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Overview

* Primarily about object recognition, using
supervised ConvNet models

* Focus on natural images

— Rather than digits
— Classification & Detection

* Brief discussion of
other vision problems




Motivation




Existing Recognition Approach

Image/Video
Pixels

* Features are not learned

(U

Hand-designed
Feature
Extraction

v

\_

Trainable
Classifier

v

— Object
Class

* Trainable classifier is often generic (e.g. SVM)




Motivation

* Features are key to recent progress in recognition

* Multitude of hand-designed features currently in use
— SIFT, HOG, LBP, MSER, Color-SIFT.............

* Where next? Better classifiers? Or keep building
more features?
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Felzenszwalb, Girshick, Yan & Huang
McAllester and Ramanan, PAMI 2007  (Winner of PASCAL 2010 classification competition)




Hand-Crafted Features
°1°"L"F;lé"Miﬁiiﬁié'ké}}iéiLéé}}}}'r{é'{[\}[k[)' .........................

— Gehler and Nowozin, On Feature Combination for
Multiclass Object Classification, ICCV’09

« 39 different kernels

— PHOG, SIFT, V1S+,
Region Cov. Etc.

* MKL only gets

Caltech-256 (39 kernels)

few % gain over 3
ave rag i ng fe atu res § ; : “T-e- bést feature
Q] 2 e —e— product
- Features are e e
d Oi n g th e WO rk :i -—:-:IC_BF:I;fE\ Holub and Perona (TR06) '
8 : @® Pinto, Cox and DiCarlo (PLOS08)

) 30 40 50
#training examples




What about Learning the Features?

* Perhaps get better performance?

* Deep models: hierarchy of feature extractors

* All the way from pixels —> classifier

* One layer extracts features from output of previous layer

Image/Video Simple
Pixels = I I I Classifier

* Train all layers jointly




Deep
Learning




SUPERVISED

OF%ecurrent Neiural Net
O
O Convolutional Boosting
Neural Net
O
Neural Net Perceptron o
SVM
DEEP SHALLOW
Deep (sparse/denoising) AutoencoderNeural Net
OAutoenc:oder O
Sparse Codin%
SP GMM
O Cg)eep Belief Net Restricted BM O
O
BayesNP

@ UNSUPERVISED  Slide: M. Ranzatd




Multistage Hubel&Wiesel Architecture

Slide: Y.LeCun

[Hubel & Wiesel 1962]
« simple cells detect local features
* complex cells “pool” the outputs
of simple cells within a retinotopic

neighborhood.

~l " =

Z A=

= [l R ==

~ [ER 1 &=

<

el -

=Bl :

~) 8 Lo

B

contrast recognition ﬂ i -
extraction layer 3 m
=3 -—

| 3 s

: : Ny T =3
Cognitron / Neocognitron al 4

[Fukushima 1971'1?82] Convolutional Networks
* Also HMAX [Poggio 2002-2006] [LeCun 1988-present]




[Reading - Chapter 5.1 - 5.3 @ Bishop 2006]
Short Intro: “Standard” Neural Networks

Core component of a neural network: processing unit = neuron of the human brain.

A processing unit maps multiple input values onto one output value y:

A unit is labeled
/ according to its output

y := f(z)

<Y

» x1,...,xp are inputs, e.g. from other processing units within the network.
» wy is an external input called bias.
» The propagation rule maps all input values onto the actual input =.

» The activation function is applied to obtain y = f(2).

slide taken from David Stutz (Aachen)

| p J | poplanckinsit High L evel Computer Vision - June 9, 2016 12



Short Intro: Perceptron

Introduced by Rosenblatt in [Rosenblatt 58].

The (single-layer) perceptron consists of D input units and C output units.
» Propagation rule: weighted sum over inputs z; with weights w;;.
» Input unit z: single input value z = x; and identity activation function.

» Output unit 5 calculates the output

D D
yj(z, w) = f(z;) = f (Z W;jkTk + ’wjo> = 5 (Z ’wjka?k;) .
k=0

k=1
propagation rule with additional bias w /

slide taken from David Stutz (Aachen)

| p J | poplanckinsit High L evel Computer Vision - June 9, 2016 13



Short Intro: Perceptron

Additional unit ¢ := 1

fto include the bias as weight
e

Units are arranged
in la yo(z, w)
©
rp —»
K g Mg
Input layer output layer

slide taken from David Stutz (Aachen)

| p B [ ppplanckinsit High Level Computer Vision - June 9, 2016 14



Short Intro: Perceptron - Activation Functions

Used propagation rule: weighted sum over all inputs.

How to choose the activation function f(z)?

» Heaviside function h(z) models the electrical impulse of neurons in the human brain:

1 ifz>
h(z):{ a2l
0 ifz<0

In general we prefer monotonic, differentiable activation functions.

» Logistic sigmoid o(z) as differentiable version of the Heaviside function:

1 &

1 X

1 + exp(—=2)

o(z) =

-2 0 2
z

» Or its extension for multiple output units, the softmax activation function:

exp(z;)

. .
>, exp(z1)

g zt) =

THE D R s High Level Computer Vision - June 9, 2016 slide taken from David Stutz (Aachenjs



Single Layer Perceptron

Which target functions can be modeled using a single-layer perceptron?

» A single-layer perceptron represents a hyperplane in multidimensional space.

T2

N
) e}
(0,1) (1,1)
(0,0) (1,0)
@ O 2

Modeling boolean AND with target function g(z,, z,) € {0, 1}.

Problem: How to model boolean exclusive OR (XOR) using a line in two-dimensional space?

» Boolean XOR cannot be modeled using a single-layer perceptron.

| o

(0,1) (1,1)

(0,0) (1,0)
o o s,

Boolean exclusive OR target function.

slide taken from David Stutz (Aachen)

| p B | poplanckinsit— High |evel Computer Vision - June 9, 2016 16
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Short Intro: Two-Layer Perceptron

hidden layer
/_/R‘

TS OO

o A )= )
S

. P
input layer output layer

slide taken from David Stutz (Aachen)

| p J | poplanckinsit High L evel Computer Vision - June 9, 2016 17



Short Intro: Multi-Layer Perceptron (MLP)

Idea: Add additional L > 0 hidden layers in between the input and output layer.
» m) hidden units in layer (1) with m(® := D and m*+Y := C.

» Hidden unit z in layer [ calculates the output

layer © m(=1)
(l) Z T
ik y .
' /A k=0
unit

A multilayer perceptron models a function

y1(:13, ,w) y§L+1)
y('a w) : RP — RC,CB —> y(az,w) = - .

ye(z, w) yéL+1)

(L+1)

where y, is the output of the z-th output unit.

slide taken from David Stutz (Aachen)
| p B [ ppplanckinsit High Level Computer Vision - June 9, 2016 18




Network Training

Training a neural network means adjusting the weights to get a good approximation of the target
function.

How does a neural network learn?

» Supervised learning: Training set T provides both input values and the corresponding target

values:
— input value — pattern
o P P
Ti={lat) 1< n<E N} (6)
o

target value -

» Approximation performance of the neural network can be evaluated using a distance mea-
sure between approximation and target function.

slide taken from David Stutz (Aachen)

| p B | poplanckinsit— High |evel Computer Vision - June 9, 2016 19
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Network Training - Error Measures

Sum-of-squared error function: k-th component

/ Welght vactar '/ of modeled function y
N

1 N C
E(w) = ) En(w) = = D (Yk(@n, w) — tar)?
n=1 n=1 k=1

\ k-th entry of ¢,

E(w) =) En(w)= Z > tuklog yr(zn, w).
n=1 n=1 k=1

Cross-entropy error function:

slide taken from David Stutz (Aachen)

| p J | poplanckinsit High L evel Computer Vision - June 9, 2016 20



Network Training - Approaches

Idea: Adjust the weights such that the error is minimized.

Stochastic training Randomly choose an input value z,, and update the weights based on the
error E,,(w).

Mini-batch training Process asubset M C {1,..., N} of all input values and update the weights
based on the error ), ., E,(w).

Batch training Process all input values =,,, 1 < n < N and update the weights based on the
overall error E(w) = S| E,(w).

slide taken from David Stutz (Aachen)

il p J | poplanckinsit High L evel Computer Vision - June 9, 2016 21



Network Training - Parameter Optimization

How to minimize the error E(w)?
Problem: E(w) can be nonlinear and may have multiple local minima.

Iterative optimization algorithms:

» Let w[0] be a starting vector for the weights.
» wlt] is the weight vector in the t-th iteration of the optimization algorithm.

» In iteration [t + 1] choose a weight update Aw|t] and set
w(t + 1] = w[t] + Aw|t].

» Different optimization algorithms choose different weight updates.

slide taken from David Stutz (Aachen)

il p J | poplanckinsit High L evel Computer Vision - June 9, 2016 22



Parameter Optimization by Gradient Descent

Idea: In each iteration take a step in the direction of the negative gradient.

» The direction of the steepest descent.

» Weight update Aw|t] is given by

w
\d learning rate — step size

slide taken from David Stutz (Aachen)

| p J | poplanckinsit High L evel Computer Vision - June 9, 2016 23



Illl——_—_—_—__—————————————————a——————————
Backpropagation =
Parameter Optimization by Gradient Descent

Summary: We want to minimize the error E(w) on the training set 7" to get a good approximation
of the target function.

Using gradient descent and stochastic learning, the weight update in iteration [t + 1] is given by

oFE
() (1) n
w[t + 1].,-: = w[t]i- — Y — (11)
’ d Bw[t]g-)

How to evaluate the gradient -2 E(';) of the error function with respect to the current weight vector?

ow:
1

J

Using the chain rule we can write:

dE, OE, 8z

ng) B Bzgl) ng) .

(12)

='y§-l_1)

slide taken from David Stutz (Aachen)
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INSSS—S—S——— — ———————,  ———S— —H — — — —
Backpropagation =
Parameter Optimization by Gradient Descent

Error backpropagation allows to evaluate % for each weight in O(W) where W is the total

j

number of weights:

(1) Calculate the errors 6§L+1) for the output layer:

OFE OFE
(L+1) n n_ oy (_(L+1)
o 550 = gyt (7). (19)

» The output errors are often easy to calculate.

> For example using the sum-of-squared error function and the identity as output activation
function:

C L+1
81150 (uF Y — tor)?
ayZ(L-f-l)

51@"'1) = -1 = yi(xn, w) — ty. (14)

slide taken from David Stutz (Aachen)

| p B | poplanckinsit— High |evel Computer Vision - June 9, 2016 25

informati



INSSS—S—S——— — ———————,  ———S— —H — — — —
Backpropagation =
Parameter Optimization by Gradient Descent

(2) Backpropagate the errors 5fL+1) through the network using

) oF,, rif D) L (I41) g(I+1)
0" = 920 f (zi ) >y, e (15)
i k=1

» This can be evaluated recursively for each layer after determining the errors 52@“) for the
output layer.

slide taken from David Stutz (Aachen)

| p J | poplanckinsit High L evel Computer Vision - June 9, 2016 26
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INSSS—S—S——— — ———————,  ———S— —H — — — —
Backpropagation =
Parameter Optimization by Gradient Descent

(3) Determine the needed derivatives using

(1)
BEn _ 8En Bzi _ 5(0 (l—l).
ng-) 8z§l) awg-) L

Bw(l.)
ij

Now use the derivatives to update the weights in each iteration.

» In iteration step [t + 1] set

o _ OFE,

() ¥ g
T owlt]y]

wlt + 1] = wli]

slide taken from David Stutz (Aachen)
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Convolutional Neural Networks

 LeCun et al. 1989

 Neural network with
specialized connectivity
structure

C3:f. maps 16@10x10
C1: feature maps S4:f. maps 16@5x5

o 6@28x28 5T 0s | B
N4 .layer ‘
6@14x14 | \120 y f;ez. layer ?BJTPUT

B> ik \ T Sy

‘ Fullconrl.ection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection




Convnet Successes

* Handwritten text/digits
— MNIST (0.17% error [Ciresan et al. 2011])
— Arabic & Chinese [Ciresan et al. 2012]

Cad
-

* Simpler recognition benchmarks
— CIFAR-10 (9.3% error [Wan et al. 2013])

— Traffic sign recognition
* 0.56% error vs 1.16% for humans [Ciresan et al. 2011]

(BB
Eas=es

- e e
<

* But (until recently) less good at
more complex datasets
— E.g. Caltech-101/256 (few training examples)




Characteristics of Convnets

Feature maps
. Feed-forward: | Feauromaps

— Convolve input f

— Non-linearity (rectified linear)
— Pooling (local max) / (=subsampling) '

« Supervised
 Train convolutional filters by
back-propagating classification error
Convolution (Learned)

32x32 REEBIZH S2: f. maps \S‘Iayer
< : F6: layer OUTPUT
6@14x14 120 w10 |nput |mage
k
| | |

B —— e
| FullconAection ,

aussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection [LeCun et al 1989]




Application to ImageNet

"Mﬂ - [Deng et al. CVPR 2009]

« ~14 million labeled images, 20k classes

* Images gathered from Internet

« Human labels via Amazon Turk

ImageNet Classification with Deep Convolutional
Neural Networks [INIPS 2012]

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca ilya@cs.utoronto.ca hinton@cs.utoronto.ca




Krizhevsky et al. [NIPS2012]

* Same model as LeCun’98 but:
- Bigger model (8 layers)
- More data (106 vs 103 images)
- GPU implementation (50x speedup over CPU)
- Better regularization (DropQOut)

dense dcnsc

1000

128 Max

pooling 2948 2048

* 7 hidden layers, 650,000 neurons, 60,000,000 parameters
* Trained on 2 GPUs for a week



ImageNet Classification 2012

* Krizhevsky et al. - 16.4% error (top-5)
* Next best (non-convnet) — 26.2% error

30 —

225 — S —_— —

15 —— — — — — —

Top-5 error rate

75 —— — — — — S

SuperVision ISI Oxford INRIA Amsterdam




Commercial Deployment




Intuitions Behind
Deep Networks

(following slides from Marc Aurelio Ranzato - Google)




Building an Object Recognition System

“CA Rll

IDEA: Use data to optimize features for the given task.

2

Ranzato -"




Building an Object Recognition System

CLASSIFIER

What we want: Use parameterized function such that
a) features are computed efficiently
b) features can be trained efficiently

-
b,

Ranzato -"




Building an Object Recognition System

END-TO-END
RECOGNITION

SYSTEM

- Everything becomes adaptive.
- No distiction between feature extractor and classifier.
- Big non-linear system trained from raw pixels to labels.

4
Ranzato -"




Building an Object Recognition System

END-TO-END
RECOGNITION

SYSTEM

Q: How can we build such a highly non-linear system?

A: By combining simple building blocks we can make more and more
complex systems.

5

Ranzato -"




Building A Complicated Function

Simple Functions

One Example of
Complicated Function

log (cos (exp (sin’(x))))

- Function composition is at the core of

- deep learning methods.

- Each "simple function” will have
parameters subject to fraining. ,

Ranzato *§




Implementing A Complicated Function

Complicated Function

log (cos (exp (sin’(x))))




Intuition Behind Deep Neural Nets

NOTE: Each black box can have trainable parameters.
Their composition makes a highly non-linear system.

10
Ranzato -"




Intuition Behind Deep Neural Nets

Intermediate representations/features

NOTE: System produces a hierarchy of features.

11
Ranzato -"




Intuition Behind Deep Neural Nets

TN TP

N NNINSs=IESE

%
Lee et al. "Convolutional DBN's for scalable unsup. learning...” ICML 2009 Ranzato % ’




Intuition Behind Deep Neural Nets

13

B
Lee et al. ICML 2009 Ranzato *4




Intuition Behind Deep Neural Nets

14

" - '] 2 - . ‘
Lee et al. ICML 2009 anzato =




KEY IDEAS OF NEURAL NETS
IDEA # 1

Learn features from data

IDEA # 2

Use differentiable functions that produce
features efficiently

IDEA # 3

End-to-end learning:
no distinction between feature extractor and classifier

IDEA # 4

"Deep” architectures:
cascade of simpler non-linear modules

15

Ranzato -'l




FULLY CONNECTED NEURAL NET

Example: 1000x1000 image
- 1M hidden units
m) 10712 parameters!!!

- Spatial correlation is local

- Better to put resources elsewherel .

Ranzato -"




LOCALLY CONNECTED NEURAL NET

—~_— =
i e
7 LA & - R
o ar —%
| —
s A
x 7 - / =
" A .
v’ \\
: Z :
> - ’
» ~ v

S\ Example: 1000x1000 image

= . IM hidden units
Filter size: 10x10

100M parameters

60
Ranzato %’




LOCALLY CONNECTED NEURAL NET

STATIONARITY? Statistics is
similar at different locations

Example: 1000x1000 image
. IM hidden units
Filter size: 10x10

\ 100M parameters

Ranza’ro -’




CONVOLUTIONAL NET

Share the same parameters across
different locations:
Convolutions with learned kernels

Ranza’ro -’




CONVOLUTIONAL NET

Learn multiple filters.

E.g.: 1000x1000 image
100 Filters
Filter size: 10x10
10K parameters

64
Ranzato g;:’




NEURAL NETS FOR VISION

A standard neural net applied to images:
- scales quadratically with the size of the input
- does not leverage stationarity

Solution:
- connect each hidden unit to a small patch of the input
- share the weight across hidden units

This is called: convolutional network.

LeCun et al. "6Gradient-based learning applied to document recognition” IEEE 1998

65
Ranzato -'l




CONVOLUTIONAL NET

By "pooling” (e.g., max or average) filter
responses at different locations we gain
robustness to the exact spatial location
of features.

AN

A QAN AT
BV -

R B, NS N S
] o A N ‘- -,,.“\
|/ VA NS ~\-\
y 5,» RO\

67
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Large Convnets
for
Image Classification




Large Convnets for Image Classification

» Operations in each layer
 Architecture
* Training

* Results




Components of Each Layer

- Filter with w
Poels ! mp | pictionary 12 M| N AL

Features |
(convolutional H -

or tiled)

Spatial/Feature
(Sum or Max)

Normalization

[Optional] between Output Features
feature responses ‘ P




Compare: SIFT Descriptor

Image
Pixels ‘ Apply

fil - |
Gabor filters =
R o

Spatial pool
(Sum)

Feature
‘ Vector

Normalize to unit
length




Non-Linearity
* Non-linearity
— Per-feature independent

— Sigmoid: 1/(1+exp(-x))

* Simplifies backprop
* Makes learning faster
* Avoids saturation issues

- Preferred option




Pooling

« Spatial Pooling
— Non-overlapping / overlapping regions
— Sum or max
— Boureau et al. ICML’10 for theoretical analysis




Architecture

Importance of Depth




Architecture of Krizhevsky et al.

Softmax Output

* 8 layers total Layer 7: Full

_ Layer 6: Full
* Trained on Imagenet

dataset [Deng et al. CVPR'09] Layer 5: Conv + Pool

Layer 4: Conv

* 18.2% top-5 error

Layer 3: Conv

Layer 2: Conv + Pool

* Our reimplementation:
18.1% top-5 error Layer 1: Conv + Pool

I.I.I.I.I.I.I.I.I

Input Image




Architecture of Krizhevsky et al.

Softmax Output

* Remove top fully
connected layer
— Layer 7 Layer 6: Full

Layer 5: Conv + Pool

* Drop 16 million
parameters Layer 4: Conv

Layer 3: Conv
* Only 1.1% drop in
performance! Layer 2: Conv + Pool

Layer 1: Conv + Pool

| sofimax Ouput_
|
BT
Lover s Conv - Pool_
BT
BT
 Layer 2 Conv + Pool_
= F
| Laver:Conv - PooL
| nputimage

Input Image




Architecture of Krizhevsky et al.

Softmax Output

* Remove both fully connected
layers

—Layer6 & 7

Layer 5: Conv + Pool
» Drop ~50 million parameters 2
Layer 4: Conv
e
: Layer 3: Conv
* 5.7% drop in performance

x

Layer 2: Conv + Pool

o F

Layer 1: Conv + Pool

=

Input Image




Architecture of Krizhevsky et al.

_ 2 >
Now try removing upper feature

extractor layers: S

R =
Layer 5: Conv + Pool

* Drop ~1 million parameters

* 3.0% drop in performance

Layer 2: Conv + Pool

Layer 1: Conv + Pool

Input Image




Architecture of Krizhevsky et al.

Softmax Output

* Now try removing upper feature
extractor layers & fully connected:
— Layers 3,4, 6,7

Layer 5: Conv + Pool

* Now only 4 layers

* 33.5% drop in performance

Layer 2: Conv + Pool

- Depth of network is key

Layer 1: Conv + Pool

Input Image




Tapping off Features at each Layer

Plug features from each layer into linear SVM or soft-max

Cal-101 Cal-256
(30/class) | (60/class)
SVM (1) 44.8 £ 0.7 |24.6 £0.4
SVM (2) 66.2 0.5 [39.6 =0.3
SVM (3) 72.3+0.4 146.0£ 0.3
SVM (4) 76.6 0.4 |51.3+0.1
SVM (5) 86.2 +0.8|65.6 0.3
SVM (7) 85.5+04|71.7 +0.2
Softmax (5) [82.9 0.4 |65.7 0.5
Softmax (7) |85.4+0.4|72.6 £ 0.1




Translation (Vertical

—— Lawn Mower

—— Shih—-Tzu

—— African Crocodile
African Grey

—— Entertrainment Center

—— Lawn Mower

—— Shih—-Tzu

— African Crocodile
African Grey

—— Entertrainment Center

—— Lawn Mower

—— Shih=Tzu

— African Crocodile
African Grey
Entertrainment Center

20 40 60




Scale Invariance

£
“

N/
/ /

.‘-‘ ”‘V == > -
'\‘ ’:' p‘ 'ﬁ“ ﬁ‘ ‘ _ —— Lawn Mower

—— Shih—-Tzu

—— African Crocodile
African Grey

—— Entertrainment Center

—— Lawn Mower
—— Lawn Mower —— Shih—Tzu

—— Shih—-Tzu — African Crocodile
— African Crocodile African Grey

African Grey : — Entertrainment Center
Entertrainment Center

1.6 118 . . 1.6 1.8




Rotation Invariance

VL]

—— Lawn Mower

——Shih—-Tzu

— African Crocodile
African Grey

— Entertrainment Center

250 300

N
V

—— Lawn Mower / —— Lawn Mower

—— Shih-Tzu ) —— Shih—-Tzu

— African Crocodile ‘ —— African Crocodile
African Grey . African Grey
Entertrainment Center —— Entertrainment Center

100 150 200 250 300

150 200 250 300 350




Visualizing
ConvNets




Visualizing Convnets

* Raw coefficients of learned filters in higher
layers difficult to interpret

* Several approaches look to optimize input
to maximize activity in a high-level feature
— Erhan et al. [Tech Report 2009]

— Le et al. [NIPS 2010] P

— Depend on initialization

_ Model invariance with Hessian about |
(locally) optimal stimulus




Visualization using Deconvolutional Networks

[Zeiler et al. CVPR’10, ICCV’11, arXiv’'13]

* Provide way to map activations
at high layers back to the input

* Same operations as Convnet,
but in reverse: $

— Unpool feature maps
— Convolve unpooled maps
* Filters copied from Convnet ‘
Convolution (learned)

« Used here purely as a probe ‘

— Oiriginally proposed as unsupervised
earning methoc

— No inference, no learning




Deconvnet Projection from Higher Layers
[Zeiler and Fergus. arXiv’13]

Layer 2: Feature maps

Layer 1: Feature maps

|

Layer 2 Reconstruction
Layer 1 Reconstruction

Deconvnet
19UAUOND

Input Image

Visualization




Unpooling Operation

Unpoohng Pooling

Max Locations
“Switches”

Unpooled Rectified

Maps Feature Maps

Layer Above
Reconstruction




Layer 1 Filters




Visualizations of Higher Layers

[Zeiler and Fergus. arXiv’13]

Use ImageNet 2012 validation set
* Push each image through network

. Filters

)

1

—

Validation Images

Take max activation from
feature map associated
with each filter

Use Deconvnet to project
back to pixel space

Use pooling “switches”
peculiar to that activation




Layer 1: Top-9 Patches
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Layer 2: Top-9

* NOT SAMPLES FROM MODEL
3 * Just parts of input image that give strong activation of this feature map
Non-parametric view on invariances learned by model
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ImageNet Classification 2013 Results

* http://www.image-net.org/challenges/LSVRC/2013/results.php
0.17

0.1525 -

0.135 —

0.1175 —

0.1
Clarifai (extra data) NUS Andrew Howard UvA-Euvision Adobe CognitiveVision

e Pre-2012: 26.2% error = 2012: 16.5% error > 2013: 11.2% error




Sample Classification Results

[Krizhevsky et al. NIPS’12]

jaguar

cockroach cheetah
tick bumper car snow leopard
golfcart Egyptlan cat

agaric
mushroom spider monkey
jelly fungus elderberry | | titi
beach wagon | gill fungus |ffordshire bullterrier | indri
fire engine | dead-man's-fingers currant | howler monkey




