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ć½ÿj¹wĉ 5 ĂÍĒ·CNN

ÅĂî{ÉĈ{ÎÝówþÉĀõĀýwíwĉConvolutional Neural NetworkswĉConvNet

ÅĈÝĀý¿vćwă Ăî{ÉĈ{ÎÝèĊúÝ
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ć½ÿj¹wĉ 5 ćvÀ«vówþÉĀõĀýwí Ĉ{ÎÝ Ăî{É

ÅówþÉĀõĀýwí Ĉ{ÎÝ Ăî{É ćwă Ăĉđ
Åć¹ÿ½ÿ

Å¾ĉĀÎ£ Ówêý ¿v ÷w· ¾ĉ¹wêù ü¤å¾ñ

Å üÉĀõĀýwí$CONV#
Åć¹ÿ½ÿ ø¬³ ¿v ì¯Āí ĂĊ³wý ìĉ ÿ ûÿ½Āý ćwĄý¿ÿ üĊz ćv ĂÖêý x¾Ñ Ă{Åw´ù

Å ĈÖ· ±ĒÍv$RELU#
Å¾ÍwþÝ Ăz Üzw£ ìĉ ówúÝv
Åø¬³ ¹wÞzv ¾ĊĊâ£ ÷ºÝ

ÅPOOL
Å Ĉýwîù ¹wÞzv ¹vº¤ùv ½¹ ć½v¹¾z ĂýĀúý Èăwí$Ûwæ£½v ÿ Ï¾Ý#

ÅFC
ÅÃĒí ¾ă ¿wĊ¤ùv Ă{Åw´ù
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ĂýĀúý ¹wÞzv

32x32x3

32x32x12
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 Ăî{É ¹¾îöúÝówþÉĀõĀýwí Ĉ{ÎÝ
Åô³v¾ù½wí
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 ¿wĊ¤ùv Üzw£ ìĉ ÔÅĀ£ ¢Åv½ ¢úÅ ½¹ ÿ ÷w· ¾ĉĀÎ£ I}¯ ¢úÅ
$Score function #¹ĀÉ Ĉù Ătv½v äö¤¸ù ćwă Ă¤Å¹ Ăz èöÞ£ ¿wĊ¤ùv



 ćwă ĂÞÅĀ£CNN

Å ćÿ½ wă ĂÞÅĀ£ ĂýĀúýCNN
ÅAlexNet

ÅZF Net

ÅVGG Net
ÅGoogLeNet

ÅMicrosoft ResNet

ÅR-CNN
ÅFast R-CNN

ÅFaster R-CNN

Å3D-CNN

ÅGAN

Å))))
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AlexNet

Å Ĉ{ÎÝ ćwă Ăî{É Ûÿ¾ÉCNN$-+,-#
Å Ĉ·¾zLeNet$,443 #ºþýv¹ Ĉù Ûÿ¾É v½)

Å Ăõwêù ûvĀþÝ 5ImageNetClassification with Deep Convolutional 
Networks

ÅĂõwêù ûwñºþÆĉĀý 5Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton

Å¡wÝw«½v ¹vºÞ£ 5 ¿v ÈĊz,22++%

Ålarge, deep convolutional neural network 

Åwas used to win the 2012 ILSVRC (ImageNetLarge-Scale Visual 
Recognition Challenge)-
Åthe annual Olympics of computer vision 
Åfor tasks such as classification, localization, detection

% ½wùj ćwþ{ù ¾z Ătv½v üĉv ½¹ ¡wÝw«½v ĂĊöíGoogle Scholar āwù ½»j ½¹41ºÉwz Ĉù)
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AlexNet

ÅArchitecture 
Åa relatively simple layout, compared to modern architectures

Åused for classification with 1000 possible categories

Åvery similar architecture to LeNet, but was deeper, bigger, and featured 
Convolutional Layers stacked on top of each other (not a single CONV layer 
always immediately followed by a POOL layer)
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AlexNet

ÅArchitecture 
Åeight layers 
Åfirst five are convolutional 

Åthe remaining three are fully-connected

Ålast fully-connected layer is produces 1000 class labels
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AlexNet

ÅArchitecture 
ÅThe kernels of the second, fourth, and fifth convolutional layers are connected only to those 

kernel maps in the previous layer

ÅThe kernels of the third convolutional layer are connected to all kernel maps in the second layer

ÅMax-pooling layers follow the first, second and fifth convolutional layers

ÅThe ReLUnon-linearity is applied to the output of every convolutional and fully-connected layer
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AlexNet

ÅArchitecture 
ÅThe first convolutional layer filters the 224 =224 =3 input image with 96 kernels of size 11 =11 =3 with a stride 

of 4 pixels .

ÅThe second convolutional layer takes as input the (response-normalized and pooled) output of the first 
convolutional layer and filters it with 256 kernels of size 5 =5 =48 

ÅThe third, fourth, and fifth convolutional layers are connected to one another without any intervening pooling or 
normalization layers. 

ÅThe third convolutional layer has 384 kernels of size3 =3 =256 connected to the (normalized, pooled) outputs of 
the second convolutional layer. The fourth convolutional layer has 384 kernels of size 3 =3 =192 

ÅThe fifth convolutional layer has 256 kernels of size 3 =3 =192 

ÅThe fully-connected layers have 4096 neurons each
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AlexNet

ÅMain Points
ÅTrained the network on ImageNetdata, which contained over 15 million annotated images 

from a total of over 22,000 categories.

ÅUsed ReLUfor the nonlinearity functions faster than the conventional tanh function.

ÅUsed data augmentation techniques that consisted of image translations, horizontal 
reflections, and patch extractions.

ÅImplemented dropout* layers in order to combat the problem of overfitting to the training 
data.

ÅTrained the model using batch stochastic gradient descent, with specific values for 
momentum and weight decay.

ÅTrained on two GTX 580 GPUs for five to six days.

* Dropout: setting to zero the output of each hidden neuron with probability 0.5. The 
neurons which are άdropped outέ in this way do not contribute to the forward pass 
and do not participate in back-propagation
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AlexNet

ÅWhy ItΩs Important
ÅThe first time a model performed so well on a historically difficult ImageNet

dataset

ÅUtilizing techniques that are still used today, such as data augmentation 
and dropout

ÅIt illustrated the benefits of CNNs

ÅIt breaking performance in the competition
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ZF Net

Å āºý¾zILSVRC 2013

ÅĂõwêù ûvĀþÝ 5Visualizing and Understanding Convolutional Neural 
Networks

ÅĂõwêù ûwñºþÆĉĀý 5Matthew Zeilerand Rob Fergus

Å¡wÝw«½v ¹vºÞ£ 5 ¿v ÈĊz-20+
ÅThis architecture was more of a fine tuning to the previous AlexNet

structure, but still developed some very keys ideas about improving 
performance

Åthe authors spent a good amount of time explaining a lot of the 
intuition behind ConvNetsand showing how to visualize the filters 
and weights correctly.

ÅThe main contributions:
Åa slightly modified AlexNetmodel 
Åa very interesting way of visualizing feature maps.
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ZF Net

Åarchitecture
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ZF Net

ÅMain Points
ÅVery similar architecture to AlexNet, except for a few minor modifications.

ÅAlexNettrained on 15 million images, while ZF Net trained on only 1.3 
million images.

ÅInstead of using 11x11 sized filters in the first layer (same as AlexNet), ZF 
Net used filters of size 7x7 and a decreased stride value to keep a lot of 
original pixel information in the input volume.

ÅAs the network grows, we also see a rise in the number of filters used.

ÅUsed ReLUsfor their activation functions, cross-entropy loss for the error 
function, and trained using batch stochastic gradient descent.

ÅTrained on a GTX 580 GPU for twelve days.

ÅDeveloped a visualization technique named DeconvolutionalNetwork 
(DeConvNet), which helps to examine different feature activations and their 
relation to the input space. Called άdeconvnetέ because it maps features to 
pixels.
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ZF Net

ÅDeConvNet
ÅAt every layer of the trained CNN, you attach a άdeconvnetέ which has a 

path back to the image pixels.

Åforward pass: An input image is fed into the CNN and activations are 
computed at each level

ÅThis deconvnethas the same filters as the original CNN

ÅSteps:
Åstore the activations of this one feature map, but set all of the other activations in the 

layer to 0

Åpass this feature map as the input into the deconvnet

ÅThis input then goes through a series of unpool (reverse maxpooling), rectify, and filter 
operations for each preceding layer until the input space is reached
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ZF Net

17

ÅDeConvNet



ZF Net
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ÅDeConvNet
ÅThe first layer of your 

ConvNetis always a 
low level feature 
detector that will 
detect simple edges 
or colors in this 
particular case. We 
can see that with the 
second layer, we 
have more circular 
features that are 
being detected. LetΩs 
look at layers 3, 4, 
and 5.



ZF Net

ÅWhy ItΩs Important
ÅZF Net was not only the winner of the competition in 2013, but also 

provided great intuition as to the workings on CNNs and illustrated more 
ways to improve performance.

ÅThe visualization approach described helps not only to explain the inner 
workings of CNNs, but also provides insight for improvements to network 
architectures.

ÅThe fascinating deconvvisualization approach and occlusion experiments 
make this one of my personal favorite papers.
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VGG Net

Å½wÊ¤ýv ówÅ 5-+,/

ÅĂõwêù ûvĀþÝ 5Very Deep Convolutional Networks for Large-Scale Image 
Recognition

ÅûwñºþÆĉĀý 5Karen Simonyanand Andrew Zisserman
ÅVisual Geometry Group

Å¡wÝw«½v ¹vºÞ£ 5 ¿v ÈĊz210+

ÅSimplicity and depth.
Åa 19 layer CNN 

Åstrictly used 3x3 filters with stride and pad of 1
Åalong with 2x2 maxpoolinglayers with stride 2
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VGG Net

ÅArchitecture
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VGG Net

ÅMain Points
ÅThe use of only 3x3 sized filters is quite different from AlexNetΩsand ZF 

NetΩs filters. (combination of two 3x3 convlayers has an effective receptive 
field of 5x5)

Å3 convlayers back to back have an effective receptive field of 7x7.

ÅAs the spatial size of the input volumes at each layer decrease (result of the 
convand pool layers), the depth of the volumes increase due to the 
increased number of filters as you go down the network.

ÅThe number of filters doubles after each maxpoollayer. This reinforces the 
idea of shrinking spatial dimensions, but growing depth.
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VGG Net

ÅMain Points
ÅWorked well on both image classification and localization tasks. 

ÅBuilt model with the Caffetoolbox.

ÅUsed scale jittering* as one data augmentation technique during training.

ÅUsed ReLUlayers after each convlayer and trained with batch gradient 
descent.

ÅTrained on 4 NvidiaTitan Black GPUs for two to three weeks.

* a single model is trained to recognize objects over a wide range of scales
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VGG Net

ÅWhy ItΩs Important
ÅVGG Net is one of the most influential papers because it reinforced the 

notion that convolutional neural networks have to have a deep network of 
layers in order for this hierarchical representation of visual data to work. 

ÅKeep it deep. 

ÅKeep it simple.
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GoogLeNet

Å āºý¾zILSVRC 2014

Å Ăõwêù ûvĀþÝ  5Going Deeper with Convolutions

Å ûwñºþÆĉĀýChristian Szegedy, Wei Liu, YangqingJia, Pierre Sermanet, 
Scott Reed, DragomirAnguelov, Dumitru Erhan, Vincent Vanhoucke, 

Andrew Rabinovich

Å ówÅ Ăõwêù ½wÊ¤ýv-+,0
Å¡wÝw«½v ¹vºÞ£ 5 ¿v ÈĊz0/++

ÅĈöÍv ĈñÂĉÿ
ÅĂî{É ¹wĉ¿ èúÝ
Å Ĉå¾ÞùInception module
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GoogLeNet

Å āÀĊòývèĊê´£

Å¢ÅwĄýj èúÝ ÿ ā¿vºýv ÈĉvÀåv èĊúÝ ćwă Ăî{É ªĉw¤ý ¹Ā{Ąz āv½ üĉ¾£ ¢³v½ )j wùv wĉ
K¢Åv āv½ üĉ¾¤Ąz üĉv

Å ć¾zv¾zºþ¯ ÈĉvÀåv ô³ āv½ üĉv ôîÊù üĉ¾¤úĄù$ćv Ăöú«ºþ¯ Ă{£¾ù wz #Ĉ£w{Åw´ù ĈñºĊ°Ċ~¢Åv  )

Å·wÅ ÿ ¡Āö· èĊúÝ Ăî{É ÔÅĀ£ ûwñ¹v¹ Ĉ£đwú¤³v Üĉ¿Ā£ ¹½ÿj¾z ¾òĉ¹ āv½ ìĉ ¢
{é Ăĉđ ćwă ā½wùj Ĉò¤Æ{úă Ăĉđ Ăz Ăĉđ ôĊö´£ wz Ăî{É ĂþĊĄz ćÁĀõĀ~Ā£¢Åv ô)

Åyă ûĀýwé ćwþ{ù ¾z 5neurons that ŬǊŜ ǘƻƎŜǘƘŜǊΣ ǿƛǊŜ together
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GoogLeNet

Å ć½wúÞùInception
Å ć½wúÞù ĈöÍv āºĉvInceptionv ĂþĊĄz ¡Āö· ½w¤·wÅ ìĉ ûvĀ£ Ĉù ĂýĀò¯ Ăí ¢Åv ûj ĈÅ½¾z ¿

 ¹¾í ¹½ÿj¾z ĈõwþÉĀõĀýwí ć½vºĉ¹ ćwă Ăî{É)
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GoogLeNet

Å ć½wúÞùInception
Å āºĉvºÉwz Ă¤Év¹ Ĉ£w{Åw´ù ½wz ºþ¯ ¾ă ¢Åv ć½ÿ¾Ñ wú¤³ ºÞz Èăwí Ăí ¢Åv ûj ÷ÿ¹)

Å¢Åv ¾ĉĀÎ£ Ăî£ ¿v ć¹wĉ¿ ½wĊÆz ¡wÝĒÕv ćÿw³ øă øí ºÞz wz ćwĄÆĉ¾£wù ºĊõĀ£ ÿ ÷wá¹v)
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GoogLeNet

Å üÉĀõĀýwí û¹ÿÀåv,%,ºÞz Èăwí ćv¾z
Å ć¹ÿ½ÿ ø¬³ ¾ñv Ē¨ù1+=,++=,++ ºÉwz

 wz-+ ¾¤öĊå,=,ºÉ ºăvĀ· Ĉ«ÿ¾· ø¬³ I
-+=,++=,++
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GoogLeNet

Å Ăî{É ìĉInception øă¾Å ¢Ê~ Ăí ¢Åđwz ÛvĀýv ¿v ĈĉwĄõÿÁwù ¿v Ăî{É ìĉ
 ÷wñ wz ĂþĊÊĊz ÷wá¹v ćwă Ăĉđ Ĉăwñ āwñ ÿ āºÉ Ă¤Éw{ýv- ćv¾z ºĉ¾ñ  û¹¾í äÎý

¢Åv āºÉ ā¹wæ¤Åv)

ÅGoogLeNet ć½wúÞù ìĉ ÷wýInception ¡wêzwÆù ćv¾z Ăí ¢Åv Ëw·ISSVRC 
2014¢Åv āºÉ xw¸¤ýv)

Å wz ÿ ¾¤êĊúÝ Ă¸Æý ûwñºþÆĉĀýInception ć¾¤Ąz ªĉw¤ý Ăí āºÉ Ătv½v øă ¾£ üĄ~
¢Åv ā¹½ÿj ¢Åºz)

Å¢Åv Ă¤Évºý Ĉývºþ¯ ¾Ċ§w£ ć½wúÞù ćwă¾¤ùv½w~ èĊé¹ ¾ĉ¹wêù ¡vºăwÊù ÃwÅv ¾z)

Å) ) ) 5
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 ĂýĀúý üĉ¾£ ªĉv½Inception
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