CS5670: Computer Vision
Noah Snavely

Recent advances in convolutional neural networks
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Slides from Fei-Fei Li, Justin Johnson, Serena Yeung
http://vision.stanford.edu/teaching/cs231n/



Readings

* Best practices for training CNNs
— http://cs231n.github.io/neural-networks-2/
— http://cs231n.github.io/neural-networks-3/

e CNN Architectures

— http://cs231n.github.io/convolutional-networks/
— http://cs231n.github.io/transfer-learning/



http://cs231n.github.io/neural-networks-2/
http://cs231n.github.io/neural-networks-3/
http://cs231n.github.io/convolutional-networks/
http://cs231n.github.io/transfer-learning/

Announcements

* Final exam in class, Wednesday, May 9

— Sample exam is now available (please check
Piazza)

— Final is open book / open note (please use your
judgement — see Piazza for more info)

— No laptops / iPads / phones. Calculator is OK.

* Project 5 (CNNs) is out
— Due Friday, May 11, by 11:59pm
— To be done in groups of two



Course evaluations

https://apps.engineering.cornell.edu/CourseEval/

Course evaluations are very important and help us
improve the course

We will give 5 points of extra credit for submitting
an evaluation (easy points!)

Will leave the last few minutes of today’s class for
evaluation


https://apps.engineering.cornell.edu/CourseEval/

Quiz 3



Last time

* Best practices for training CNNs



Today

* Finish best practices

* Recent advances
— Deep learning frameworks and hardware
— Network architectures
— Generative methods



Training a convolutional
neural network

Split and preprocess your data

Choose your network architecture

Initialize the weights

Find a learning rate and regularization strength
Minimize the loss and monitor progress

Fiddle with knobs



“Weight decay”

Regularization is also called “weight decay” because
the weights “decay” each iteration:
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Gradient descent step: s
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Weight decay: grAd {weights always decay by this amount)

Note: biases are sometimes excluded from regularization

[Andre| Karpathy http://cs.stanford. edu/people/karpathy/convnetjs/demo/classify2d.html]



Dropout

Simple but powerful technique to reduce overfitting:

w PW
Present with Always
probability p present

(a) At training time (b) At test time

[Srivasta et al, “Dropout: A Simple Way to Prevent Neural Networks from
Overfitting”, JMLR 2014]
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Dropout
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Regularization: Dropout
How can this possibly be a good idea?

Forces the network to have a redundant representation;
Prevents co-adaptation of features

has an ear

has a tall AX—K\

is furry —*k———— . cat
" score

has claws +/
mischievous

look

T



Dropout

Simple but powerful technique to reduce overfitting:
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(a) Standard Neural Net (b) After applying dropout.

Note: Dropout can be interpreted as an approximation to taking the
geometric mean of an ensemble of exponentially many models

[Srivasta et al, “Dropout: A Simple Way to Prevent Neural Networks from
Overfitting”, JMLR 2014]
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How much dropout? Aroundp =0.5
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[Srivasta et al, “Dropout: A Simple Way to Prevent Neural Networks from

Overfitting”, JMLR 2014]



Dropout

Case study: [Krizhevsky 2012]

“Without dropout, our network exhibits Dropout here
substantial overfitting.” l 1

[} A “‘ j.
Y T \ R 197 192 178 2048 Joag \dense
t o7 128 : — —
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224 5 ' { 3 K 3 3 A
(| N 3 | \13 3 13- i 13 dense | |dense
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\{{Strid Max 128 Max pooling 2048 A
Uof 4 pooling pooling
3 48

[Krizhevsky et al, “ImageNet Classification with Deep Convolutional
Neural Networks”, NIPS 2012]



Dropout

p=0.5# probabilit)

def train_step(X):
" X contains the data """

H1 = np.maximum(©, np.dot(Wl, X) + bl)

Ul = np.random.rand(*Hl.shape) < p # first
H1 *= Ul # droy

H2 = np.maximum(©, np.dot(W2, Hl) + b2)

U2 = np.random.rand(*H2.shape) < p # second dropout
H2 *= U2 # drof

out = np.dot(W3, H2) + b3

(note, here X is a single input)

Example forward
pass with a 3-
layer network
using dropout

Figure: Andrej Karpathy



Dropout

Test time: scale the activations

Expected value of a neuron h with dropout:

E[h]= ph+(1— p)0 = ph

def predict(X):
H1 = np.maximum(©, np.dot(Wl, X) + bl) * p

H2 = np.maximum(©, np.dot(W2, H1l) + b2) * p
out = np.dot(W3, H2) + b3

We want to keep the same expected value

Figure: Andrej Karpathy



summary

Preprocess the data (subtract mean, sub-crops)
Initialize weights carefully

Use Dropout

Use SGD + Momentum

Fine-tune from ImageNet

Babysit the network as it trains



Questions?



Transfer Learning

“You need a lot of a data if you want to
trainfuse CNNs”



Transfer Learning

“You need a lot of &If you want to
train f@ Ns”



Donahue et al, "DeCAF: A Deep Convalutional Activation
Feature for Generic Visual Recognition”, ICML 2014

Transfer Learning with CNNs e e s B, SRR Wt

2014
1. Train on Imagenet

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256
MaxPool
Conv-128
Conv-128
MaxPool
Conv64
Conv64



Transfer Learning with CNNs

1. Train on Imagenet

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv64
Conv64

2. Small Dataset (C classes)

FC-4096

MaxP ool
Conv-512
Conv-512

MaxP ool
Conv-512
Conv-512

MaxP ool
Conv-256
Conv-256

MaxP ool
Conv-128
Conv-128

MaxP ool
Conv-54
Conv-54

J

Reinitialize
this and train

Freeze these

Donahue et al, "DeCAF: A Deep Convalutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, "CNMN Features Off-the-Shelf: An
Astounding Baseline far Recognition”, CVPR Wiorkshaops
2014



Transfer Learning with CNNs

1. Train on Imagenet

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv64
Conv64

2. Small Dataset (C classes)

FCL
MaxP ool
Conv-512
Conv-512

MaxP ool
Conv-512
Conv-512

MaxP ool
Conv-256
Conv-256

MaxP ool
Conv-128
Conv-128

MaxP ool
Conv-54
Conv-54

3

Reinitialize
this and train

> Freeze these

J

Donahue et al, "DeCAF: A Deep Convalutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, "CNMN Features Off-the-Shelf: An
Astounding Baseline far Recognition”, CVPR Wiorkshaops

2014

3. Bigger dataset

FC-LC

FC-4096
FC-4096

*— Train these

MaxP ool
Conv-512
Conv-512

MaxP ool
Conv-512
Conv-512

MaxP ool
Conv-256
Conv-256

MaxP ool
Conv-128
Conv-128

MaxP ool
Conv-54
Conv-54

With bigger
dataset, train
more layers

> Freeze these

Lower learning rate
when finetuning;
1/10 of original LR
is good starting

J point




FC-1000
FC-4096
FC-4096

MaxPool
Conv612
Conv612

MaxPool
Conv612
Conv612

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

More specific

More generic

/

very similar

very different

dataset dataset
very little data | ? ?
? ?

quite a lot of
data




FC-1000
FC-4096
FC-4096

MaxPool
Conv612
Conv612

MaxPool
Conv612
Conv612

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

More specific

More generic

/

very similar

very different

dataset dataset
very little data | Use Linear ?
Classifier on
top layer
quite a lot of Finetune a ?
data few layers




FC-1000
FC-4096
FC-4096

MaxPool
Conv612
Conv612

MaxPool
Conv612
Conv612

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

More specific

More generic

/

very similar

very different

dataset dataset
very little data | Use Linear You're in
Classifier on trouble... Try
top layer linear classifier
from different
stages
quite a lot of Finetune a Finetune a
data few layers larger number
of layers




Transfer learning with CNNs is pervasive...

(it's the norm, not an exception)

Object Detection
(Fast R-CNN)

]

Prapnsal Linea
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Girshick, "Fast R-CNN", ICCY 2015
Figure copyright Ross Girshick, 2015. Reproduc ed with permission.

Bounding box

“straw”

Image Captioning: CNN + RNN

“hat” END

START “StraW" “hat"

Karpathy and Fei-F ei, "Deep Yisual-Semantic Alignments for
Generating Image Descriptions”, CYPR 2015
Figure copyright IEEE, 2015. Reproduced for educational purposes.




Transfer learning with CNNs is pervasive...
(it's the norm, not an exception)

Object Detection -
(Fast R-CNN) [t s CNN pretrained Image Captioning: CNN + RNN
: on ImageNet

ol nding box
classifisr | softmax Baundirg; b
R E regrassors

“straw” “hat” END

Exlernal proposal
algorithm
e.g. selective search

ConvNet
{applied to entira

START “straw” “hat”

Karpathy and Fei-Fei, "Deep Visual-Semantic Alignments for
Generating Image Descriptions”, CYPR 2015

Girshick, "Fast R-CNN", ICCY 2015 X ! :
Figure copyright IEEE, 2015. Reproduced for educational purposes.

Figure copyright Ross Girshick, 2015. Reproduced with permission.



Transfer learning with CNNs is pervasive...
(it's the norm, not an exception)

ot Ty TE— CNN pretrained Image Captioning: CNN + RNN

Fast R-CNN lios
( ) I on ImageNet

Propasal | Linear +
classifisr | softmax

“straw” “hat” END

External proposal ——— " allyy
algorithm -
e.g selective zearch

ConvNet
{(applied to entira
image}

START “straw” “hat”

Word vectors pretrained
. Karpathy and Fei-Fei, "Deep Visual-Semantic Alignments for
Girshick, "Fast R-CNN", ICCY 2015 Wlt h Wo rd2v e C Generating Image Descriptions”, CYPR 2015

Figure copyright Ross Girshick, 2015. Reproduced with permission. Figure copyright IEEE, 2015. Reproduced for educational purposes.



Takeaway for your projects and beyond:
Have some dataset of interest but it has < ~1M images?

1. Find a very large dataset that has
similar data, train a big ConvNet there
2. Transfer learn to your dataset

Deep learning frameworks provide a “Model Zoo” of
pretrained models so you don’t need to train your own

Caffe: hitps://aithub.com/BVL C/caffe/wiki/Model-Zoo
TensorFlow: hitps://aithub.com/tensorflow/models
PyTorch: hitps://aithub.com/pytorch/vision




Questions?



A zoo of deep learning frameworks!

Caffe
(UC Berkeley)

Torch
(NYU / Facebook)

PaddlePaddle Chainer

(Baidu)
Caffe2
(Facebook) MXNet CNTK
(Amazon) .
PyvTorch Cersersay s O T (Microsoft)
y O rC choice at AWS
(Facebook)

Deeplearning4j

Theano — 5 lensorFlow

(U Montreal)

(Google)
And others...



What deep learning frameworks provide

* Quick way to develop and test new ideas
* Automatically compute gradients

* Run it all efficiently on GPU (wrap cuDNN,
cuBLAS, dedicated hardware, etc.)

* One way to think of TensorFlow et al. is as a GPU-
optimized, automatically differentiated gradient
descent engine (not necessarily for deep
learning!)

 Computation specified as a graph



Computation graphs

* Can compile to run on CPU or GPU

NVIDIA Tesla v100 (~$10K)

* Or to specialize hardware...



TensorFlow: Tensor Processing Units

R
s - I

Google Cloud TPU
=180 TFLOPs of compute!



TensorFlow: Tensor Processing Units

Google Cloud TPU NVIDIA Tesla V100
=180 TFLOPs of compute! =125 TFLOPs of compute



TensorFlow: Tensor Processing Units

Google Cloud TPU NVIDIA Tesla V100
=180 TFLOPs of compute! =125 TFLOPs of compute

NVIDIA Tesla P100 = 11 TFLOPs of compute
GTX 580 =0.2 TFLOPs



sing Units

t % z e

Google Cloud TPU e xS
=180 TFLOPs of compute! Google Cloud TPU Pod

= 64 Cloud TPUs
= 11.5 PFLOPs of compute!

https://www.tensorflow.org/versions/master/programmers_quide/using_tpu




Questions?



CNN Architectures

AlexNet
VGG
GoogleNet
ResNet



LeNet

Fully Connected

[LeCun et al., 1998]

Image Maps
Input

7

Convolutions
Subsampling

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-FC-FC]



Case Study: AlexNet

[Krizhevsky et al. 2012]

b »,‘
138 2048 Gag \dense
\ 13
3 i o~
1T ens

1000

Architecture:
CONV1
MAX POOL1
NORM1
CONV2
MAX POOL2
NORM2
CONV3
CONV4
CONV5

Max POOL3
FC6

FC7

FC8

ax
pooling pooling



Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4

=>

Q: what is the output volume size? Hint: (227-11)/4+1 = 55



Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Q: What is the total number of parameters in this layer?



Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Parameters: (11*11*3)*96 = 35K



Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2

Q: what is the output volume size? Hint: (55-3)/2+1 = 27



Case Study: AlexNet ==
[Knzhevsky et al. 2012] 7 1% Hm -

S o Q_‘_AQ—%I
N

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96

Q: what is the number of parameters in this layer?



Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96
Parameters: 0!



Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96
After POOL1: 27x27x96



Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
[227x227x3] INPUT ;
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)

3| i
192 128 2048 2048 dense
\ 13

i S

Tz T 13 dense ense|
1000
192 128 Max

pooling 2948 2048

48

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Case Study: AlexNet

[Krizhevsky et al. 2012]

3| i
192 128 2048 2048 dense
\ 13

i S

Tz T 13 dense ense|
1000
192 128 Max L

2048 2048
Strid Max 128 Max pooling
af 4 pooling pooling
8

Full (simplified) AlexNet architecture:
[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

Details/Retrospectives:

- first use of ReLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced by 10
manually when val accuracy plateaus
- L2 weight decay 5e-4

-7 CNN ensemble: 18.2% -> 15.4%



ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

First CNN-based winner
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ImageNet top-5 error rate

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30

28.2

2010
Lin et al

ZFNet: Improved
hyperpara meters over 152 layers| (152 layers| (152 layers
AlexNet
\ Ao e A
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7.3 6.7/
3.6
l """ . H m =
2012 2013 2014 2014 2015 2016 2017
Krizhevsky et al| Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al
(AlexNet) Fergus |Zisserman (VGG) (GoogleNet) (ResNet) (SENet)

5.1

Human

Russakovsky et al



Z F N et [Zeiler and Fergus, 2013]

image size 224 110 26 13 13 13 _ _
VL 2
1 w384 1 w384 256 ]
N N

256
‘ stride 2 96 3x3 max \ 3x3 max C
3x3 max pool| | contras pool| |contrast pool 4096 4096 class

SNOE2] [Non. stride 2 units units| | softmax
\3‘ 55

0 6 -
1 \256 256

filter size 7

Input Image
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer?7 Output

AlexNet but:
CONV1: change from (11x11 stride 4) to (7x7 stride 2)
CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512

ImageNet top 5 error: 16.4% -> 11.7%



ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Small filters, Deeper networks

8 layers (AlexNet)
-> 16 - 19 layers (VGG16Net)

Only 3x3 CONV stride 1, pad 1
and 2x2 MAX POOL stride 2

11.7% top 5 error in ILSVRC’13
(ZFNet)
->7.3% top 5 error in ILSVRC’14

FC 1000
FC 4096
FC 4096

3x3 conv, 256
3x3 conv, 384

3x3 conv, 384

5x5 conv, 256
11x11 conv, 96
Input

AlexNet

L___Softmax FC 4096
FC 1000 FC 4006
FC 4098 Pool
E 4096 3x3 conv, 512
Pool 3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool

Pool

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool

Pool

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

Pool

Pool

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

Pool Pool
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64

Input Input

VGG16

VGG19



Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: Why use smaller filters? (3x3 conv)

FC 1000

3x3 conv, 256
3x3 conv, 384

3x3 conv, 384

5xb conv, 256
11x11 conv, 96

Hll%l%ll%%%l%

AlexNet

Softmax FC 4006
FC 1000 FC 4096
FC 4096 Pool
FC—4096 3x3 conv, 512
Pool 3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool

Pool

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool Pool
3x3 conv, 256 3x3 conv, 256
3x3 conv, 256 3x3 conv, 256
Pool Pool

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

Pool Pool
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64

Input Input

VGG16

VGG19



Case Study: VGGNet

[Simonyan and Zisserman, 2014]
Q: Why use smaller filters? (3x3 conv)
Stack of three 3x3 conv (stride 1) layers

has same effective receptive field as
one 7x7 conv layer

FC1

3x3 conv, 256
3x3 conv, 384

3x3 conv, 384

5x5 conv, 256
11x11 conv, 96
Input

AlexNet

IIIHIHIIH%%H%

L ___Softmax FC 4096
FC 1000 FC 4006
FC 4098 Pool
E 4096 3x3 conv, 512
Pool 3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool

Pool

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool

Pool

3x3 conv, 266

3x3 conv, 266

3x3 conv, 256

3x3 conv, 256

Pool

Pool

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

Pool Pool
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64
Input Input
VGG16 VGG19



Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Q: Why use smaller filters? (3x3 conv)

Stack of three 3x3 conv (stride 1) layers
has same effective receptive field as
one 7x7 conv layer

But deeper, more non-linearities

And fewer parameters: 3 * (3°C?) vs.
7°C? for C channels per layer

FC 1000
FC 4096
FC 4096

3x3 conv, 256
3x3 conv, 384

3x3 conv, 384

5x5 conv, 256
11x11 conv, 96

i

AlexNet

[Softmax FC 4056
FC 1000 FC 4006
FC 4096 Pool
FC—4096 3x3 conv, 512
Pgol 3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool

Pool

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

Pool

Pool

3x3 conv, 256

3Ix3 conv, 256

3x3 conv, 256

3x3 conv, 256

Pool

Pool

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

Pool Pool
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64
Input Input
VGG16 VGG19



INPUT: [224x224x3]  memory: 224*224*3=150K params:0 (ot counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147 456
POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3%128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: O

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: O

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: O

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

FC 1000
FC 4096
FC 4096

Input

VGG16



INPUT: [224x224x3]  memory: 224*224*3=150K params:0 (ot counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: O

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: O

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0O

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (for a forward pass)
TOTAL params: 138M parameters

VGG16



INPUT: [224x224x3]  memory: 224*224*3=150K params:0 (ot counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 Note:
CONV3-64: [224x224x64] memory: 224*224*64=3.2M <garams: (3*3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K params: 0 — -
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 ost memory is in
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 early CONV

POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: O

CONV3-512; [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14*512=100K params: O Most params are
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 in late FC
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0O

FC: [1x1x4096] memory. 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters



INPUT: [224x224x3]  memory: 224*224*3=150K params:0 (ot counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147 456
POOL2: [56x56x128] memory: 56*56*128=400K params: O

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3%128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: O

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: O

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: O

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

FC 1000
FC 4086
FC 4098

Input

fc8
fe7
fcé

conv5-3
conv5-2

convs-1

conv4-3
conv4-2

convd-1

conv3-2

conv3-1

conv2-2
conv2-1

convi-2
convi-1

VGG16 /

Common names



Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Details:

ILSVRC’14 2nd in classification, 1st in
localization

Similar training procedure as Krizhevsky
2012

No Local Response Normalisation (LRN)
Use VGG16 or VGG19 (VGG19 only
slightly better, more memory)

Use ensembles for best results

FC7 features generalize well to other
tasks

conv3

[ Sofex ]

3x3 conv, 256
| 3x3 conv, 384 |

5x5 conv, 256
11x11 conv, 96

|

AlexNet

T T

8 [_Fciooo ] [_rfcaoee ]
7 [_rcaose ] | Pool ]
fc6 | FC 4096 ] [ 33conv, 512 |

| Pool ] | _33conv, 512 |

conv5-3 | 3x3conv, 512 | | 8x3conv, 512 |
conv5-2 | 8x3conv, 512 | | 3x3conv, 512 |
convs-1 | 3x3conv, 512 | | Pool |
| Pool ] | 3x3conv, 512 |

conva-3 | 3x3conv. 512 | [ 3x3conv,512 |
conva-2 | 3x3conv, 512 | [ 3x3conv.512 |
convd-1 | 3xBconv, 512 | | 3x3conv, 512 |
| Pool ] | Pool ]

conv3-2 | 3x3conv, 256 | |_3x3conv,256 |
conv3-1 | 3x3conv,256 | | 3x3conv,256 |
| Pool ] | Pool |

conv2-2 L_8x3conv, 128 | |__3x3conv, 128 |
conv2-1 |_Sx3conv, 128 | | __S8x3conv, 128 |
| Pool ] 1 Pool ]

convi-2 | 3x3conv,84 | [ 33conv, 64 |
convi-1 | 8x3conv,84 | |__S8x3conv,64 |
| Input ] | Input |

VGG16

VGG19



ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners
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Case Study: ResNet

[He et al., 2015]

Very deep networks using residual
connections

- 152-layer model for ImageNet

- ILSVRC'15 classification winner
(3.57% top 5 error)

- Swept all classification and
detection competitions in
ILSVRC’15 and COCO’15!

1 relu
F(x) + x
F(x) ]relu
X

Residual block

X
identity

X Qny. &
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XJ cony, o4




Case Study: ResNet

[He et al., 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional
neural network?



Case Study: ResNet

[He et al., 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional
neural network?

56-layer

§ 56-

E -layer L

@

o 2

£ [}

£ -%

®

— Bt

lterations [terations

56-layer model performs worse on both training and test error
-> The deeper model performs worse, but it's not caused by overfitting!



Case Study: ResNet

[He et al., 2015]

Hypothesis: the problem is an optimization problem, deeper models are harder to
optimize



Case Study: ResNet

[He et al., 2015]

Hypothesis: the problem is an optimization problem, deeper models are harder to
optimize

The deeper model should be able to perform at
least as well as the shallower model.

A solution by construction is copying the learned
layers from the shallower model and setting
additional layers to identity mapping.



Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

1 relu
H(x) F(x) + X

F(x) Irelu X

relu identity

T

X X
“Plain” layers Residual block



Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

HO) = F(x) + X T relu
H« TR X~ F(x) +x
Use layers to
fit residual
A X F(xX) = H(x) - x
relu e Irelu identity in(st)ead c(>f)

: H(x) directly

X X
‘Plain” layers Residual block



Case Study: ResNet

[He et al., 2015]

Full ResNet architecture:
- Stack residual blocks
- Every residual block has
two 3x3 conv layers

I relu

F(x) + x

3X3 conv
Fx) relu ide)I:tity
3X3 conv

X
Residual block

| FC1000 |
P00




Case Study: ResNet

[He et al., 2015]

Full ResNet architecture:
- Stack residual blocks
- Every residual block has
two 3x3 conv layers
- Periodically, double # of
filters and downsample F(x) [rem
spatially using stride 2

] relu
F(x) + x

X
identity

(/2 in each dimension)

X
Residual block

| FC1000 |

O
| 3x3cony, 512 |

___3x3cony, 512 |
n

L3x3cony, 512 |
|_3x3cony, 512, /2 |
0
.

0
0
O
i
0

3x3 conv, 128
filters, /2

.
_:_—’ spatially with

P stride 2

’

[ oGconv 62 Jege. 3x3 conv, 64

-em-mv:t- » filters




Case Study: ResNet

[He et al., 2015]

Full ResNet architecture:

Stack residual blocks
Every residual block has

two 3x3 conv layers

Periodically, double # of
filters and downsample
spatially using stride 2
(/2 in each dimension)
Additional conv layer at

the beginning

] relu

X

Ire'“ identity

X

Residual block

| FC1000 |

O
| 3x3cony, 512 |
___3x3cony, 512 |

Lg——— Beginning

S eV —

conv layer



Case Study: ResNet poioe
[He et al, 2015] utput
classes
Full ResNetar_chitecture: I el — SJZ?:"e

- Stack residual blocks hooling layer

F(x) + x

after last
conv layer

- Every residual block has
two 3x3 conv layers

- Periodically, double # of
filters and downsample F(X) ]relu X

. . - identity

spatially using stride 2
(/2 in each dimension)

- Additional conv layer at

the beginning X
- No FC layers at the end Residual block
(only FC 1000 to output _

classes)




Case Study: ResNet

[He et al., 2015]

Total depths of 34, 50, 101, or
152 layers for ImageNet




ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners
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Comparing complexity...
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An Analysis of Deep Neural Network Models for Practical Applications, 2017.



Comparmg compIeXIty... Inception-v4: Resnet + Inception!

J Inception-v4
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ResNet-50 : VGG-16 VGG-19
75 1 751 ResNet-101
ResNet-34
s\i 70 é 70 1 ﬂ ResNet-18
8 8 oo GooglLeNet
o 3 ENet
9 65 1 S 651
E}‘ 'é‘ © BN-NIN
F 60 F 601 5M 35M 65M 95M 125M - 155M
BN-AlexNet
55 4 55 AlexNet
50 4 50 T T - - - T - -
P~\?’*$ AN $$ @\ e“ N & (, 6 \\\e s\“\e \Ae‘:\\\\e":)(\"(\ o Operations [G-Ops]
2 e2' o2 9 oV &
" e KR Q7 &7\

An Analysis of Deep Neural Network Models for Practical Applications, 2017.



VGG: Highest

Comparing complexity... memory, most

ope ratlons
Inception-v4
80 1 80 - .
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An Analysis of Deep Neural Network Models for Practical Applications, 2017.



: . GooglLeNet:
Comparing complexity... most efficient

Inception-v4
80 1 80 1 . ;
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An Analysis of Deep Neural Network Models for Practical Applications, 2017.



_ i AlexNet:
Comparing complexity... Smaller compute, still memory

heavy, lower accuracy
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An Analysis of Deep Neural Network Models for Practical Applications, 2017.



_ ) ResNet:
Comparing complexity... Moderate efficiency depending on

model, highest accuracy

Inception-v4
80 1 80 1 . .
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An Analysis of Deep Neural Network Models for Practical Applications, 2017.



Summary: CNN Architectures

VGG, GooglLeNet, ResNet all in wide use, available in model zoos
ResNet current best default, also consider SENet when available
Trend towards extremely deep networks

Significant research centers around design of layer / skip
connections and improving gradient flow

Efforts to investigate necessity of depth vs. width and residual
connections

Even more recent trend towards meta-learning



Questions?



Generative methods

* Unsupervised learning
* Generative models
e Generative adversarial networks (GANSs)



Supervised vs Unsupervised Learning

Supervised Learning

Data: (x, y)
X is data, y is label

Goal: Learn a function to map x ->y

Examples: Classification,
regression, object detection,
semantic segmentation, image
captioning, etc.
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Supervised vs Unsupervised Learning

Supervised Learning

Data: (x, y)
X is data, y is label

e

Goal: Learn a function to map x ->y

= ——

Examples: Classification, DOG. DOG. CAT
regression, object detection,
semantic segmentation, image Object Detection

captioning, etc.



Supervised vs Unsupervised Learning

Supervised Learning

Data: (x, y)
X is data, y is label

Goal: Learn a function to map x ->y

GRASS,
TREE, SKY

Examples: Classification,
regression, object detection,
semantic segmentation, image Semantic Segmentation
captioning, etc.



Supervised vs Unsupervised Learning

Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: Clustering,
dimensionality reduction, feature
learning, density estimation, etc.



Supervised vs Unsupervised Learning

Unsupervised Learning , o

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: Clustering,
dimensionality reduction, feature
learning, density estimation, etc.

K-means clustering



Supervised vs Unsupervised Learning

Unsupervised Learning

Data: x ~ =
Just data, no labels! et o V
Goal: Learn some underlying
hidden structure of the data 5.
E.xamp.les: Q'USte””Q’ Principal Component Analysis
dimensionality reduction, feature (Dimensionality reduction)

learning, density estimation, etc.



Supervised vs Unsupervised Learning

Reconstructed data

Unsupervised Learning
L2 Loss function: Ei?‘:’ag
|lz — &> +—— v
Data: x T i o A
o,
Just data, no labels! e | z | --H* —
Decodsr | onoder ddapr oy
Goal: Learn some underlying Features | 2 | -
hidden structure of the data | v—— Euﬁ_l
BN L&l
. Input data | T }7 !&Qw
Examples: Clustering, wlrid <« 5
dimensionality reduction, feature Autoencoders

learning, density estimation, etc. (Feature learning)



Supervised vs Unsupervised Learning

Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: Clustering,
dimensionality reduction, feature
learning, density estimation, etc.

1-d density estimation

2;d density estimation
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Supervised vs Unsupervised Learning

Supervised Learning Unsupervised Learning
Data: (x, y) Data: x
X is data, y is label Just data, no labels!

Goal: Learn a functionto map x->y  Goal: Learn some underlying

hidden structure of the data
Examples: Classification,

regression, object detection, Examples: Clustering,
semantic segmentation, image dimensionality reduction, feature
captioning, etc. learning, density estimation, etc.



Supervised vs Unsupervised Learning

Supervised Learning

Data: (x, y)
X is data, y is label

Goal: Learn a function to map x ->y

Examples: Classification,
regression, object detection,
semantic segmentation, image
captioning, etc.

Unsupervised Learning
Training data is cheap
Data: x \ Holy grail: Solve

Just data. no labels! unsupervised learning
’ => understand structure

of visual world
Goal: Learn some underlying

hidden structure of the data

Examples: Clustering,
dimensionality reduction, feature
learning, density estimation, etc.



Generative Models
Given training data, generate new samples from same distribution

B =y

Training data ~ p,,.(X) Generated samples ~p__.(X)

Want to learn p_ . (x) similar to p__._(X)



Generative Models
Given training data, generate new samples from same distribution

A —e

Training data ~ p,,.(X) Generated samples ~p . (X)

Want to learn p_ . (x) similar to p__._(X)

Addresses density estimation, a core problem in unsupervised learning

Several flavors:
- Explicit density estimation: explicitly define and solve for p_ . (x)
- Implicit density estimation: learn model that can sample from p_ . (x) w/o explicitly defining it



Why Generative Models?

- Realistic samples for artwork, super-resolution, colorization, etc.
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- Generative models of time-series data can be used for simulation and
planning (reinforcement learning applications!)

- Training generative models can also enable inference of latent

representations that can be useful as general features



Some background first: Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation
from unlabeled training data

Features >

T Encoder

Input data T




Some background first: Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation
from unlabeled training data

Originally: Linear +
nonlinearity (sigmoid)

Later: Deep, fully-connected
Later: ReLU CNN

Features > - —— ety T [N
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Some background first: Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation
from unlabeled training data

z usually smaller than x Originally: Linear +
(dimensionality reduction) nonlinearity (sigmoid)

Later: Deep, fully-connected

Q: Why dimensionality Later: ReLU CNN

reduction?

Features >

T Encoder
Input data €T




Some background first: Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation
from unlabeled training data

z usually smaller than x Originally: Linear +
(dimensionality reduction) nonlinearity (sigmoid)

Later: Deep, fully-connected

Q: Why dimensionality Later: ReLU CNN

reduction?

A: Want features to

" —’;. = b _" e
capture meaningful Features Z hah Y,

factors of variation in ’W
data T Encoder b BY 11 @

Pl
Input data T -E <€ .E




Some background first: Autoencoders

How to learn this feature representation?

Features >

T Encoder

Input data €T
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How to learn this feature representation?

Train such that features can be used to reconstruct original data
“Autoencoding” - encoding itself

Reconstructed 7
input data
T Decoder
Features L
T Encoder
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Input data




Some background first: Autoencoders

How to learn this feature representation?

Train such that features can be used to reconstruct original data

“Autoencoding” - encoding itself

Originally: Linear +
nonlinearity (sigmoid)

Reconstructed T Later: Deep, fully-connected
input data Later: ReLU CNN (upconv)
T Decoder
Features > ﬁﬁi i
T Encoder WAE@
) LR S
Input data T -H <€ .E




Some background first: Autoencoders _Reconstructed data

Wi =TI

How to learn this feature representation? ’3 .n
Train such that features can be used to reconstruct original data .sqn

“Autoencoding” - encoding itself -
-H: i

Encoder: 4-layer conv
Decoder: 4-layer upconv

Decoder A
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Reconstructed
input data

Encoder

T
Features >
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Input data
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Some background first: Autoencoders _Reconstructed data
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Some background first: Autoencoders _Reconstructed data

— -
rain such that features _ oesn’t use labels! =% J "y

b dt L2 Loss function:
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Encoder: 4-layer conv
Decoder: 4-layer upconv
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Some background first: Autoencoders

Reconstructed

input data

Features

Input data




Some background first: Autoencoders

Encoder can be
used to initialize a
supervised model

Predicted Label

Loss function
(Softmax, etc)

AN

Classifier

Features

Encoder

Input data

|
|

bird plane

dog deer truck

Train for final task

Fine-tune _ :
encoder (sometimes with
jointly with small data)
classifier

o M R



Some background first: Autoencoders

Autoencoders can reconstruct
data, and can learn features to
initialize a supervised model

Reconstructed T Features capture factors of
input data variation in training data. Can we
Decoder generate new images from an
autoencoder?
Features yA
T Encoder
Input data T




Variational Autoencoders: Generating Data!

Labeled Faces in the Wild

32x32 CIFAR-10

Figures copyright (L) Dirk Kingma et al. 2016; (R) Anders Larsen et al. 2017. Reproduced with permission.



Questions?



Course Evaluations

* https://apps.engineering.cornell.edu/CourseEval/
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