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Introduction



Introduction

Deep Residual Networks (ResNets)

* “Deep Residual Learning for Image Recognition”. CVPR 2016 (next week)
* Asimple and clean framework of training “very” deep nets

» State-of-the-art performance for
* Image classification
* Object detection
* Semantic segmentation
e and more...

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



ResNets @ ILSVRC & COCO 2015 Competitions

e 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” 152-layer nets
* ImageNet Detection: 16% better than 2nd
* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

*improvements are relative numbers

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
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Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Revolution of Depth

AlexNet, 8 layers 11x11 conv, 96, /4, pool/2
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Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Revolution of Depth
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Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recogr‘:ition”. CVPR 2016.



Revolution of Depth

AlexNet, 8 layers % VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
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Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
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Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
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Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Very simple, easy to follow

¢ Many th|rd pa rty Imp|ementatlon5 (list in https://github.com/KaimingHe/deep-residual-networks)

Facebook Al Research’s Torch ResNet:

Torch, CIFAR-10, with ResNet-20to ResNet-110, training code, and curves: code

Lasagne, CIFAR-10, with ResNet-32 and ResNet-56 and training code: code

Neon, CIFAR-10, with pre-trained ResNet-32 to ResNet-110 models, training code, and curves: code
Torch, MNIST, 100 layers: blog, code

A winning entry in Kaggle's right whale recognition challenge: blog, code

Neon, Place2 (mini), 40 layers: blog, code

¢ EaS|Iy reprOdUCEd reSU|tS (e.g. Torch ResNet: https://github.com/facebook/fb.resnet.torch)

* A series of extensions and follow-ups
e > 200 citationsin 6 months after posted on arXiv (Dec. 2015)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Backgrouna

From shallow to deep



Traditional recognition

classifier =) “bus”?
edges ) classifier m) “bus”?
SIFT/HOG
A
i N
edges m) histogram m) classifier
edges # histogram # Sri(;z:zlr;sée

But what’s next?

=) classifier

shallower

deeper

# “bus”?



Deep Learning

Specialized components, domain knowledge required

. K-means/ g “bus”?
us” s
=) edges ) histogram m) parse code ) classifier =)

=) =) = =) = mp  bus”?

* End-to-endlearning
* Richer solution space



Spectrum of Depth

» 5 layers: easy

» >10 layers: initialization, Batch Normalization

——p >30 layers: skip connections

—» >100 layers: identity skip connections
>1000 layers: ?

shallower deeper



If:

Initialization * Linear activation
* x,y,w: independent
Then:
1-layer:
— in
nput Var|y] = (n""Var|lw|)Var|x]
X
Multi-layer:
Var|y] = (1_[ narlw, Var[x]
nin
d

LeCun et al 1998 “Efficient Backprop”
Glorot & Bengio 2010 “Understandingthe difficulty of training deep feedforward neural networks”



C . , Both forward (response) and backward (gradient)
Initialization signal can vanish/explode

Forward:
Varly] = ( War|x]
Backward:
var[2] = varf?
ar || = ( Warly ]
ideal
1 3 5 7 11 13 15

9
depth
LeCun et al 1998 “Efficient Backprop”

Glorot & Bengio 2010 “Understandingthe difficulty of training deep feedforward neural networks”



Initialization

* Initialization under linear assumption

= constg, (healthy forward)
and
consty,, (healthy backward)

t
— 1 3 50 COMStbw _ Mast
. — ] ! CONStsy, n}’i‘rst
= or It is sufficient to use either form.
=1

“Xavier” initin Caffe

LeCun et al 1998 “Efficient Backprop”
Glorot & Bengio 2010 “Understandingthe difficulty of training deep feedforward neural networks”




Initialization

 Initialization under RelLU activation

L = constg, (healthy forward)
and
% = consty(healthy backward)
L =1
2 - With D layers, a factor of 2 per layer has
=) or exponential impact of 27
1
_ =1
2 “MSRA” initin Caffe

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification”. ICCV 2015.



Initialization

22-layer RelU net: 30-layer RelLU net:
good init converges faster good initis able to converge
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*Figures show the beginning of training

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification”. ICCV 2015.



Batch Normalization (BN)

° Normalizing INpUt (LeCun et al 1998 “Efficient Backprop”)

* BN: normalizing each layer, for each mini-batch
* Greatly accelerate training
* Less sensitive to initialization

* Improve regularization

S. loffe & C. Szegedy. Batch normalization: Accelerating deep network training by reducing internal covariate shift. ICML 2015



Batch Normalization (BN)

x —
= layer m ¥ m ¥ = & » y=yXx+p
o)
* 1: mean of x in mini-batch * u, o: functions of x,
e g:std of x in mini-batch analogous to responses
* y:scale * v, b: parameters to be learned,
* [3:shift analogous to weights

S. loffe & C. Szegedy. Batch normalization: Accelerating deep network training by reducing internal covariate shift. ICML 2015



Batch Normalization (BN)

2 modes of BN:
* Train mode:

* 1, o are functions of x; backprop gradients
 Test mode:

" . Caution: make sure your BN
* U, o0 are pre-computed on tralning set

isin a correct mode

*: by running average, or post-processing after training

S. loffe & C. Szegedy. Batch normalization: Accelerating deep network training by reducing internal covariate shift. ICML 2015



Batch Normalization (BN)
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Figure taken from [S. loffe & C. Szegedy]

S. loffe & C. Szegedy. Batch normalization: Accelerating deep network training by reducing internal covariate shift. ICML 2015



Deep Residual Networks

From 10 layers to 100 layers



Going Deeper

* |nitialization algorithms v
* Batch Normalization v/

* Is learning better networks as simple as stacking more layers?

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Simply stacking layers?

CIFAR-10
train error (%)

20r

56-layer

10r

20-layer

T
iter. (1e4)

* Plain nets: stacking 3x3 conv layers...

201

10f

test error (%)

20-layer

2

3 5 5 6
iter. (1e4)

* 56-layer net has higher training error and test error than 20-layer net

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Simply stacking layers?

CIFAR-10
SO
56-layer
44-layer
S 32-layer
s 20-layer
3 plain-2
pla@n-& .
P} solid: test/val
0 1 2 3: 4 5 6

dashed:train

ImageNet-1000

\ w'“"‘#“’

34-layer

18-layer

60f
50
S
Ty M—————\. =Y
E ‘ Z
2 LN, iDL A
30 )
plain-18
20 —plain-34 _ _ _ _
0 10 20 30 40 50

iter. (le4)

 “Overlydeep” plain nets have higher training error
A general phenomenon, observed in many datasets

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



a shallower a deeper
model counterpart
(18 layers) (34 layers)

* Richer solutionspace

 Adeeper model should not have higher
training error

* A solution by construction:
e original layers: copied from a
learned shallower model
e extra layers: set as identity
* at least the same trainingerror

* Optimizationdifficulties: solvers cannot
find the solution when going deeper...

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Deep Residual Learning

* Plaint net H(x) is any desired mapping,
X l hope the 2 weight layers fit H(x)
weight layer
anytwo
stacked layers relu

\
weight layer

relu
H(x) l

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Deep Residual Learning

e Residual net

X

weight layer

F(x) Il relu

weight layer

H(x)=F(x)+x

H(x) is any desired mapping,
| o2 weiohtd it H e
hope the 2 weight layers fit F'(x)

identity let H(x) = F(x)+ x
X

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Deep Residual Learning

* F(x)is a residual mapping w.r.t. identity

* |f identity were optimal,
easy to set weightsas 0

weight layer

F(x) Il relu

weight layer

identity
X * If optimal mappingis closer to identity,

easier to find small fluctuations

H(x)=F(x)+x

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Related Works — Residual Representations

e VLAD & Fisher Vector [Jegou et al 2010], [Perronnin et al 2007]
* Encodingresidual vectors; powerful shallower representations.

* Product Quantization (IVF-ADC) [Jegou et al 2011]
* Quantizing residual vectors; efficient nearest-neighbor search.

e MultiGrid & Hierarchical Precondition [griggs, et al 2000], [Szeliski 1990, 2006]
* Solvingresidual sub-problems; efficient PDE solvers.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Network “Design”

* Keep it simple

* Qur basic design (VGG-style)

e all 3x3 CONYV (almost)

° spatial size /2 => # filters x2 (~same complexity per layer)
* Simple design; just deep!

e Other remarks:
 no hidden fc
* nodropout

7x7 conv, 64, /2

7x7 conv, 64, /2 |

pool, /2 pool, /2
3x3 conv, 64 3x3 conv, 64
v v
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64
3x3 conv, 64 3x3 conv, 64

plain net

3x3 conv, 64

3x3 conv, 64

3x3 conv, 64

3x3 conv, 64

3x3 conv, 128, /2

3x3 conv, 128, /2 | T

3x3 conv, 128

<«

3x3 conv, 128

3x3 conv, 128

Ny

3x3 conv, 128

3x3 conv, 128

D

3x3 conv, 128

2

3x3 conv, 128 3x3 conv, 128
v

3x3 conv, 128 3x3 conv, 128
v 2

3x3 conv, 128

D

3x3 conv, 256, /2

v v
33 conv, 256 3x3cony, 256 | .-
v

3x3 conv, 256

3x3 conv, 256 |

€

v

3x3 conv, 256

3x3 conv, 256

o5

3x3 conv, 256

3x3 conv, 256

€

v

3x3 conv, 256

3x3 conv, 256

D

3x3 conv, 256

<«

3x3 conv, 256

3x3 conv, 256

€

3x3 conv, 256

|
|
3x3 conv, 256 |
|
|

3x3 conv, 256

€

3x3 conv, 256

v
3x3 conv, 256

<«

3x3 conv, 256

3x3 conv, 256

<«

3x3 conv, 256

3x3 conv, 256

D

3x3 conv, 512, /2

3x3 conv, 512, /2

<

3x3 conv, 512

€

3x3 con

<

, 512

3x3 conv, 512

€

3x3 convy, 512

3x3 conv, 512

<«

3x3 conv, 512

3x3 conv, 512

<«

3x3 conv, 512

3x3 conv, 512

avg pool

avg pool

fc 1000

fc 1000 ]

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.

ResNet



Training
* All plain/residual nets are trained from scratch

* All plain/residual nets use Batch Normalization

e Standard hyper-parameters & augmentation

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



CIFAR-10 experiments

CIFAR-10 plain nets CIFAR-10 ResNets
20- ...... geeseen 20_.. '-
NUA- " ResNet-20
ResNet-32
/ 56_Iayer === ResNet-44
= ResNet-56
e A4-layer x — ResNet-11 0.
S : 32-layer -layer
=1 . ‘\' ................................................ -
: A 20-layer " 32-layer
Ay N\ o gk 44-layer
3] plain-2 APEN K AN 56'|ayer
plain-3] Ve— /) . !
—plin4 V.. solid: test L 110-layer
1n- N N N N N . . . . TS .
% 1 2 3 4 5 6 dashed: train % 1 2 3 e 5 6
iter. (1e4) iter. (1e4)

 Deep ResNets can be trained without difficulties
* Deeper ResNets have lower training error, and also lower test error

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



ImageNet experiments

ImageNet plain nets

ImageNet ResNets
S
P ER N e Sl 34-layer 18-layer
5

Y <
30 So|.d test o = AL L
1d: \e
lain-18 . ResNet-18 R S s
—glain-34 dashed: train 18-layer —ResNet-34] . . V ’ 34-layer
200 10 Zb 3.0 4b 5.0 200 10 20 30 40 50
iter. (led)

Deep ResNets can be trained without difficulties
Deeper ResNets have lower training error, and also lower test error

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



ImageNet experiments

* A practical design of going deeper

64-d 256-d

relu

similar

(for ResNet-50/101/152)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



ImageNet experiments

~  Deeper ResNets have lower error 7 4
this model has .

lower time complexity
than VGG-16/19 6.7

|

5.7

()}

(2]

ResNet-152 ResNet-101 ResNet-50 ResNet-34
10-crop testing, top-5 val error (%)

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



ImageNet experiments 28.2
[152 Iayers] '

\ 16.4

\ 11.7
22 layers 19 layers

\\ 6.7 7.3

ILSVRC'15 ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Discussions
Representation, Optimization, Generalization



Issues on learning deep models

* Representation ability

* Optimization ability

* Generalization ability

Ability of model to fit training data, if
optimum could be found

If model A’s solution space is a superset of
B’s, A should be better.

Feasibility of finding an optimum

Not all models are equally easy to optimize

Once training data is fit, how good is the test
performance



How do ResNets address these issues?

* No explicitadvantage on representation
(only re-parameterization), but

* Representation ability

* Allow modelsto go deeper

Enable very smooth forward/backward prop

* Optimization ability

* Greatly ease optimizing deeper models

* Not explicitlyaddress generalization, but
* Generalization ablllty * Deeper+thinneris good generalization



On the Importance of
l[dentity Mapping

From 100 layers to 1000 layers



On identity mappings for optimization

F(x)

X * shortcut mapping: h = identity
 after-add mapping: f = RelLU
layer
\ h(x)
layer

X141 = f(h(x) + F(xp))

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



On identity mappings for optimization

F(x)

X * shortcut mapping: h = identity
+—after-add-mappingf=Retd
layer . _ _
What if f = identity?
\ h(x;)

layer

X141 = f(h(x) + F(xp))

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



On identity mappings for optimization

F(x)

X * shortcut mapping: h = identity

+—after-add-mapping:f=Reld

layer « Whatif f = identity?
| i’
layer
Xi+1 = xp + F(xp)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Very smooth forward propagation

X141 = X1 + F(xp)

\ 4

X142 = X141 + F(X741)

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Very smooth forward propagation

X141 = X1 + F(xp)

\ 4

X142 = X1+ F(x;) + F(x141)

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Very smooth forward propagation

X141 = X1 + F(xp)

\ 4

L—1
X;, = X +ZF(xi)
i=1

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Very smooth forward propagation
L—-1
X = X —+ F(xl)
2

* Any x; is directly forward-prop to any x;,
plus residual.

* Any x; is an additive outcome.

* incontrastto multiplicative: X, = HL-L:_ll W;x,

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Rworks”. arXiv 2016.



Very smooth backward propagation
L—-1

xp =x1+ ) F(x;)
2

‘ 0x

0E  OF dx, OF P
dx, 0x, 0x, 6xL axlz xi))

v

v

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Rworks”. arXiv 2016.



Very smooth backward propagation

) - Fx)
E X;
0x; axL( axl )
oE ‘
* Any 9E is directly back-prop to any a—E, 0x
oxy, 0x;
plus residual.
e Any 2£ - ® is additive; unlikely to vanish OE
X1
E 0xy

_ .. OE
in contrast to multlpllcatlve.a—m =[l:5' W, ox,

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Rworks”. arXiv 2016.



Residual for every layer

Enabled by:

* shortcut mapping: h = identity

L—1
forward: X = X| + 2 F (x;)
1=l

* after-add mapping: f = identity

0x, axL

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Experiments

e Set 1: what if shortcut mapping h # identity
* Set 2: what if after-add mapping f is identity

* Experiments on ResNets with more than 100 layers
* deeper models suffer more from optimization difficulty



Experiment Set 1.
what if shortcut mapping h # identity?




h(x) =x
error: 6.6%

h(x) = gate - x
error.

*similar to “Highway
Network”

h(x) = conv(x)
error.

P
<€

RelLU

addition o
RelU (@) original

RelLU
[ 3x3 conv |

[ 1x1 conv |

ReLU (c) exclusive gating

3x3 conv |

JReLU
[ 1x1 conv| | 3x3 conv |

addition
kLU (e) conv shortcut

P

RelLU

RelLU

h(x) = 0.5x

error.

(b) constant scaling

ReLU

[ 1x1 conv |

[ 3x3 conv |

ReLU

h(x) = gate - x

error.

(d) shortcut-only gating

3x3 conv |

lReLU

h(x) = dropout(x)

[ dro

oout | | 3x3 conv |

addition

ReLU

error.

(f) dropout shortcut

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



* ResNet-110 on CIFAR-10

O <&

RelLU

3x3 conv
ReLU
3x3 conv

h(x) =x h(x) = 0.5x
. 0 addition . y
error: 6.6% ddition () original | 00D | (b) constant scaling ~ ©/TO"" 12.4%
h(x) = gate - ‘ 1;§nggd 343 conv . h(x) = gate - x
error: 8.7% 9 & @W error: 12.9%
addltlon ShOftCUtS addltlon )
ReLU ReLU (d) shortcut-only gating
blocked by
multlpllcatlons
Q-
h(x) — ConV( ::\Lljl [ dropout | | 3x :'lL\l/J| h(x) — drOpOUt(x)

error: 12.2% error: > 20%

addltlon
ReLU

addltlon
ReLU

(e) conv shortcut (f) dropout shortcut

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Ildentity Mappings in Deep Residual Networks”. arXiv 2016.



If h is multiplicative, e.g. h(x) = Ax

« if his multiplicative,
forward: x; = A", + Z (x;) shortcuts are blocked

e direct propagation is decayed

ocowara: OE O -
dCKWard: ——
0x; axL( axlz X))

*assuming f =identity

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



o
ho

Training Loss

0.02

0.002
0

solid: test
dashed: train

ReLU
[ 3x3 conv |

110, original

— 110, short

cut—only gating (init b=0)

h is gating

h is identity

3x3 conv
RelLU

1

2

3

4

lterations

gating should have better representation

d

0]

oility (identity is a special case), but

otimization difficulty dominates results

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Experiment Set 2.
what if after-add mapping f is identity




X] X] X]

XW tﬁ - B
v v !
BN BN ReLU
! !
RelU R(iLU | weight |
| weight | | weight | PlN
BN mition | RelLU
addition | BlN | weight |
RelLU RelLU | add‘i'tioﬁ
¥ ¥ ¥
X/+1 X/+1 X/+1
f is RelLU f is BN+RelLU f is identity
(original ResNet) (pre-activation ResNet)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



0.2

Training Loss

0.002

"~y Hi-i"ut_‘lr“u
NN e, !
solid: test
| dashed: train *ﬁ,“
\‘J‘Ff
o B f 5 BN+RelU -
Mad 4
W it
110, original
— 110, BN after add f = Rel U
0 1 2 3 4 5 6
Iterations 4

x10

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.

20

15

(94) 10417 152 |

X X
:V :V
BlN BlN
RelLU ReLU
BN addition
A4
| addition | BlN
RelLU RelLU
v v
X/+1 X/+1

f=RelU f =BN+RelU

BN could block prop

 Keep the shortest pass as
smooth as possible



1001-layer ResNets on CIFAR-10

Xy X]
2 2 \* B
\ T T T T — T T BN
'n ResNet—1001, original (error: 7.61%) }
\ ResNet—1001, proposed (error: 4.92%) BlN RelU
\ ReLU
T 15 BN
0.2 |
' BN ReLU
wl ._| A 4
E % | addition |
g e e 10 E REiLU add‘i'tion
£ solid: test | 5 - o
0.02 | dashed: train
HRRIRRIER LR LRI W - ——5 f = RelU [ = identity
y
;. f.=ReLU
) Loy
f = |dent|’dwﬁ%
0.002 L L L ! LA LI 0
0 1 : 3 4 s 6  RelU could block prop when there
Iterations 4

are 1000 layers

* pre-activation design eases
optimization (and improves generalization; see paper)

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Comparisons on CIFAR-10/100

CIFAR-10 CIFAR-100

method error (%) method error (%)

NIN 2 81 NIN 35.68

DSN 8 29 DSN 34.57

FitNet 3 39 FitNet 35.04

Highway 779 Highway 32.39
ResNet-110 (1.7M) 6.61 ResNet-164 (1.7M) 25.16
ResNet-1202 (19.4M) 7.93 ResNet-1001 (10.2M) 27.82
ResNet-164, pre-activation (1.7M) [5.46 ResNet-164, pre-activation (1.7M) [24.33
ResNet-1001, pre-activation (10.2M) 4.92 (4.89+0.14) ResNet-1001, pre-activation (10.2M)22.71 (22.68+0.22)

*all based on moderate augmentation

Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



ImageNet Experiments

ImageNet single-crop (320x320) val error

method data augmentation |top-1error (%) top-5error (%)
ResNet-152, original scale 21.3 5.5
ResNet-152, pre-activation scale 21.1 5.5
ResNet-200, original scale 21.8 6.0
ResNet-200, pre-activation scale 20.7 5.3
ResNet-200, pre-activation | scale + aspect ratio 20.1" 4.8"

‘independently reproduced by:
https://github.com/facebook/fb.resnet.torch/tree/master/pretrained#notes

training code and models available.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Summary of observations

* Keep the shortest path as smooth as possible

* by making h and f identity X
» forward/backward signals directly flow through this path K
BN
RlLU
* Features of any layers are additive outcomes T
ElN
* 1000-layer ResNets can be easily trained and have T
better accurac 'fwe‘ght '
y |?d‘irtion

v
X/+1

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Future Works

* Representation
e skipping1 layervs. multiple layers?

* Flat vs. Bottleneck? A
* Inception-ResNet [Szegedy et al 2016] K
« ResNetin ResNet [Targ et al 2016] BlN
* Width vs. Depth [zagoruyko & Komodakis 2016] RelU
| welirght |
e Generalization ]
* DropOut, MaxOut, DropConnect, ... |
* Drop Layer (Stochastic Depth) [Huang et al 2016] RiLU
| weight |
* Optimization Moddiacs
* Withoutresidual/shortcut? ¥
X[+1

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Applications

“Fegtures matter”



Features matter (quote [Girshick et al. 2014], the R-CNN paper)

2nd- place margin
winner (relative)

ImageNet Localization (op-s erron) 12.0 27%

ImageNet Detection mare.s 53.6 absolute g5 4 16%
8.5% better!

COCO Detection mare s:.95) 33. 37.3 11%

COCO Segmentation mare.s.9s) 25.1 28.2 12%

e QOur results are all based on ResNet-101
* Deeper features are well transferrable

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



. 101 layers
Revolution of Depth .

/ \ ,/ 86
Engines of K
. o, ® /
visual recognition cg 66 K
\ y, g
/
/
34 /

- 16 layers
8 layers
shallow T ______

HOG, DPM AlexNet VGG ResNet
(RCNN) (RCNN) (Faster RCNN)*

PASCAL VOC 2007 Object Detection mAP (%)

*w/ other improvements & more data

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.



Deep Learning for Computer Vision

detection
network
(e.g. R-CNN)

segmentation

ImageNet e target
e.g. FCN
data (e-g ) data
backbone l | classification | . ‘ |
structure network
trai foat human pose fine-t
pre-train eatures estimation ine-tune
network
depth
estimation

network



Example: Object Detection

Image Classification
(what?)

boat : 0.853

Object Detection
(what + where?)

n- N‘
3 —" ‘
‘ pRpe-
b
\
y

A



Object Detection: R-CNN

figure credit: R. Girshick et al.

warped region

F ey 7

aeroplane? no.

: ’\A! = I
= B fiis — | =~ —B>| person? yes.
, R CNNI
7 @ = NN .
- Q tvmonitor? no.
inputimage region proposals 1 CNN for each region classify regions
~2,000
R CNN pipeline

Girshick, Donahue, Darrell, Malik. Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation. CVPR 2014



Object Detection: R-CNN

* R-CNN N

End-to-End
training

CNN CNN

CNN CNN

pre-computed ‘,
Regions-of-Interest mp . ,g,_A .

(Rols)

Girshick, Donahue, Darrell, Malik. Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation. CVPR 2014



Object Detection: Fast R-CNN

* Fast R-CNN
q " =/
pre-compute - _
Regions-of-Interest mp Rolpooling
(Rols) End-to-End
training
shared conv CNN ‘

layers /
4
B XF T 77

Girshick. Fast R-CNN. ICCV 2015



Object Detection: Faster R-CNN

features
e Faster R-CNN E |
* Solely based on CNN Rol pooling

proposals

* No external modules
e Each step is end-to-end / /
Region Proposal Net End-to-End

eature map

CNN A‘iﬂf
y-

ABETTFT 77

Shaoqging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



Object Detection

ImageNet
data
backbone | classification | detection
structure network network
pre-train features
e AlexNet
e VGG-16
* GoogleNet

* ResNet-101

independently
developed

le ug_i n”
features

detection
data

2
—

fine-tune

* R-CNN

* FastR-CNN

* Faster R-CNN
*  MultiBox

« SSD

detectors



classifier

Object Detection

Rol pooling

 Simply “Faster R-CNN + ResNet” ~ Proposals __J1 4
/55
baseline

VGG-16 41.5 21.5
ResNet-101 48.4 27.2 1

feature map

COCO detection results
ResNet-101 has 28% relative gain CNN

vs VGG-16 —hz
4 T s 4 o i

BT e e R ST

S e T e e ey

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



Object Detection

* RPN learns proposals by extremely deep nets
 We use only 300 proposals (no hand-designed proposals)

 Add components:

* |terativelocalization
 Context modeling
* Multi-scale testing

e All are based on CNN features; all are end-to-end

* All benefit more from deeper features — cumulative gains!

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



YA
person : 0998 \

. \\ R o

W person : 0.987_ %

dining table O 8f9 cak&:aBe?*lG‘:l\S

A S AR vl ] ENE A
\ 1 1).935
" Aﬂ\‘“ Lﬁ person : 1.

book : 0.830 7
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ResNet’s object detection result on COCO

knife : 0.997

A\

*the original image is fromthe COCO dataset
Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



person : 0.989
e refrigerator : 0.979

knife : 0739
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P " bowl : I
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*tHe original image is fromthe COCO dataset
Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



person : 0.910 ‘ person : 0.998 i

erson 0.998 ~ umbrella: 0.910 .!
E — . handbag : 0.66; BEk ). 580 . —
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chairch0.757.972 chair : 0.639

-

*the original image is fromthe COCO dataset
Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoqging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



thisvideois available online: https://youtu.be/WZmSMkK9VuUA

Results on real video. Models trained on MS COCO (80 categories).

(frame-by-frame; no temporal processing)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



More Visual Recognition Tasks

ResNet-based methods lead on these benchmarks (incompletelist):

* ImageNet classification, detection, localization

plane

v </ 4 v vV VvV VvV
PY MS COCO d t t' g t M DeepLabv2-CRF [7) 79.7 926 60.4 916 63.4 763 95.0 BB.4
e eC |On, Se men atlon CASIA_SegResNet_CRF_coco 7] 79.3  93.8 ‘ReSNe?t.ES]-.l

. . Adelaide_VeryDeep_FCN_vOC ) 79.1 91.9 481 934 69.3 755 0942 B87.5

* PASCAL VOC detection, segmentation v —r—————
CASIA_IVA_OASeg 7 78.3 938 41.9 89.4 675 71.5 946 853
Oxford_TVG_HO_CRF [7) 77.9 925 5091 90.3 70.6 74.4 02.4 84.1

[ J

Depth estimation [Laina et al 2016] L

Human pose estimation [Newell et al 2016] PASCAL segmentation leaderboard

Faster RCNN, ResNet (vOC+coco) 7] 83.8 921
¢ Segment prO pOsaI [Pinheiro et al 2016] [ R-FCN, ResNet (VOC+COCO) 7] 82.0 89.5

UHtM+rKLH, vLL1o, VOL+LULU

° $SD500 VGG16 VOC + coco 7 78.7 89.1
ot HFM_VGG16 77.5  88.8
IFRN_07+12 [7) 766 87.8

1 76.4

PASCAL detection lea derboa rd

88.4 B84,

88.3 83

RZ” Ne .‘[01]

85.7 78.9 633 57.0 85.3 84.1 92.3

85.1 76.8 64.8 61.4 B85.0 B84.1 90.(

83.9 79.0 645 58.9 82.2 82.0 91.

84.7 76

58.3 82.6 79.0 90



Potential Applications

ResNets have
shown outstandingor
promising results on:

Visual Recognition

Image Generation
(Pixel RNN, Neural Art, etc.)

Natural Language Processing
(Very deep CNN)

Speech Recognition
(preliminary results)

Advertising, user prediction
(preliminary results)



Conclusions of the Tutorial

* Deep Residual Learning:
e Ultra deep networks can be easy to train

e Ultra deep networks can gain accuracy from depth

* Ultra deep representations are well transferrable

* Now 200 layers on ImageNet and 1000 layers on CIFAR!

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



Resources

* Models and Code

e Our ImageNet modelsin Caffe: https://github.com/KaimingHe/deep-residual-networks

* Many available implementation
(list in https://github.com/KaimingHe/deep-residual-networks)

 Facebook Al Research’s Torch ResNet:

https://github.com/facebook/fb.resnet.torch

e Torch, CIFAR-10, with ResNet-20 to ResNet-110, training code, and curves: code
e Lasagne, CIFAR-10, with ResNet-32 and ResNet-56 and training code: code
* Neon, CIFAR-10, with pre-trained ResNet-32 to ResNet-110 models, training code, and curves: code

e Torch, MNIST, 100 layers: blog, code
* A winning entry in Kaggle's right whale recognition challenge: blog, code

* Neon, Place2 (mini), 40 layers: blog, code

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Identity Mappings in Deep Residual Networks”. arXiv 2016.



