concept is the semantic gap:

The semantic gap is the lack of coincidence between the information that one can
extract from the visual data and the interpretation that the same data have for a
user in a given situation.
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Historical context: Bags of Features

» This was the state-of-the-art in 2011:
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Foundations

Historical context: This was a "cat"
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Historical context: Now "learn"

» To each image representation was associated one (or more) labels.
> Then we feed these into a multi-class SVM.
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» Which ran for a while... (for some predictable value of "a while").
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Historical context: A recipe

» Then returned the optimal decision boundaries between all classes (and all the
others).

» The process is important:

1. First: extract a handcrafted representation of fiducial points.
2. Then: encode these into a global image representation.
3. Then: fit an SVM (with or without kernel).

» Pro: the actual learning has few hyperparameters (usually just one).

» Con: many handcrafted elements with many (basically infinitely many)
hyperparameters.

» Con: learning is separate from representation.
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Connectionism: The Multilayer Perceptron

P> Let's look at a simple Neural Network architecture known as the Multilayer
Perceptron (MLP):

Input Layer Hidden Layer Output Layer
M neurons N neurons K neurons
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Connectionism: The Multilayer Perceptron
» The MLP equation (one hidden layer):
§(x) = o(wio(wix + br) + b2)
» Except for the activation function o, this is a linear system.

» Common activation functions (elementwise):
» o(x) = tanh(x)
> o(x)=(1+e) !
> o(x) = ef:p—(:x)i (softmax, used for outputs).
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Connectionism: The Multilayer Perceptron

>
>

How do you train a model?

Decide on a loss function (like the negative log-likelihood):

L(y.3(x)) Zy, log(:)
And perform gradient descent w.r.t. aII model parameters:
0,11 = 0,—¢eVol(y, ¥(x))
N
1 .~
O = O,— EZ 7 VoL (y.9(x))

Where ¢ is the learning rate.

The standard algorithm for this is known as backpropagation and it is very
clever and efficient.
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Connectionism: The Multilayer Perceptron

» Problems with this approach:

» Model size: many, many parameters for even small-sized images. This
leads to memory and efficiency problems.

P Overfitting: many parameters (and limited training data) mean that it is
easy to overfit the model to your training set.

» Undergeneralization: overfitting means that a trained model is unlikely to
generalize to new data.

P Vanishing gradients: a known problem with backpropagation (due to
application of the chain rule) leads to very small gradient values near the
beginning of the network.

P> Saturating units: traditional activation functions can lead to saturated
units (outputs near 1 or 0 (or -1)), which have near-zero derivatives.

» These problems (and others) led the community to largely ignore the potential
of these models for decades.
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Connectionism: from MLP to CNNs

» However, MLPs have a number extremely attractive features:

| 2

>
>
>

It is an end-to-end model: we can train everything in the model using a
single optimization algorithm.

MLPs learn representations of input and classifier.

Why can't we just use this model for image recognition problems?

An MLP should be able to learn feature representations that are in turn
good representations for classification.

Why is this problematic?

A. D. Bagdanov



Connectionism: from MLP to CNNs

>

>
>
>

v

The early layers of a CNN are convolutional (surprise surprise).
This means that the weights are shared across locations of the image.
The input of size w x h x d is transformed into an output of size w x h x d’.

The outputs are called feature maps and they are derived by convolving the
image with a 3D tensor of size u x v x d'.

So, the number of parameters is “merely” ux* v *d + d'.
The output feature maps can be very large however.
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Connectionism: from MLP to CNNs
» What's the link to MLPs?

Image to column operation (im2col)
Slide the input image like a convolution but each patch become a column vector.
9possible

Input Image [4x4x3] Sliding window

Result: [12x9] positions
‘We can multiply this result matrix [12x9]
with a kernel [1x12].
result = kernel x matrix
The result would be a row vector [1x9].
‘We need another operation that will convert
this row vector into a image [3x3].

1
1 Result: [1x9]
1
A. D. Bagdanov

im2col I

Kernel Width:2
Kernel Height:2
Stride:1.
Padding:0

.4

Convout: [3x3]

‘W_out=(W_in - kW + 2°P)/§ + 1
H_out=(H_in - kH + 2°P)/S + 1

b Consider col2im as a row major
I reshape.

W_out=(4-2)/1+1=3
H_out=(4-2)/1+1=3
2x2x3 column vector
[2x21R, [2x2] G, [2x2] B 1

Figure from: https://github. com/leonardoaraujosantos
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AlexNet: Introduction

» We will now take a look at the International Large Scale Visual Recognition
Competition (ILSVRC) submission that changed everything [
1.

» This architecture systematically addresses most of the problems with training
large network architectures on large datasets.

» It is a Convolutional Neural Network (CNN) that is universally called AlexNet.

» |t is also a Deep Network because it has many hidden layers.

ImageNet Classification with Deep Convolutional Neural Networks
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AlexNet: The Architecture

> Let's look first at the overall architecture and then analyze in detail how each
component addresses specific problems.

» |t is also helpful to examine how data flows through the network.

5 Convolutional Layers 1000 ways
- l ~ S Softmax
P . ~ T —

] roag \dense
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\ /
3 Fully-Connected
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ImageNet Classification with Deep Convolutional Neural Networks
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AlexNet: Pooling Features
» Like in the Bag-of-Words model, we can pool local features.
» AlexNet uses 3 x 3 pooling regions with a stride of 2 pixels.

» This means that after some convolutional layers the feature map size is reduced
by a factor of 2.

» They use max pooling: in each feature map, keep the maximum value in each
overlapping 3 x 3 pooling region (in each feature map).

» This helps to contain the size of feature maps propagated through the network.
» And it also helps to build higher-level representations of the image.

» This is because, halving the image resolution is the same as doubling the size of
subsequent convolutions.

ImageNet Classification with Deep Convolutional Neural Networks
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AlexNet: Unit Saturation

» Another innovation in AlexNet is the use of the Rectified Linear Unit (RelLU)

activation function.
o(x) = max(0,x)

» This activation function does not saturate like sigmoids.
» The result is a 6x speedup in training.

5

= sigmoid
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AlexNet: Reducing Overfitting
» Even with convolutional weight sharing, AlexNet still has 60M parameters.
> To reduce overfitting, the authors use two extra (now standard) tricks:

» Data augmentation: random translations and reflections of input
images are generated, plus random variation in principal directions of

RGB space.
» Dropout: an advanced trick from the Neural Network community

which randomly removes half of the inputs to select layers at
training time.

ImageNet Classification with Deep Convolutional Neural Networks
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AlexNet: More Tricks

» The AlexNet paper is an excellent resource because it explains all of the tricks
necessary to get a deep network to learn:

>

Local response normalization: keep local variation in feature maps
under control (section 3.3).

Momentum: limits the “skateboard” effect when following valleys in
the loss surface, equivalent to L1 (or L2) regularization of weights
(section 5).

Mini-batch Stochastic Gradient Descent (SGD): with 1.2M training
samples, we cannot consider the entire dataset in one batch;
instead, randomly sample mini-batches of 128 images (section 5).
Multiple GPUs: AlexNet was too big to fit in a single GPU (in
2012), so feature maps are split over two GPUs (section 3.2).
Model averaging: state-of-the-art results are obtained by training
multiple CNNs and averaging outputs.

ImageNet Classification with Deep Convolutional Neural Networks
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AlexNet: Results
» The proof is in the pudding:

i[ Model Top-1 (val) [ Top-5 (val) | Top-5 (test)
[ SIFT + FVs [7] — — 26.2%

i 1CNN 40.7% 18.2% —

i 5 CNNs 38.1% 16.4% 16.4%

i TCNN¥ 39.0% 16.6% —

i 7 CNNs* 36.7% 15.4% 15.3%

ImageNet Classification with Deep Convolutional Neural Networks
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AlexNet: Reflections

» AlexNet took the object recognition world by storm.
» Many of the elements of the model are not really new.

» However, this was the first work to convincingly demonstrate how

state-of-the-art object recognition systems can be trained end-to-end on real
problems.

» This was made possible by a number of confluent development:
» The availability of enormous amounts of annotate data (ImageNet,
with 1.2M training images).
» Modern GPUs, which make convolutions super fast.

» Decades of persistent theoretical development (Rel.Us, fast
backprop, dropout, etc).
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Reflections: CNNs are really big
» One of the first observations one can make about CNNs is that they have a
HUGE number of parameters.

» Even modestly-sized, state-of-the-art networks can have on the order of 150
million trainable parameters.

» Fitting such models of course requires massive amounts of labeled training data.
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ResNets: Introduction
» From what we have seen so far, it seems like deeper networks generalize better.
» So, can we just keep stacking more and more layers onto the end of our CNNs?

> Aside from the computational complications (GPU memory is finite), this
seems like it should "just work".

> We will now look at our last state-of-the-art network architecture (known as
ResNet) which looks at this question in detail [ 1.

Deep residual learning for image recognition
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ResNets: Deeper isn't better?

» Pre-ResNet Thinking: Deeper networks should always perform
better — at least on the training data.

CIFAR-10
train error (%) test error (%)
2 p
\\ 56-layer
\\/ 56-layer
" \\ﬁ f
20-layer

20-layer

%9 1 5 3 o 1 B 3

2 3 4 2 3 4
iter. (Led) iter. (1e4)

Deep residual learning for image recognition
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ResNets: Wait, shouldn’t training error be lower?

== » Using an artificial construction, we see that
the training error at least shouldn’t increase

= =% » Just copy pre-trained weights from plain
network into a deeper network with new,
randomly initialized weights.

Deep residual learning for image recognition
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ResNets: Targets and Residuals

» Let's say that the network is learning towards some optimal feature
representation H(x).

» The compositional and feed-forward nature of the CNN isn't really helping.

weight layer
any two
stacked layers

weight layer

H(x)

Deep residual learning for image recognition

A. D. Bagdanov



ResNets: Targets and Residuals

» Let's say that the network is learning towards some optimal feature
representation H(x).

» The compositional and feed-forward nature of the CNN isn't really helping.

» Instead, we can help the network out by not requiring it to pass through as
much information.

» Pass x forward and add it to the output of the residual block — now we "only"
need to learn H(x) — x.

X x
weight layer weight layer
any two ) ‘
stacked layers relu F(x) identity
weight layer X
weight layer
el H@ = F@+x @

H(x)

Deep residual learning for image recognition
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ResNets: Comparison

» Here is a comparison of VGG19 and ResNet-34:
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ResNets

» And this is a common way of parametrically representing the various ResNet

configurations
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ResNets: Results

CIFAR-10 plain nets

51— plain-21
T -3

— plain-5(

3 4 5 6
iter. (Led)

/ 56-layer
A4-layer
P ¥

o 32-layer
&= 20-layer

solid: test
dashed: train

Deep residual learning for image recognition
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ResNet: Results
» And the proof, as always, is in the pudding:

Revolution of Depth
152 layers

\
\
' 7.3

\ 6.7

357 I

ILSVRC'15 ILSVRC'14  ILSVRC'14  ILSVRC'13 ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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CNNs: How do you train CNNs?

> CNNs work great, but it's not always sunshine and lollipops trying to get them
to work.

» The community has developed a number of tricks, techniques, and heuristics
that are proven to help.

» Let's look at a few of them.
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CNNs: Batch Normalization

> Attention to the data distribution (through the whole network) and

normalization are critical [

I:

Input: Values of = over a mini-batch: B = {z, . };
Parameters to be leamed: ~, 3
Output: {y; = BN, a(x:)}

LB — — Ti /f mini-batch mean

// mini-batch variance

1

2 2
517—21'—[
B . {: B)

Ti LB /{ normalize
\/032 + e

yi = v, + 05 = BN, () # scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation = over a mini-batch.

Input: Network N with trainable parameters ©;
subset of activations {(*) }1
Output: Batch-normalized network for inference, N
1 Ny ¢ N // Training BN network
2 fork=1...K do
3 Add transformation 3 = BN, g (=) to

BN (Alg. 1)
4. Modify each layer in Nty with input z(*) to take
y* instead
5: end for

6: Train Njiy to optimize the parameters © U
{7(’»‘)1 ﬁ(k)}‘IEil
7: N « N4y //Inference BN network with frozen
// parameters
8 fork=1...K do
9 //Forclarity, z = 2®,y = 4 iy = ug ) etc.
10:  Process multiple training mini-batches 5, each of
size m, and average over them:
E[a] ¢ Epus]
Var[z] +

11: In N, replace the transform y = BN, s(z) with

Y=Vt © +(B- Var[r +<)

12: end for

Algorithm 2: Training a Batch-Normalized Network

Batch normalization: Accelerating deep network training by reducing internal covariate shift

A. D. Bagdanov




CNNs: Dropout

(a) Standard Neural Net (b) After applying dropout.

With unlimited computation, the best way to "regularize" a fixed-sized
model is to average the predictions of all possible settings of the parameters,
weighting each setting by its posterior probability given the training data.

- ]

Dropout: A Simple Way to Prevent Neural Networks from Overfitting
A. D. Bagdanov




CNNs: What's Going On?

» Remember earlier | mentioned that one of the biases against using neural
networks was that lack of interpretability.

» As soon as the spectacular results of CNNs on object recognition started
coming in, researchers began inventing new ways to interpret the innards of
these huge networks.

» Nowadays there are many tools and tricks you can use to understand what the
network has learned.

A. D. Bagdanov



CNNs: What's Going On

» An early work looked at just this problem and the paper has a ton of interesting
analysis of how these networks work [ 1.

» | am only going to talk about how visualizations of feature map activations
demonstrate what's going on.

Visualizing and understanding convolutional networks
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CNNs: What's Going On

> As we go deeper into the network, feature activations correspond to higher-level
semantics.

Visualizing and understanding convolutional networks
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CNNs: What's Going On

» Until the network is really indicating the presence of "eyes" and "cat faces",
etc.

Visualizing and understanding convolutional networks
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CNNs: What's Going On

» The Grad-CAM is an intuitive way to visualize, well, what makes a cow, a cow

[ I

ﬁc Layers

aﬂger Catl

b= Image Classification

y

(or)
Rectified Conv
Guided Backprop Feature Maps

( RNNJLSTM Acat lying on }- Image Captioning
the ground
(o)
Guided Grad-CAM
/\
A [rmray O visuai
S SQ:;;;:B RNN]L REs «s| f~Question Answering
y (or)
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CNNs: What's Going On

» The Grad-CAM is an intuitive way to visualize, well, what makes a cow, a cow

[ J:

#i »

o2
it 2

(d) Guided Grad-CAM ‘Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’

(a) Original Image (b) Guided Backprop ‘Cat’ (¢) Grad-CAM “Cat’

(g) Original Image (h) Guided Backprop ‘Dog” (i) Grad-CAM ‘Dog’  (j) Guided Grad-CAM ‘Dog” (k) Occlusion map for ‘Dog’ (1) ResNet Grad-CAM ‘Dog’
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Discussion: The burden of supervision

» What is 1.5M annotations really worth [

1?

» If labels are equally probable, a randomly shuffled set of ImageNet labels

contains about 1.5M % log,(1000) ~ 15Mbits.

25 . - . - 4.0 1.0
=—a true labels =—a |nception 0=
2.0 o—e random labels 351 o—0 AlexNet 0.8
i =
§ #—+ shuffled pllxels £ 30| > MLP1x512 07
215 = random pixels g 2 o6
) +—¢ gaussian o 25 g,
© = + 0.5
g 10 o ]
E £ 20 =04 m—a Inception
037 15 03 o—o AlexNet
0.2 w#=x MLP 1x512
0.0 1.0 0.1
0 5 10 15 20 25 00 02 04 06 08 1.0 00 02 04 06 08 1.0
thousand steps label corruption label corruption
(a) learning curves (b) convergence slowdown (c) generalization error growth

Understanding deep learning requires rethinking generalization
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Discussion: The state-of-the-art

» We have come a long way in a few years.

Top-1 accuracy [%]
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Inception-v3 ° .

ResNet-50 ‘
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. ResNet-34

Inception-v4

ResMNet-152
VGG-16 VGG-19

ResNet-18

GoogleNet
ENet
© BN-NIN
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AlexNet
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> The laboratory notebook for today:
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