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McCulloch, Warren; Walter Pitts (1943). "A Logical Calculus of Ideas Immanent in Nervous Activity". Bulletin
of Mathematical Biophysics 5 (4): 115-133
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T

= ifu>p
. —p ! ~ 1
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E(ytrain) =p-0-+ (1 — p) If(_m) — E(.I‘)

KB E% : Do Nothing

ENEFEL, REZILEED

(a) Standard Neural Net

G.E. Hinton, N. Srivastava, A. Krizhevsky, I. Sutskever, and R.R. Salakhutdinov. Improving neural networks
by preventing co-adaptation of feature detectors. arXiv preprint arXiv:1207.0580, 2012.
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m Batch Normalization (2015)
> BEREVI—, #% THhEHKMEBE @L
> INIRULEI5X~20X, EBHEA—MEMNERARBIRS T2 1L

Input: Values of = over a mini-batch: B = {r; . }:
Parameters to be learned: ., 3

Output: {y; = BN, s(x;)}

1 — .

g — — ZI" // mini-batch mean
m i=1
1 T

oF — — Z[Ii — ui)? /f mini-batch variance
m i=1

~, T

7 1 e

—_— Hf normalize
W !'TBE + €

Y + 7T; + 8 = BN, g(x;) /I scale and shift

Algorithm 1: Batch Normalizing Transform, applied to

activation x over a mini-batch.

08p
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= = = |nception
= = BN-Baszeline
0.5 N EN—KE

BN-x30
+ - BM-x5-Sigmoid
#  Steps to match Inception
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Figure 2: Single crop validation accuracy of Inception
and its batch-normalized variants, vs. the number of
training steps.

Sergey loffe, Christian Szegedy, Batch Normalization: Accelerating Deep Network Training by Reducing Internal

Covariate Shift, ICML15
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1 fw-z+b>0
flx) = |
YES/NO () otherwise

decision

F. Rosenblatt. The perceptron: A probabilistic model for information storage and organization in the brain.
Psychological Review, 65:386-408, 1958
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19624F, 2 2 RS R B S50 1B III0 TERR [1]

Minsky & Papertdy% & Perceptron(1969)
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fRRAS T XOR(F+8L)in)e, AAF bR MiRa

JLFEA THEERAONEZ AT HEZMENER, SBTHEFK
NNfAR ZEHEE

Novikoff, A. B. J. (1962). On convergence proofs on perceptrons. Proceedings of the Symposium on the

Mathematical Theory of Automata (pp. 615-622)
XOR problem theory: http://home.agh.edu.pl/~visi/Al/xor_t/en/main.htm

Credited to Prof. Shiguang Shan
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Subsampling Convolutions ubsamplin

m RBE

® Decision Tree
- IUALEIXE: BRELHK ® SVM
- GBI R & Bosing
T ® Sparse Coding
- TEEFEAR ® Graph Model

Rumelhart, David E.; Hinton, Geoffrey E.; Williams, Ronald J. (8 October 1986). "Learning representations by
back-propagating errors™. Nature 323 (6088): 533-536.

Credited to Prof. Shiguang Shan
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Pretraining Unrolling Fine-tuning

Hinton, G. E., Osindero, S. and Teh, Y., A fast learning algorithm for deep belief nets. Neural Computation
18:1527-1554, 2006

Hinton, G. E. and Salakhutdinov, R. R. Reducing the dimensionality of data with neural networks. Science,
\ol.313. no. 5786, pp. 504 - 507, 28 July 2006

Yoshua Bengio, Pascal Lamblin, Dan Popovici and Hugo Larochelle, Greedy Layer-Wise Training of Deep
Networks, NIPS2006
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Werbos, P.. Beyond Regression: New Tools for Prediction and Analysis in the Behavioral Sciences. PhD thesis,

Harvard University, 1974

Rumelhart, David E.; Hinton, Geoffrey E.; Williams, Ronald J. (8 October 1986). "Learning representations by

back-propagating errors". Nature 323 (6088): 533-536.
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m Gradient Descent and its Variant
» Gradient Descend: FIFRFBHEARTEEE

W, =W —nV,L(W)  EER! REEAFAL!

» Stochastic Gradient Descend: PFE# &I B /N EA
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> Mini-batch SGD: XtF&E#Hmini-batchit &4t &, H#HITSHEH

1 N
Wer =W, — Nntzizlvwl—(wt » Xiy yl)

http://sebastianruder.com/optimizing-gradient-descent/index.html 21
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4 Weight Decay
g, w BREEWNE, ZSEREBER, —MR A RERNBU), Bla0
= 0.0005
;‘i C(w) = L(w) +%||w||j
Momentum

o {EREALEEE TRER L BB &M, —RRu=09
Ve = MV =1, VL(W,)
Wy =W +Viy

= &

SGD with Momentum

SGD without Momentum
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m Learning Rate Policy (BLCaffeJgf§l)
Fixed

= Learning Rate[EE AL

Step
= Learning Rate?E E[EstepsizesdtiE K B L
gammafZ

Polynomial

m Learning Ratefk 22 1=\ B2k TN &
LR(t) = base_Irx (1-%) power

Inv
m Learning Ratef&i& {X )R #5H8& hn mi T~ B

LR(t) = base_lr X (1+gamma*iter)—power

Solver.prototxt

base Ir: 0.01
Ir_policy: “fixed”

base Ir: 0.01
Ir_policy: “step”
gamma: 0.1
stepsize: 100000

base Ir: 0.01

Ir_policy: “poly”
power: 0.5

base Ir: 0.01
Ir_policy: “inv”
gamma: 0.0001
power: 0.75
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Batch Normalization: X BRI R ET—
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Neyshabur B, Salakhutdinov R R, Srebro N. Path-SGD: Path-normalized optimization in deep neural
networks, NIPS15
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Var(wx,) = E(x)*Var(x,) + E(w,)*Var(x,) + Var(w, ) Var(x.)

4

n

Var(Y) = Var(zi w.x.) = nVar(w,)Var(x;)

= 11

4
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T FEAATUEN] var(y) =var(x)  Var(w) :%
2
Var(Wi ) ) r]in + nout

Glorot X, Bengio Y. Understanding the difficulty of training deep feedforward neural networks[C], International
conference on artificial intelligence and statistics. 2010: 249-256.
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cerebral cortex

featural hierarchy
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complex cells

retina W1 IT (infero-temporal)

photo- simple  complex hypercomplex cells grandmother
receptors cells cells ) cells ?
P lower-order  higher-order

simple cells
: low level | | | |

|— ________ | |_ ________ | |_ ________ |
Hubel & Wiesel %[ #1557 2 B Th e %I 43 S TR G e

HUbeI, D H & WleSEI, T N (1959, 1962,1965) Sicells Cicells S—icells CEceIIs Sicells C-Ecells

neocognitron

K. Fukushima: "Neocognitron: A self-organizing neural network model for a mechanism of pattern recognition unaffected by
shift in position”, Biological Cybernetics, 36[4] (April 1980).

30
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(a) Handwritten digit recognition by a neocognitron.
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fﬁ} 10 output units @ -
s fully connected
o5 ~ 300 links
ﬂ layer H3 noooooo _ _
il 30 hidden units 1””63’00‘:00’}?;‘:9‘1 Highlights:
Lo ~
& e 1) 3P, B&ATLLRR
ayer
12'x 16-192 PR N &deep network
hidden units ) : :ﬁgmf 40,0?3 lllgini-‘isl
: rom ernels -
T 5 x5 x 8 2) Response map.Z [A] 3%
iayer H1 = : EER R E
12 x 64 = 768 s
hidden units o
H1.1 H1.1
~20,000 links
from 12 kernels

R%S

256 input units

Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard and L. D. Jackel: Backpropagation
Applied to Handwritten Zip Code Recognition, Neural Computation, 1(4):541-551, Winter 1989
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From empiricaTstudy (supported by theoretical arguments),
tic gradient was found to converge much faster than the true gradient,

m First Baby: LeCun1989 (2/2)

All simulations were performed using the backpropagation simulator SN
(Bottou and LeCun 1988) running on a SUN-4/260.

The nonlinear function used at each node was a scaled hyperbolic tan-
-%ge'ﬂas er con-

ent Symmetric functions of that kind are believed to ye
vergence, although the learning can extremely slow if some welghts
are too small (LeCun 1987). The target values for the output units were

chosen within the quasilinear range of the sigmoid. This prevents the
weights from growing mdehrutely an prevents the output units from

operating 1n the flat spot of the sigmoid. The output cost function was
tﬁe mean squared erTor.

Before traming, the weights were mnitialized with random values us-
ing a uniform distribution between —24/F, and 24/F, where F, 1s the
number of mputs (fan-n) of the umit to which the connection belongs
This technique tends to keep the total inputs within the operating range
of the sigmomd

erm et Llan sambbAarns arOro rﬂm:-l'ndlu nre-

ochas-

o

Highlights:
1) IO eR ZUS S R !

2) Sigmoid/H— + MR G452k !
3) M2 ZHwliait !

4) SGD!
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m 1998-LeNet

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

6@28x28
32x32 C5: layer
- F6:layer OQUTPUT
120 gi o 10

S2: f. maps
6@14x14

I
Full conrjleclion ‘ Gaussian connections

Convelutions Subsampling Convolutions  Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.

01 2 3 4 5 6 7 8 9 10111213 14 15
0 X X X X X X XX X X
1| X X X X X X XX X X
2| X X X X X X X X X X
3 X XX X X XX X X X
4 X X X X XXX X X X
J X X X XX XX X X X

TABLE I

EACH COLUMN INDICATES WHICH FEATURE MAP IN S2 ARE COMBINED
BY THE UNITS IN A PARTICULAR FEATURE MAFP oF Cd.

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. Gradient-based learning applied to document recognition.
Proceedings of the IEEE, november 1998 34
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m 2012-AlexNet
» ARZRMAEUEER . RelLU
~ Bh1EIE#l4 . Dropout, #iE
- KEIRINIZ: B RImageNet Bl H1E
~ HAth: 57GroupSKIIXNGPUFH1T, LRNA—L/Z

. “ :
el E)N A |
- o I I N\gT ‘ |
3' 2 . ; :
| S 192 192 128 20 soae \dense
128 S — —
27 i | S
* l3f \13 ' 13
‘‘‘‘‘ < ‘ -_‘f.’- \ =
. .'.:k’,__.‘ 3l » : 3 -
N [T — : 13 R ) >
5 e 13) e 13 dense dense
| I 1000
192 192 128 Max (. I
Max 128 Max pooling 2048 2048
pooling pooling

Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural

networks." Advances in neural information processing systems. 2012. .
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B 2014'VGG NEt conv-64

~ Slower to be deeper maxpool
s EFZ K 3x3 conv-128
s R conv-128

maxpool

= Max Pooling|B]P&@2x2

- ZREME _conv-256

conv-256
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maxpool

conv-512

e as -512
Top-5 Classification Error (Val. Set) conv

maxpool

conv-512

conv-512

W 256 maxpool
N 384
m [256;512]

better
FC-4096
FC-4096
FC-1000

softmax

| 13 layers 16 layers 19 Iay(_ars ] o
Simonyan, Karen, and Andrew Zisserman. Very deep convolutional networks for large-scale image recognition.

arXiv preprint arXiv:1409.1556 (2014). 36
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X5 AN ICE A IR E R, SRE M TR A
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three 3x3 A 5x5
= six 2%2 15.9 = two 3x3
ET ;: Similarly, we replace the 5x5 filters by two 3x3 filters.
14.9 143 The complexity involved is:
55 three 3x3 64 - 52 - 128 (4)
= two 3x3 . D =g 2x2 ] .
13.9 = 64-3%2-128 4+ 128-3%-128.
two 3x3
= four 2x2
' deeper &
E smaller filters
13.3

He, Kaiming, et al, Convolutional Neural Networks at Constrained Time Cost. CVPR2015
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m 2015-MSRA-Net(2/2)

input size VGG-19 [25] model A model B maoddel C
33 64 T=T.96, 2 T=7,96,12 Tx7,96, /2
124 Ix3 nd
232 maxpool, 12
3x3, 128
112 3x3,128
2x2 maxpool /2 {2 %2 maxpool. /2 2% 2 maxpool /2 22 maxpool. /2
33, 256 Ix3,. 256 33, 256 Ix3 384
33, 256 Ix3,. 256 33, 256 Ix3 384
33, 256 Ix3,. 256 33, 256 Ix3 384
56 33, 256 Ix3,. 256 33, 256 Ix3 384
Ix3,. 256 3x3, 256 Ix3 384
3x3, 156 3Ix3, 384
232 maxpool, 2 232 maxpool, /2 22 maxpool, 2 22 maxpool, /2
3x3,512 Ix3 512 3x3,512 Ix3, 768
3x3,512 Ix3. 512 3x3,512 Ix3, 768
3x3,512 Ix3. 512 3x3,512 Ix3, 768
28 3x3,512 Ix3. 512 3x3,512 Ix3, 768
Ix3. 512 3x3,512 Ix3, 768
3x3,512 Ix3, 768
232 maxpool, 12 22 maxpool, /2 232 maxpool, 12 22 maxpool, /2
3x3,. 512 Ix3.512 3x3,.512 Ix3, 896
33,512 Ix3. 512 33,512 Ix3 B96
33,512 Ix3. 512 33,512 Ix3 B96
14 33,512 Ix3. 512 33,512 Ix3 B96
Ix3. 512 33,512 Ix3 B96
33,512 Ix3 B96
2% 2 maxpool, /2 spp, {7.3,2,1} spp. {7.3.2, 1} spp. {7.3.2,1}
fica 4096
fca 4096
ficy 1000
depth (conv+fc) 19 19 22 22
complexity (ops., x 10™) 1.96 1.90 232 5.30

Table 3. Architectures of large models. Here *¥27 denotes a stride of 2.

38
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m 2013-Network in Network(1/2)
» MLPRISEE B4 SR
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(b) Mlpconv layer

(a) Linear convolution layer

- KESEEE, #MGIlobal Average Pooling

Fully Connected Layers Global Average Pooling

feature maps / output nodes feature maps output nodes
o —>0
—> fully connected . O —>» 0
\ layers @) —>» 0
\ © o
averaging

concatenation

Min Lin et al, Network in Network, Arxiv 2013.
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A simple 4 layer NIN + Global Average Pooling:

96

1000

axanBEK256
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:r_‘:\ 756 _i ®Ax1024x 1000 ﬂ
. &
a0 w1024 1024
il RO o Y O
Aot “oHo 4|0
] T Pt I e R b
SIS OO HO
of | VT IR
THAO s D)
Feed to Softmax

Parameter Number Performance Time to train (GTX Titan)

AlexNet 60 Million (230 Megabytes) | 40.7% (Top 1) | 8 days

NIN 7.5 Million (29 Megabytes) | 39.2% (Top 1) | 4 days




) CNNGHIRL —smenmmmee

m 2014-GoogLeNet(1/2)

4 > 204
. Filter
5 =+
R » |nC€ptI0nén$@ concatenation
?i.b = —
3x3 5x5 1x1
é 1 convolutions convolutions convolutions
X
convolutions 4 A A
1x1 1x1 3x3 max
convolutions convolutions pooling
— >

Previous layer _

s we vi—va—va




) CNNGHIEN—wmenmmmne

m 2014-GooglLeNet(2/2)
- BAMIR24Z L
» % InceptionZh 4 B Bk
- ATHEmKE

iz R ¥
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CNNL R —esmsmane:

I = 2015-Inception V3(1/2)
R AV InceptionZh 44
5x5E TR %I X A E3x3 BT 14

Filter Concat

Filter Concat

iz R ¥

5x5 3x3 1x1 OX5->2X3X3
>
[ i i i
1x1 1x1 Pool X
\ / 1x1 1x1 Pool 1x1
— N
Base

Szegedy, Christian, et al. " Rethinking the Inception Architecture for Computer Vision." arXiv preprint 2015



CNNL R —esmsmane:

m 2015-Inception V3(2/2)
» A1 X nFl n x 189 EFR#Z

iz R ¥

Filter Concat

Filter Concat

1x1

1x1

Base

1x1
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CNNL R —esmsmane:

m 2015-Inception V4
~ BIREE ZMInceptionZ5#h

Filter concat

iz R ¥

7x1 Conv
(256)
) i
' 1x7 Conv
1x1 Conv 1*(72505““ (224)
(128) : :
] 7x1 Conv
1x1 Conv 1x7 Conv (224)
(384) (224) L [
1 , 1x7 Conv
‘ 1x1 Conv (192)
Avg Pooling = I f
1x1 Conv

(192)

Filter concat

Filter concat

3x1 Conv 1x3 Conv
1x1 Conv (256) (256)
(256) . : — ;
1x3 Conv 3x1 Conv ]
) (256) (256) 3x1 Conv
1x1 Conv ' S ) (512)
(256) \/ R
" 1x3 Conv
1x1 Conv (448)
Avg Pooling 384) : T
| 1x1 Conv

(384)

Filter concat

Inception V4

Szegedy C, loffe S, Vanhoucke V. Inception-v4, inception-resnet and the impact of residual connections on

learning[J]. arXiv preprint arXiv:1602.07261, 2016.
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He K, Zhang X, Ren S, et al. Deep Residual Learning for Image Recognition[J]. arXiv preprint

arXiv:1512.03385, 2015.

VGG-19 34-layer plain 34-layer residual
. - e e
m 2015-Deep Residual Net . Cope
— podd, f2
ﬁj I X
?5 ik
L 3% weight layer
-
#4 Fix) .
5 identity
=P
é Flx)+x @ =
layer name | output size 18-laver | 34-laver | S(-layer | 101-layer 152-layer
cony | 112=112 Tx7, 64, stride 2
3% 3 max pool, stnde 2 e
- 1=1, 64 1x1, 64 =1, 64
comZx | 3636 ;“;ﬁ] 2 [:"ix ]}-:3 Ix3,64 | x3 ix3, 64 | x3 Ix3,64 | x3
L S e | 1x1,256 | | 1x1,256 | | 1x1,256 |
- ; - ; [ 11,128 ] [ 1x1.128 ] [ 1x1.128 ]
.
convi_x 28=28 :x: t;: x2 ;K: :i wd 3x3, 128 | =4 Ix3 128 | =4 3x3 128 | =8
e e LA R | 1x1,512 | | 1x1,512 | | 1x1,512 |
. l . . 1x1, 256 1x1,256 1x1,256 ]
¥ T
comvdx | 14x14 :":;:2 %2 i“: ;:2 w6 || 3x3.256 |x6 || 3x3.256 =23 || 3x3,256 |x36
e L 1x1, 1024 1%1,1024 | 11,1024 |
- . A . 1x1,512 1=1.512 1=1.512 -
¥ size: 7
convi _x T=T :::;:i w1 ;::::; %3 3Ix3, 512 3 Ix3 512 | =3 3x3 512 | =3
L 2550 LRS- e ] 11, 2048 1, 2048 11, 2048
Ix1 average pool, 100-d fc, softmax
FLOPs LE=107 [ dex1f | 3E=10" 7.6x 107 TERTS
output




CNNGRIEN s

m 2016-Inception Residual Net

FE2512: Residual Net®] LUITEWES, FHInception&#tha] LA
A Z AT EEBY M RE - — . :

e T T N S T S SO
9.0,
. 8.5r ‘..-'..-.
‘ Relu activation Bt
5k
28 T.Of

o

iz R ¥

k=] : e W

B0 VR
& 5.5
5.0r
4.5}

1x1 Conv
(384 Linear)

-- inception-v4

. et Rt S s IR &
| S S TS DRSS S I - L.
3x3 Conv a0 ; ; : !ncep:!on v3 »
O | e inception-resnet-v |-
. (64) ot : : - :
1x1 Conv ! 20 0 60 80 100 120 140 160
i i T § Epoch

4.0

(32)
3x3 Conv 3x3 Conv _ 5 >
e e ImageNet Top-5 Errorii s ih £k
I [ ImageNet Top-5 Error¥f L.
1x1 1x1C
x(;;';w x(gz?m Network Top-1 Error | Top-5 Error
BN-Inception [6] 25.2% 7.8%
_ Inception-v3 [15] 21.2% 5.6%
| Relu activation | Inception-ResNet-v1 21.3% 5.5%
Inception-v4 20.0% 5.0%
Inception-ResNet-v2 19.9% 4.9%

Szegedy C, loffe S, Vanhoucke V. Inception-v4, inception-resnet and the impact of residual connections on
learning[J]. arXiv preprint arXiv:1602.07261, 2016.
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m 2016-ldentity Mapping Residual Net
ZiEAdditionf5 HRYReLU#R4E

5k 2= WS F= AT A

X7 Xi
1 ¥
Wi
BN RelLU
REJ'LU
BN
BN RelLU
“addition weight ]
RelU add‘irt'ion
x,t,l Xf+1
(a) original (b) proposed

2 T T T T
\
\ ResNet—1001, original (error: 7.61%)
| ResNet—1001, proposed (error: 4.92%)
0.2
s
o
=
c
[
|—
0.02
0.002 ' -
0 1 2 3 4 5 6
Iterations x10°

He K, Zhang X, Ren S, et al. Identity Mappings in Deep Residual Networks[J]. arXiv preprint

arXiv:1603.05027, 2016.
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m R-CNN Ross Girshick” CVPR14

3 warped region

aeroplane? no.

person? yes.

tvmonitor? no.

2. Extract region 3. Compute 4. Classity

1mage proposals (~2k) CNN features regions
RCNNA T B Aak il KR :

D fmAEG

2) H|HSelective Search (fast mode)#& B k2120001~ 7= 47 [Iregion proposal

3) X F4H—region proposalF 1156 Horesize il 227x227%i1 A\ ImageNet & 14 43
M 2%

4) KR EE )45 region proposal AR ASVM 73 S5 28 HEAT 432K

Bil: TEAEKERPARHE, SKEUGEE GRHIE S AF
2. & region proposal AN EE, HEEME, GPU_LR47s/5K K&

49
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iz R ¥

m SPP-Net Kaiming He’s ECCV14

CNNZ H 5B K EE R TN B, ARk ER

F1| FA Spatial Pyramid Pooling (SPP) , {E&E/R~Ta9ME R E AT LA
S EIFKBVFFE

% = xPooling: M. IS

fc layers

concatenate
I e 1 | I
A ™
1 « I ]
t t
N / " /
M spatial pyramid pooling layer

f conv layers
input image



@ CNNZE TR —n s 23zimm

m Fast R-CNN Ross Girshick ICCV15
~ #F|FASpatial Pyramid Pooling (SPP) #{T/HNiR, ZskE(GHE
Z BRI EIRME—IK
> SE+EOERVIAEG—EZRFINIZE, FMEEFREPEER
» 1RE MRCNNRBY46sHNIEZI2~3s (EERJ[8){E£Eregion proposal)

iz R ¥

S bbox
softmax regressor

Rol feature

vector For each Rol

51
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iz R ¥

m Faster R-CNN Shaoqing Ren’ NIPS15
Faster R-CNN = RPN + Fast R-CNN

FIRPN M £&{X 2 Edge boxZRegion Proposal /73%, = TRPN#A
Fast R-CNNERESH, IiHFinElimilZk
REREIES, GPU 200ms /3% &%

Region Proposal Networks

classifier

| 2k scores | | 4k coordinates | <mm  Fanchor boxes proposals

ofs layer ‘

|

256-d | Region Proposal Net |~
t intermediate laver

feature map

‘ ‘ [
sliding window

. CNN
conv feature map - 4 I



CNNZE TR —srmomheeiss

| m FCN Jon Long’s CVPRI5

zﬁ*@ﬁlﬁ\:
D IHEEKEEER, FAXXIERZEREERFERFTHEXR

2) PR REREHIT LR
3) MMABEGRHEMERHFITHE (Softmax Loss)

iz R ¥

convolution

b |
e Y
H/4 x Wi4  H/8 x W/8 H/16 x W/16 H/32 x W/32 T Hx W
upsampling
conv, pool, pixelwise
output + loss

nonlinearity

ZHLH): ETFImageNetE{§ 5> 245 fine-tune, base_Ir—AR F4
v, 5lan1o®
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m End to EndE{& X5 M4EST-Net
> B FMNEGEITEGRAETHESH, ndlind5E BISRIE

£ To(G
¢, e ()
s Gnid
1‘* s generator
a o ==
' ("'i(l\‘ I
p 6.?7.1..4.;;
> > —
U ww gl
Sampler ;
Spatial Transformer
i U V
(a) (b)

(c) (d)
Model

7 7 Cimpoi 15 [5] 66.7
Zhang *14 [40] 74.9

Branson 14 [3] 75.7

_ Lin 15 [23] 80.9
3 L. 5 Simon *15 [30] 81.0
CNN (ours) 224px || 82.3

2xST-CNN 224px |[83.1

2xST-CNN 448px || 83.9
6 4xST-CNN 448px || 84.1

Jaderberg M, Simonyan K, Zisserman A. Spatial transformer networks, NIPS15




@ CNN + RNN/LSTM
> CNNZEFTR, RNN/LSTMEERFES
> N FA: Image Caption, Image QA, Video Representation

iz R ¥

aaaaaa

uuuuuu

-------

--------

il
|
P01

s sl
1

[s]

Show and Tell: A Neural Image Caption
Generator (a work from Google)

Activity Recognition

Input:

Sequence £ -]
of Frames ¥

THIZH REARIR

Image Description

[A][1arge || building |[ with |[a]
-m -fron( EI

Video Description

'Y, s,
a8

LSTM
Output:

Sentence

O
E[ man ” juiced ]1 orange I

Long-term Recurrent Convolutional Networks for
Visual Recognition and Description ( A work from

UTA/UCB/UML)
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CNN g';FH Eﬁ —CaffeEE 324y

n ZIDEER
caffe.proto A FEEIBLEHIE X
Solver: Xf#zS: TARMEZSHEF
Net: PZ&LE#
Layer: Z5#JE 7T
Blob: #1IE#IELAEH

iz R ¥

Solver O Blob
/\ ? O 7O 4K

_ Layer§ : NXCXHXW
Train-Net || Test-Net i N: Number
\/ _O C: Channel
H:Height
Layer W:Width




D CNNSLFRIG_pycafte

> BN LeNet

def lenet(batch_size):
caffe.NetSpec()

iz R ¥

n =

m PythoniE X PI4& 4544

n.data, n.label = L.DummyData(shape=[dict{dim=[batch_size, 1, 28, 28]),

dict(dim=[batch_size, 1, 1, 1])],

transform_param=dict(scale=1./255), ntop=2)

n.convl =

L.Convolution(n.data, kernel size=5, num_output=28@,

weight_filler=dict(type="xavier'})

n.pocll =
n.convd =

L.Pooling(n.convl, kernel size=2, stride=2, pool=P.Pooling.MaX)

L.Convolution(n.pooll, kernel size=5, num_output=58@,

weight_filler=dict(type="xavier'})

n.pocl2 =
n.ipl =

weight filler=dict(type="xavier'})

n.relul =
n.ip2 =

weight filler=dict(type="xavier'})
L.SoftmaxkWithLoss(n.ip2, n.label)

n.loss =

return n.to_protol)

L.InnerProduct(n.pool2, num_output=588,

L.RelU{n.ipl, in_place=True)
L.InnerProduct{n.relul, num_cutput=18,

L.Pooling(n.conv2, kernel size=2, stride=2, pool=P.Pooling.MaX)

P
o«

fic & S 44 caffe.proto

message ERREEPRcductParameter {

optional
opticnal
optional

opticnal

// all pr

first axis to be lumped into a single i]

uint32 num_output = 1; // The number
2 [default =
FillerParameter weight filler = 3; //

FillerParameter bias_filler = &4; // TH

bool bias_term = true];

eceding axes are retained in the outp

/ May be negative to

opticnal int32 axis = 5 [default = 1];

'/ Specify whether to transpose the weight mat
f/ If transpose == true, any operations will bs
'/ of the weight matrix. The weight matrix itsd

/ but rather the transfer flag of operations

opticnal bool transpose =

index from the end (e.g.

6 [default = false];

https://github.com/BVLC/caffe/blob/master/python/caffe/test/test_net_spec.py
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LT CNNSs FH ﬁﬁ—PyCaffe
" A

= PythoniE X M4k 454
E X CaffeNetAJbuilding block

def conv_relu{bottom, ks, nout, stride=1, pad=8, group=1):

iz R ¥

conv = L.Convolution(bottom, =ks, =stride,
=nout, =pad, =group)
~eturn conv, L.RelU{conv, =True)
def fc_relu(bottom, nout):
fc = L.InnerProduct{bottom, =nout)
~eturn fc, L.RelU(fc, =True)

sum =

return sun

https://github.com/BVLC/caffe/blob/master/examples/pycaffe/caffenet.py



D CNNSLFRIG_pycafte

m PythoniE X P48 454
s =AM SRNELZ TR
http://ethereon.github.io/netscope/#/editor

iz R ¥

res2a_branch2b_relu - RelU - InPlace

bnZa_branch2b - BatchNorm - InPlace

scale2a_branch2b Scale - InPlace

60


http://ethereon.github.io/netscope/#/editor

) CNNSLARIG—_smmes
" JE

FIRIIEER
Split=

IhgE: H—Blob{EAFE Nk LA L LayerAdbottomBt X4 B i#E 4 THE AN

{FRF=: CaffeiEZRBEhITH]
Slice/Z

IhgE: BlobizEE I A

EFRAH=: Contrastive LossH X} Pairwise#iE#H 1Tk 5
Concat/=

IhgE: % BlobfEig EHEE EFE

ERIAE: InceptionFEHHFARREER %L R B
Eltwise &

Ihge: BT EITE

EHA5=: Residual Netd SEEshort-cutiFE 3z RUFH MR 1E
Scale/Z

Ifge: BN Hscale 5shiftig{E

Bz : fEBatchNormZE 2 fGLH, SLITEERIBNIR(E

4 v

iz R ¥



@ CNN g';FH EIE—Caffeimg-E@ZEﬂ
" JE
s Multi-GPUY &

Z} SIMBR: ﬂﬂiﬂé‘t, FRIERIEW LA IREEE
z_‘% PREELSR
i S A
pi P
@ '\9 () GPU Node

% GPUBR S 2514 BE
.GPUZleﬂuﬂH-t P2P / SOC

o NRASHEP2P, NMIFZEKRBTsocketiFHE, FFLEI/OHALIM
= A L Anvidia-smi topo —-mHpSEEF

a socket-level link (e.g. QPI)

a PCIe host bridge
1ltiple PCIe internal switches
=5 a PCIe internal switch
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D A\BRESH->ERERES

m ICCV2015#t & FilfhiH=IE
» 4,6995k[E{%, o Rilg . WIEFMK=NFES
- FEME: AINEGEINE, fFEWIESE IR RE
- MM EL : FINZREMMIRENZ, EMiE BRI

iz R ¥

TEE BGHE

Y5 2476

ISUFEE 1,136
Appare age: 20 Std: 3.99 Apparen age: 22 Std:2.59 Apparent age: 49 Std:4.39  Apparent age: 20 Std: 4.31 s

R LE 1,087

Apparent age: 12 Std: 3.34 Apparent age: 63 Std: 5.10 Apparent age: 29 Std: 5.09 Apparent age: 27 Std: 2.90

64
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s Zfl: AEEARSHEBRBINFRRTES
AEHNRSHELRE (500K)
BRI R R HAFREIEE (2K)
FIEEIRE : NEBRRE THRETIBES

iz R ¥

o m l
W —Rbk

iAﬁﬁ’%%ﬁE (2K

N Sy 24 (500K)



D NS ->4FR R T ST —AgeNet

m AgeNet
- FELET 3 iR F i dmhd B F iR 57 K ML
- 252 BT — 4 SUE G il YR AL B ¢ (o] YA PR £

- BTGB FiR L TRS

iz R ¥

Output Maximum Confidence Age
1-dimension age

- Score Fusin
Age Classifier g Age Regressor

Fully Connected Layer

66



D ABEBH->ERETRSE TN

" JE
n FiRRBEHNEMRERY
> AgeNetE#4E1VIRE: —4ESo{ERL+ BRIk
W ERYI—1LRI[0,1] FH B ARR Ik S F i Bl YF=5

> AgeNetfFE#4 478§ LDL+3Z X fiithisk
| {¥F (LDL Geng’ TPAMI2013) Sz SR £F {6 H 22 S FF RS 93 483

iz R ¥

S0 R Y 1 ] T
; | T . label(j)=exp( U y)2 )cvar, ] =1,2,..., MaxAge
2*cvar




D NS ->4FR R T ST —AgeNet

Sz 5

General

Specific

m MGeneralB|SpecificBRE T ¥ S HHE
- AR BRI > M R i 2 R R T B S

iR EEZINFIES ~
EE 3 8

ARG & 0 B 55, 10,575
A, 500KKE#%

Fine-tune & 52 \ i 4% :
X 2% b i

DR KA L J o) L S A i s 42
CACD(200K) + Morph-11(50K)

Fine-tunett &4 #4 il it ‘ =
¥¥] 2% : —

NI 2 R RS (2K
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NS5 ->ER MRS T swwi

| = MEEETEAMERT

ff} FA—IRE, ¥ FRground-truth, 9; TR EITHRIFL
¢
#
; LS (v =9’
3 RS R 1D

FEEITIRE

1 &
MAE :_Z|yi -,
N =



D NBSH >R RS T uni
" A
n FREITREIREAELE

g BTE NS, FEILYIEEEE

8, A S R->HSFRIARETBEINTESSFR->HSFIR

ﬁ HIERBFE ]

g AN B R->EXLFiR->H SFRIAE TR E IR H
BEHLHILG L 0.5381 7.0924
B RS ->FE o i RS 0.3994 4.7526
NI B Ay -> 4 2 % 0.3504 4.2095

NIy ->H SRS -> 4L SR 0.3360 3.9489
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£ NRSH->EREF RS s

" JEE
= ICCV2015F iR RFRHE VN

gl

=

BMN2LZE, 4eERRTE—2NIE, HEEEZ/) 61

GoogLeNet vs. 20 VGGNet)

1 CVL_ETH 20 VGGNet, 101 reunions softmax normalized
output of the last layer

2 AgeNet 8 GoogL eNet, AgeNet Age Regressor and
Classifier
3 Ageseer VGGNet, Prediction of age codes, fusion of

regressors, such as lasso, global and local
quadratic regressor, and RF

3 WVU_CVL GoogleLet + 10 age groups, RF, SVR, and
fusion
4 SEU_NJU VGGNet, Fusion of different network setups,

softmax loss and KL-divergence

Xin Liu et al.. AgeNet: Deeply Learned Regressor and Classifier for Robust Apparent Age Estimation. International

Conference on Computer Vision Chalearn LaP Workshop (ICCVW), 2015

0.295116

0.292297

0.327321

0.316289

0.380615

0.264975

0.270685

0.287266

0.294835

0.305763
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H

m Convolution on Graphs
JE2DE R HEan ] £ FHCNN

m 3D Mesh Data
m Time-frequency audio representation
m Social Network Signals, gene expression

CNN on Graphs

m Hierarchical Clustering of Graph

Qo G i
S i .
,’Q l L
e ==\ g %
......... =N % °
. o, Y&  mmmale g 8
% § b
o _‘...“' Fz J . ..
A "
Lij L ) R .. .
o— Jmm /PN C
> . Bl @
o ....... .

Joan Bruna, Wojciech Zaremba, Arthur Szlam and Yann LeCun. Spectral networks and locally connected
networks on graphs, ICLR2014
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D wmEETe

n PRLREEHYEE S]ibpCNN Feng’s ICCV2015

AREZREFULES, F7] PABE
H E NGNS MBI G RS

[ polar bear
| F@Z o I/;/g/:}J -.--.
- = " ) ’/ . W~

Extra data

ﬂ Training data ibpCNN Feature

;{;1 polar bear ’//E‘é/ (// |:|

~ - Sk Key idea: #7145 24 & B 5 #f
ﬁ Il' i

LL‘O]T\-'

Loo(W, Z,K) =) || Xi— Zwﬁzz 2+ MK Zcmk (ZD;X.9) + Y LW, 200 KO, X (1))

i k=1 =1
+ Z Le(WO, 2O, KO; x(1), 4)
EZLconv‘l‘l
# training 1% 5% 10% 50% 100%
DictLearn [7] 14.23 15.68 21.38 29.71 31.24
CNN-AlexNet [6] 5.02 10.80 21.17 47.12 61.7
CNN-GAP 11.23 15.91 26.21 41.23 04.38
Ours 17.79 | 23.36 | 31.04 | 46.87 58.07
# filters (rel.) 4.2% 14.5% | 17.5% | 28.2% | 37.5% 74
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m Deep Networks with Stochastic Depth
» IR Ez BB droptefE, HmERUSTEL, SR E 5 B ST R 4544
~ TR, ATELIZR1200E 4%, CIFAR-10_E4.91%MiHiRE

1.0 0.9 0.8 0.7 0.6 0.5

active inactive i e

Input

HFes" = ReLU(pe fy(HES5H; W) + HES'

Huang G, Sun'Y, Liu Z, et al. Deep Networks with Stochastic Depth[J]. arXiv preprint arXiv:1603.09382, 2016.
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@ BRIERE T8
" A
n K ESE
Bi%l: BRI KR EIL[1]skE1L[2]

B2 NZERZEPrIMEsIs. (Network Pruning) [3,4]

iz R ¥

B3 EER_MEL, FBRECEEAUEE[D]

[1] Zhang X, Zou J, Ming X, et al. Efficient and accurate approximations of nonlinear convolutional
networks,CVPR2015

[2] Wu J, Leng C, Wang Y, et al. Quantized Convolutional Neural Networks for Mobile Devices[J]. arXiv
preprint arXiv:1512.06473, 2015.

[3] Han S, Pool J, Tran J, et al. Learning both Weights and Connections for Efficient Neural Network,
NIPS15

[4] Polyak A, Wolf L. Channel-Level Acceleration of Deep Face Representations[J]. Access, IEEE, 2015,
3:2163-2175.

[5] Courbariaux M, Bengio Y. BinaryNet: Training Deep Neural Networks with Weights and Activations
Constrained to+ 1 or-1[J]. arXiv preprint arXiv:1602.02830, 2016.
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