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Overview of this section

ÅQuick introduction to convolutional feature maps
ÅLƴǘǳƛǘƛƻƴǎΥ ƛƴǘƻ ǘƘŜ άōƭŀŎƪ ōƻȄŜǎέ

ÅHow object detection networks & region proposal networks are designed

Å.ǊƛŘƎƛƴƎ ǘƘŜ ƎŀǇ ōŜǘǿŜŜƴ άƘŀƴŘ-ŜƴƎƛƴŜŜǊŜŘέ ŀƴŘ ŘŜŜǇ ƭŜŀǊƴƛƴƎ ǎȅǎǘŜƳǎ

ÅFocusing on forward propagation (inference)
Å.ŀŎƪǿŀǊŘ ǇǊƻǇŀƎŀǘƛƻƴ όǘǊŀƛƴƛƴƎύ ŎƻǾŜǊŜŘ ōȅ wƻǎǎΩǎ ǎŜŎǘƛƻƴ



Object Detection = What, and Where

Recognition
What?

car : 1.000

dog : 0.997

person : 0.992

person : 0.979

horse : 0.993

Localization
Where?

Å²Ŝ ƴŜŜŘ ŀ ōǳƛƭŘƛƴƎ ōƭƻŎƪ ǘƘŀǘ ǘŜƭƭǎ ǳǎ άǿƘŀǘ ŀƴŘ ǿƘŜǊŜέΧ



Object Detection = What, and Where

Convolutional:

sliding-window 
operations

Map:

explicitly encoding 
άwhereέ

Feature:

ŜƴŎƻŘƛƴƎ άwhatέ

(and implicitly encoding 
άwhereέύ



Convolutional Layers

ÅConvolutional layers are locally connected

Åa filter/kernel/window slides on the 
image or the previous map

Å the positionof the filter explicitly 
provides information for localizing

Å local spatial information w.r.t. the 
window is encoded in the channels



Convolutional Layers

ÅConvolutional layers share weights spatially: translation-invariant

ÅTranslation-invariant: a translated region will 
produce the same response at the 
correspondingly translated position

Å! ƭƻŎŀƭ ǇŀǘǘŜǊƴΩǎ ŎƻƴǾƻƭǳǘƛƻƴŀƭ ǊŜǎǇƻƴǎŜ Ŏŀƴ 
be re-usedby different candidate regions



Convolutional Layers

ÅConvolutional layers can be applied to images of any sizes, yielding 
proportionally-sizedoutputs
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HOG by Convolutional Layers

ÅSteps of computing HOG:
ÅComputing image gradients

ÅBinning gradients into 18 directions

ÅComputing cell histograms

ÅNormalizing cell histograms

ÅConvolutional perspectives:
ÅHorizontal/vertical edge filters

ÅDirectional filters + gating (non-linearity)

ÅSum/average pooling

ÅLocal response normalization (LRN)

see [Mahendran & Vedaldi, CVPR 2015]

AravindhMahendran & Andrea VedaldiΦ ά¦ƴŘŜǊǎǘŀƴŘƛƴƎ 5ŜŜǇ LƳŀƎŜ wŜǇǊŜǎŜƴǘŀǘƛƻƴǎ ōȅ LƴǾŜǊǘƛƴƎ ¢ƘŜƳέΦ /±tw нлмр

HOG, dŜƴǎŜ {LC¢Σ ŀƴŘ Ƴŀƴȅ ƻǘƘŜǊ άƘŀƴŘ-ŜƴƎƛƴŜŜǊŜŘέ ŦŜŀǘǳǊŜǎ ŀǊŜ 
convolutional feature maps.



Feature Maps = features and their locations

Convolutional:

sliding-window 
operations

Map:

explicitly encoding 
άwhereέ

Feature:

ŜƴŎƻŘƛƴƎ άwhatέ

(and implicitly encoding 
άwhereέύ



Feature Maps = features and their locations

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

one feature map of conv5
(#55 in 256 channels of a model

trained on ImageNet)

ImageNet images with strongestresponses of this channel

Intuition of this response:
¢ƘŜǊŜ ƛǎ ŀ άcircle-shapedέ ƻōƧŜŎǘ όƭƛƪŜƭȅ ŀ ǘƛǊŜύ at this position.

What Where



Feature Maps = features and their locations

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

ImageNet images with strongestresponses of this channel

one feature map of conv5
(#66 in 256 channels of a model

trained on ImageNet)

Intuition of this response:
¢ƘŜǊŜ ƛǎ ŀ ά-˂shapedέ ƻōƧŜŎǘ όƭƛƪŜƭȅ ŀƴ ǳƴŘŜǊŀǊƳύ at this position.

What Where



Feature Maps = features and their locations

ÅVisualizing one response (by Zeiler and Fergus)

aŀǘǘƘŜǿ 5Φ ½ŜƛƭŜǊ ϧ wƻō CŜǊƎǳǎΦ ά±ƛǎǳŀƭƛȊƛƴƎ ŀƴŘ ¦ƴŘŜǊǎǘŀƴŘƛƴƎ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎέΦ 9//± нлмпΦ

?

image a feature map keep one response
(e.g., the strongest)



Feature Maps = features and their locations

aŀǘǘƘŜǿ 5Φ ½ŜƛƭŜǊ ϧ wƻō CŜǊƎǳǎΦ ά±ƛǎǳŀƭƛȊƛƴƎ ŀƴŘ ¦ƴŘŜǊǎǘŀƴŘƛƴƎ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎέΦ 9//± нлмпΦ

conv3 image credit: Zeiler & Fergus

Visualizing one response 



Feature Maps = features and their locations

aŀǘǘƘŜǿ 5Φ ½ŜƛƭŜǊ ϧ wƻō CŜǊƎǳǎΦ ά±ƛǎǳŀƭƛȊƛƴƎ ŀƴŘ ¦ƴŘŜǊǎǘŀƴŘƛƴƎ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎέΦ 9//± нлмпΦconv5
image credit: Zeiler & Fergus

Intuition of this visualization:
¢ƘŜǊŜ ƛǎ ŀ άdog-headέ ǎƘŀǇŜ at this position.

Å Locationof a feature:
explicitly represents whereit is.

Å Responsesof a feature:
encode what it is, and implicitly 
encode finer position information ς

finer position information is 
encoded in the channel dimensions
(e.g., bboxregression from 
responses at one pixel as in RPN)

Visualizing one response 



Receptive Field
ÅReceptive field of the first layer is the filter size
ÅReceptive field (w.r.t. input image) of a deeper layer 
ŘŜǇŜƴŘǎ ƻƴ ŀƭƭ ǇǊŜǾƛƻǳǎ ƭŀȅŜǊǎΩ ŦƛƭǘŜǊ ǎƛȊŜ ŀƴŘ ǎǘǊƛŘŜǎ 

ÅCorrespondencebetween a feature map pixel and 
an image pixel is not unique
ÅMap a feature map pixel to the center of the 

receptive fieldon the image in the SPP-net paper

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ



Receptive Field

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

How to compute the center of the receptive field

Å A simple solution
Å For each layer, pad ὊȾςpixels for a filter size Ὂ

(e.g., pad 1 pixel for a filter size of 3)
Å On each feature map, the response at (0, 0) has a receptive 

field centered at (0, 0) on the image
Å On each feature map, the response at ὼȟώ has a receptive 

field centered at ὛὼȟὛώon the image (stride Ὓ)

Å A general solution

See [Karel Lenc& Andrea Vedaldi]
άw-/bb Ƴƛƴǳǎ wέΦ .a±/ нлмрΦ



Region-based CNN Features

region proposals
~2,000

1 CNN for each region

wΦ DƛǊǎƘƛŎƪΣ WΦ 5ƻƴŀƘǳŜΣ ¢Φ 5ŀǊǊŜƭƭΣ ϧ WΦ aŀƭƛƪΦ άwƛŎƘ ŦŜŀǘǳǊŜ ƘƛŜǊŀǊŎƘƛŜǎ ŦƻǊ ŀŎŎǳǊŀǘŜ ƻōƧŜŎǘ ŘŜǘŜŎǘƛƻƴ ŀƴŘ ǎŜƳŀƴǘƛŎ ǎŜƎƳŜƴǘatiƻƴέΦ /±tw нлмпΦ

R-CNN pipeline

figure credit: R. Girshick et al.

aeroplane? no.

..

person? yes.

tvmonitor? no.

warpedregion
..

CNN

input image classify regions



Region-based CNN Features

ÅGiven proposal regions, what we need is a feature for each region

ÅR-CNN: cropping an image region+ CNN on region,
requires 2000 CNN computations

ÅWhat about cropping feature map regions?



Regions on Feature Maps

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

image region feature map region

ÅCompute convolutional feature maps on the entire image only once.
ÅProject an image region to a feature map region (using correspondence of the receptive field center)

ÅExtract a region-ōŀǎŜŘ ŦŜŀǘǳǊŜ ŦǊƻƳ ǘƘŜ ŦŜŀǘǳǊŜ ƳŀǇ ǊŜƎƛƻƴΧ



Regions on Feature Maps

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

image region feature map region

ÅFixed-lengthfeatures are required by fully-connected layers or SVM
ÅBut how to produce a fixed-length feature from a feature map region?
ÅSolutions in traditional compute vision: Bag-of-ǿƻǊŘǎΣ {taΧ

warp

?



Bag-of-words & Spatial Pyramid Matching

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ
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figure credit: S. Lazebnik et al.

Bag-of-words
[J. Sivic& A. Zisserman, ICCV 2003]

Spatial Pyramid Matching (SPM)
[K. Grauman & T. Darrell, ICCV 2005]

[S. Lazebnik et al, CVPR 2006]

pooling pooling pooling

SIFT/HOG-based 
feature maps



Spatial Pyramid Pooling (SPP) Layer

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

Å fix the number of bins 
(instead of filter sizes)

Å adaptively-sizedbins

concatenate,
ŦŎ ƭŀȅŜǊǎΧ

pooling

a finer level maintains 
explicit spatial information

a coarser level removes
explicit spatial information

(bag-of-features)



Spatial Pyramid Pooling (SPP) Layer

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

pooling

Å Pre-trained nets often have a 
single-resolutionpooling layer
(7x7 for VGG nets)

Å To adapt to a pre-trained net, a 
άsingle-levelέ ǇȅǊŀƳƛŘ ƛǎ ǳǎŜŀōƭŜ

Å Region-of-Interest (RoI) pooling
[R. Girshick, ICCV 2015]

concatenate,
ŦŎ ƭŀȅŜǊǎΧ



Single-scale and Multi-scale Feature Maps

ÅFeature Pyramid
ÅResize the input image to multiple scales

ÅCompute feature maps for each scale

ÅUsed for HOG/SIFT features and convolutional features (OverFeat[Sermanetet al. 2013])

YŀƛƳƛƴƎ IŜΣ ·ƛŀƴƎȅǳ ½ƘŀƴƎΣ {ƘŀƻǉƛƴƎ wŜƴΣ ϧ Wƛŀƴ {ǳƴΦ ά{Ǉŀǘƛŀƭ tȅǊŀƳƛŘ tƻƻƭƛƴƎ ƛƴ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ŦƻǊ ±ƛǎǳŀƭ wŜŎƻƎnitƛƻƴέΦ 9//± нлмпΦ

image pyramid

feature pyramid


