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Administrative

- A2 has a number of corrections on 
Pizza. They are fixed in most recent .zip 
file.

- Btw CNNs in Matlab: http://www.vlfeat.
org/matconvnet/

http://www.vlfeat.org/matconvnet/
http://www.vlfeat.org/matconvnet/
http://www.vlfeat.org/matconvnet/
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[Simonyan et al. 2014]
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Where we are...



Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 2015Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 20154



Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 2015Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 20155

before:

now:

output layer

input layer
hidden layer 1 hidden layer 2
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DEPTH

WIDTH

HEIGHT

Every stage in a ConvNet has activations of three dimensions:
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CONV
ReLU

CONV
ReLU

POOLCONV
ReLU

CONV
ReLU

POOL CONV
ReLU

CONV
ReLU

POOL FC
(Fully-connected)
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Typical ConvNets look like:

[CONV-RELU-POOL]xN,[FC-RELU]xM,FC,SOFTMAX or

[CONV-RELU-CONV-RELU-POOL]xN,[FC-RELU]xM,FC,SOFTMAX

N >= 0, M >=0

Note:
(last FC layer should not have RELU - these are the class scores)
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Convolutional Layer

Just like normal Hidden Layer BUT:

- Connect neurons to the input 
in a local receptive field

- All neurons in a single depth 
slice share weights
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The weights of this neuron visualized
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convolving the first filter in the input gives 
the first slice of depth in output volume
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1 1 2 4

5 6 7 8

3 2 1 0

1 2 3 4

Single depth slice

x

y

max pool with 2x2 filters 
and stride 2 6 8

3 4

Max Pooling Layer downsampling
32

32
16

16

Pooling layer downsamples every activation 
map in the input independently with max.
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Modern CNN trend toward:

- Small filter sizes (3x3 and less)
- Small pooling sizes (2x2 and less)
- Small strides (stride = 1, ideally)
- Deep

- Conv Layers should pad with zeros to not reduce spatial size
- Pool Layers should reduce size once in a while
- Eventually Fully-Connected Layers take over
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INPUT: [224x224x3]        memory:  224*224*3=150K   params: 0
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: 0
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: 0
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: 0
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: 0
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

(not counting biases)

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

Note:

Most memory is in 
early CONV

Most params are
in late FC
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[Simonyan et al. 2014]
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TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

...
POOL2: [14x14x512]  memory:  14*14*512=100K   params: 0
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: 0
POOL2: [7x7x512]  memory:  7*7*512=25K  params: 0
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

“CNN code”

A CNN transforms the 
image to 4096 numbers 
that are then linearly 
classified.

Q: What are the properties of the 
learned CNN representation?
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Method 3: Visualizing the CNN code representation
(“CNN code” = 4096-D vector before classifier)

query image nearest neighbors in the “code” space

(But we’d like a more global way to visualize the distances)
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t-SNE visualization
[van der Maaten & Hinton]

Embed high-dimensional points so that 
locally, pairwise distances are conserved

i.e. similar things end up in similar 
places. dissimilar things end up wherever

Right: Example embedding of MNIST 
digits (0-9) in 2D
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t-SNE visualization:

two images are 
placed nearby if their 
CNN codes are 
close. See more:

http://cs.stanford.
edu/people/karpathy/cnnembed/

http://cs.stanford.edu/people/karpathy/cnnembed/
http://cs.stanford.edu/people/karpathy/cnnembed/
http://cs.stanford.edu/people/karpathy/cnnembed/
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t-SNE visualization
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Q: What images maximize the score of 
some class in a ConvNet?



Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 2015Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 201522

1. Find images that maximize some class score:

Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

Score for class c
(before Softmax)

Remember:



Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 2015Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 201523

1. Find images that maximize some class score:

Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014
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1. Find images that maximize some class score:

Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014
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2. Visualize the 
Data gradient:

(note that the gradient on 
data has three channels. 
Here they visualize M, s.t.:

(at each pixel take abs val, and max 
over channels)

Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

M = ?
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2. Visualize the 
Data gradient:

(note that the gradient on 
data has three channels. 
Here they visualize M, s.t.:

(at each pixel take abs val, and max 
over channels)

Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014
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Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps
Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, 2014

- Use grabcut for 
segmentation
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Q: What do the individual neurons 
look for in an image?
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Rich feature hierarchies for accurate object detection and semantic segmentation
[Girshick, Donahue, Darrell, Malik]
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Visualizing arbitrary neurons along the way to the top...

Visualizing and Understanding Convolutional Networks
Zeiler & Fergus, 2013
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Visualizing arbitrary neurons along the way to the top...
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Visualizing 
arbitrary 
neurons along 
the way to the 
top...
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Question: Given a CNN code, is it 
possible to reconstruct the original 
image?
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Understanding Deep Image Representations by Inverting Them
[Mahendran and Vedaldi, 2014]

original image
reconstructions
from the 1000 
log probabilities 
for ImageNet 
(ILSVRC) 
classes
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Find an image such that:
- Its code is similar to a given code
- It “looks natural” (image prior regularization)

Solve using SGD + Momentum
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Reconstructions from the representation after last last pooling layer
(immediately before the first Fully Connected layer)
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Reconstructions from intermediate layers
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Multiple reconstructions. Images in quadrants 
all “look” the same to the CNN (same code)
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We can pose an optimization over the input 
image to maximize any class score. That seems 
useful.

Question: Can we use this to “fool” ConvNets?
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Intriguing properties of neural networks
[Szegedy et al.]

correct +distort ostrich correct +distort ostrich
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These kinds of results were around even before ConvNets…

Exploring the Representation Capabilities of the HOG Descriptor
[Tatu et al., 2011]

Identical HOG represention
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Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images
[Nguyen, Yosinski, Clune]

>99.6% 
confidences
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Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images
[Nguyen, Yosinski, Clune]

>99.6% 
confidences
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Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images
[Nguyen, Yosinski, Clune]

>99.12% 
confidences
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EXPLAINING AND HARNESSING ADVERSARIAL EXAMPLES
[Goodfellow, Shlens & Szegedy, 2014]

“primary cause of neural networks’ vulnerability to adversarial
perturbation is their linear nature“
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EXPLAINING AND HARNESSING ADVERSARIAL EXAMPLES
[Goodfellow, Shlens & Szegedy, 2014]

“primary cause of neural networks’ vulnerability to adversarial
perturbation is their linear nature“

(btw Jon Shlens is coming to give a talk in this class on March 2nd)
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Lets fool a binary linear classifier:
(logistic regression)
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2 -1 3 -2 2 2 1 -4 5 1

-1 -1 1 -1 1 -1 1 1 -1 1

Lets fool a binary linear classifier:

x

w

input example

weights
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2 -1 3 -2 2 2 1 -4 5 1

-1 -1 1 -1 1 -1 1 1 -1 1

Lets fool a binary linear classifier:

x

w

input example

weights

class 1 score = dot product:
= -2 + 1 + 3 + 2 + 2 - 2 + 1 - 4 - 5 + 1 = -3
=> probability of class 1 is 1/(1+e^(-(-3))) = 0.0474
i.e. the classifier is 95% certain that this is class 0 example.



Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 2015Fei-Fei Li & Andrej Karpathy Lecture 8 - 2 Feb 201553

2 -1 3 -2 2 2 1 -4 5 1

-1 -1 1 -1 1 -1 1 1 -1 1

? ? ? ? ? ? ? ? ? ?

Lets fool a binary linear classifier:

x

w

input example

weights

adversarial x

class 1 score = dot product:
= -2 + 1 + 3 + 2 + 2 - 2 + 1 - 4 - 5 + 1 = -3
=> probability of class 1 is 1/(1+e^(-(-3))) = 0.0474
i.e. the classifier is 95% certain that this is class 0 example.
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2 -1 3 -2 2 2 1 -4 5 1

-1 -1 1 -1 1 -1 1 1 -1 1

1.5 -1.5 3.5 -2.5 2.5 1.5 1.5 -3.5 4.5 1.5

Lets fool a binary linear classifier:

x

w

input example

weights

adversarial x

class 1 score before:
-2 + 1 + 3 + 2 + 2 - 2 + 1 - 4 - 5 + 1 = -3
=> probability of class 1 is 1/(1+e^(-(-3))) = 0.0474
-1.5+1.5+3.5+2.5+2.5-1.5+1.5-3.5-4.5+1.5 = 2
=> probability of class 1 is now 1/(1+e^(-(2))) = 0.88
i.e. we improved the class 1 probability from 5% to 88%
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2 -1 3 -2 2 2 1 -4 5 1

-1 -1 1 -1 1 -1 1 1 -1 1

1.5 -1.5 3.5 -2.5 2.5 1.5 1.5 -3.5 4.5 1.5

Lets fool a binary linear classifier:

x

w

input example

weights

adversarial x

This was only with 10 input 
dimensions. A 224x224 input 
image has 150,528.

(It’s significantly easier with 
more numbers, need smaller 
nudge for each)

class 1 score before:
-2 + 1 + 3 + 2 + 2 - 2 + 1 - 4 - 5 + 1 = -3
=> probability of class 1 is 1/(1+e^(-(-3))) = 0.0474
-1.5+1.5+3.5+2.5+2.5-1.5+1.5-3.5-4.5+1.5 = 2
=> probability of class 1 is now 1/(1+e^(-(2))) = 0.88
i.e. we improved the class 1 probability from 5% to 88%
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EXPLAINING AND HARNESSING ADVERSARIAL EXAMPLES
[Goodfellow, Shlens & Szegedy, 2014]

“primary cause of neural networks’ vulnerability to adversarial
perturbation is their linear nature“

In particular, this is not a problem with Deep Learning, and 
has little to do with ConvNets specifically. Same issue 
would come up with Neural Nets in any other modalities.
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Question: When does CNN work well and 
when does it not?
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ImageNet (ILSVRC competition) analysis
1. Detecting avocados to zucchinis: what have we done, and where are we going?
2. ImageNet Large Scale Visual Recognition Challenge

[Olga Russakovsky et al.]
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(Amount of texture)
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CNN vs. Human
[What I learned from competing against a ConvNet on ImageNet]
Karpathy, 2014: http://bit.ly/humanvsconvnet

Try it out yourself: http://cs.stanford.edu/people/karpathy/ilsvrc/

http://bit.ly/humanvsconvnet
http://cs.stanford.edu/people/karpathy/ilsvrc/
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:’(
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GoogLeNet: 6.8%
Andrej: 5.1% phew...
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In Summary:
- We looked at several works that try to visualize how 

ConvNets work and what they learn

- We saw that you can “break them”, but this is not a 
problem with deep learning (in fact, DL will be the 
solution), and has little to do with Computer Vision or 
ConvNets. It’s a problem with the mathematical forms 
we use in forward pass and training objective.

- We looked at where ConvNets work and don’t work
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Next Lecture:

Transfer Learning and Finetuning 
ConvNets
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A single neuron is not 
distinguished in any way. 
Instead, it’s just one of the 
axes in a representation 
space.

Intriguing properties of 
neural networks
[Szegedy et al.]


