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¢ ILSVRC 2012 (ImageNet Large Scale Visual
Recognition Challenge)

Task 1 (classification)
Task 2 (localization)
Task 3 (fine-grained classification)

Error

Team "aMme (5 puesses)

Description

SuperVision 0.15315 Using extra training data from ImageNet Fall 2011 release

SuperVision 0.16422 Using only supplied training data
st 0.26172 Weighted sum of scores from each classifier with SIFT+FV,
- LBP+FV, GIST+FV, and CSIFT+FV,

Team name 7O , Desoription
SuperVision  0.335463 Using extra training data for classification from ImageNet Fall 2011 release
SuperVision  0.341905 Using only supplied training data

Re-ranked DPM detection over Mixed selection from High-Level SVM
ist 0500342 scores and Baseline Scores, decision is performed by looking at the

validation performance
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* ImageNet DEET—42 748
— 22,000 categories
— 14,000,000 images
s HHEOZE
— 10,000,000 images (200x200 pixels)
— 1.15 billion parameters
— 2000 machines (16000 cores) % — J& [
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deep auto-encoder with pooling and local contrast normalization

22000 categories

Sting ray

smoothhound, smoothhound shark, Mustelus mustelus

American smooth dogfish, Mustelus canis

Florida smoothhound, Mustelus norrisi

whitetip shark, reef whitetip shark, Triaenodon obseus

Atlantic spiny dogfish, Squalus acanthias

Pacific spiny dogfish, Squalus suckleyi

hammerhead, hammerhead shark

smooth hammerhead, Sphyrna zygaena

smalleye hammerhead, Sphyrna tudes

shovelhead, bonnethead, bonnet shark, Sphyrna tiburo

angel shark, angelfish, Squatina squatina, monkfish

electric ray, crampfish, numbfish, torpedo

smalltooth sawfish, Pristis pecNnatus

guitarfish

roughtail stingray, Dasyatis centroura

butterfly ray

eagle ray

spotted eagle ray, spotted ray, Aetobatus narinari

cownose ray, cow-nosed ray, Rhinoptera bonasus

manta, manta ray, devilish

Atlantic manta, Manta birostris

devil ray, Mobula hypostoma S(y 9 5 o/

grey skate, gray skate, Raja batis (o] (o]

little skate, Raja erinacea ie-art Feature learning
ngio 1) From raw pixels

ImageNet 2009 (10K cat
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— Microsoft Audio Video Indexing Service (MAVIS)
* http://research.microsoft.com/en-us/projects/mavis/
. BEETERR
— WSJ CSR corpus
* http://aclweb.org/anthology-new/W/W12/W12-2703.pdf
« BEREFEETIL
* http://www.gatsby.ucl.ac.uk/~amnih/papers/ncelm.pdf
« AEEYOFEFRL TR
— Merck Molecular Activity Challenge
* residue-residue contact predictor

— Predicting protein residue-residue contacts using deep networks
and boosting

« Jesse Eickholt and Jianlin Cheng, Bioinformatics (2012)

Audio

TIMIT Phone classification | Accuracy |

Prior art (Clarkson et al.,1999) 79.6%

TIMIT Speaker identification | Accuracy |

Prior art (Reynolds, 1995) 99.7%

Stanford Feature learning 80.3% Stanford Feature learning 100.0%

Images

| CIFAR Object olassification ] Accuracy |\ NORB Object classification | Accuracy |
Prior art (Krizhevsky, 2010) 78.9% Prior art (Ranzato et al, 2009) 94.4%
Stanford Featurs learning 81.5% Stanford Feature learning 97.3%
Video

| Hollywood2 Classification ] Accuracy 88 YouTube | Accuracy |
Prior art (Laptev et al, 2004) 48% Prior art (Liu et al., 2009) 71.2%

Stanford Feature learning 53% Stanford Feature learning 75.8%

Prior art (Wang et al., 2010) 92.1% Prior art (Wang et al., 2010) 85.6%

Stanford Feature learning 93.9% Stanford Feature learning 86.5%

Multimodal (audio/video)

| AVLetters Lip reading __| Accuracy |

Prior art (Zhao et al., 2009) 58.9%

Other unsupervised feature leaming records:
Pedestrian detection (Yann LeCun)

Different phone recognition task (Geoff Hinton)
PASCAL VOC object classification (Kai Yu)

Ancrow No|

Stanford Feature learning 65.8%

Deep Learning
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. . . — Hand-craftl&LAzLY “r layen
— Deep learning methods aim at learning feature . BREAENSE D SR Objects
hierarchies with features from higher levels of the DEMSEETERBHIZ2E
hierarchy formed by the composition of lower EE
- MREOEMFIT, FUE2R 2nd layer
level features. R AR “Object parts”
o EBFIER
— Deep belief networks (Hinton) 1
R st layer
— Deep autoencoder (Bengio) “‘edges”
— Deep neural networks
etc.
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c EMFMICTHBETES-HIZIE. RERE
* Hastad DEE(?): k BHNIE, FEXF—F—D/—FHDO RV
T—JTRETEDRZDEMZIE, -1BTIX, /—FHDIESH
B#MA—F —D/—FHTHENERBTELEVEDONH S (HI: /8
)T 1E%)
o EFHIBLLEISKIE, deep architecture ZRULVNIE, TIEKL (D
FYDLGELN/—FHT)RBTEDEELHD
- PEFHEOFHL. shallowZTRBICHAKIE, DHVES-BHOE
HTHEC
c BHEEDSH. FRVICHEL (RRITIFKEFT ) HEEE. 4
RUBTHBICAWNDIENTED, BRRBOEFERHTIE.
ZLDFMITARY (BERH. XFR#E. — AT /MREFE)
I THAD

MDD

* Fukushima (1980) - #4345 =k0O>
¢ LeCun (1989) — Convolutional Neural Networks

feature maps ure aps feature maps QUTPUT
2628 igzize dgimiz T Tagexe T 1@t 26@m

MEADTAR

« ZRB/\—tFrO> (MLP)
- BEFEEEC, EB30XFEAE,
—PDPOBERML, HALNF(HK 1), LHL
B, EITHGRL,
c HABRMLENBIZEEEMNEELL (diffusion of
gradient EEHNB)
- KREDOHAETIE. (WHENELTNIL) FE
{258 <BPTEEEHiTH &, deep MLP TEHREE
DHRENRSNDZEND 2T

Deep network DFE

« BHEERDEE
- R EETIEEE FT T2 LML S
[El1&. deep architecture Z VT, 5 (Fhd
FLEH)ZELEHDTHD

- FHIZE MREDENAHD, HREDEL
FHAFE TELD, TNEDL LI, JYHRE
DEVNFENEETEGLN?

Qr: AQEEN=
- - <JCm 1=k
[l TAN] TN AT { T
IS NMINSSNES T
Lee et al. ICML'2009 _"‘

Deep network MDFEEH

* Deep network ZHEH{TEF BT BT LICITEHN S
— MLP OFHAE (AAITELE) OF T (FEFELEL

+ Gradient (&R ENBEREHTT L) N HEEROZP T HEBLTLEN. 4
HBIZFEEI<
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- ERMICE: HAISEWEE, —RICEABIRILZIZILTETOREE DS
%, TNz, HAISEVBADLLTLRELTLES L BRI IS5—DE(D
FYBETRER) AREITHLLTLED,

« credit assignment BIREZARRL TLD I EIZRLELVELDEA BRI RERN (A
HHEEHNEST, HAITEVEHAFELTLEN, TTEZIOELSITHELT,
MHBOHIBEEERTIDENNSE2>TLESIIELIDITTH S,

s ALHDHEICEST, MHMOFEESHIBENHD

- (BEET—AHNEKRICHNEFESLEHELTELSA) B ET—
RFARETHA. TARERNHELFFENRTHS.

o BEGL. FE, FEEEEREETILETEGLD ?

— Deep networks [&. shallow E DI BFFREROBEHMNEZ NI EMN
#REND

Greedy MDEC EIZEEFEITO

o —ODMAEIE. greedy HD layer-wise DEH
1. F—RBERMLELEEIEDS

- HBEMFERBLARETHEIN BEESAUELT—5EANS,

2. RISVE—BONFA—RIEELT. E_BDEEETIF

—BOHNESNLGLT—RELTHBUEMLELEEETS

3. RELGET, LREOFBEERYERT
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auto-encoder

c TAPORBERKT AEN—D
- EFEREFESE L WHEFHEDNNTY),
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auto-encoder

TV EEGOFEE BHEROFE
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auto-encoder

Input Features Output Input Features

sparse encoder

*  Auto-encoder [£—H#%IZRTTHIE (dimensionality reduction) #175
— PCA-SEITH D, 1=FZL. R ARTHIBTHD

o COFER. "dense" BREMNEFELND, ChIFTH T, BMIAE T4

BThd
- 2TORHHIE—MRICnon-zeroEZ L. ZOMAEHLEITANBEIZET
HEHRET D HOTLA(ZLT, EROKIT DALY

o UL, CORPBRBIEHRAE->THY HHERICAIS M DEKRTD
HHELH D) . REXD auto-encoder THIREDE L VHEZBIDONHL
75%

o Usparse" BRIBMNGONNIEL, CORBIXARIRT S, "sparse” HRIFE
1F. EDOBRRTH(EDISBANBEITHLTE) ., FEAEDHEOIEIT
0CTHBEITRE, 1212—D12F non-zero ELVSID L. &<one-hot KIR
EEDLNDM, FEIE. ThIL sparse BED

sparse auto-encoder M{EY A

encoder IZZ<DIBNRFEZEETNITLL

sparseness ZFE T H LG IERAMLIEE (BRBEKI) 1T

[Tz %,

— non-zero /—FDEHIZIE L TKRELLS penalty EHEAND

— Weight decay

— etc.

De-noising Auto-Encoder

- BT, EEMIZ, /A XENMZ S, auto-encoder [F (/
A XA M= ANETIIAS) /4 X% I Z D ETD E% HA

EEELT, 2ESES, THR O FEHTEmI [
%;i?iif%&%ég TAEOSEY SLPEESEHY

- RERERIEELL

stacked auto-encoder

Bengio (2007) — Deep Belief Networks (2006) (D% TiRE

*  sparse auto-encoder Zf&#H £ (15, ZNE (L, greedy layer-wise [CEESE S

728 decoder B35 (&, BEL TL (B LIAMEDALY)
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Input Featuresll  Output
Gutput Input Features | (Features 1)
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stacked auto-encoder Deep Belief Networks (DBN)

. fthﬁrliéﬁﬂij??b%cgﬂiggié « Geoff Hinton (2006)
. Y - <X a2 . s EhIE s .
«  Stacked Auto-Encoders [& DBN (Deep Belief Networks) [Zf£#EHY%5 % Greedy Iayer—W|s.e FE.TF2L. B RBM (Restricted
- }[_);—ng;sing auto-encoders L I (Z, stacked auto-encoders [& DBN &[F1% Boltzmann Machine) h
JI&

* RBM [&Boltzmann machine [Z
ROFFEMZI=ED
- ACLERROHEFEL. Bl
hidden (h) & visible (x) node &

— HETRIETILELTIE. DBN DKSMERET L TIEALY

— Ply=0 ] ) —ﬁg[iﬁm

" P11 — annealing[X ALV (temperaturelFA2LY) . CThid. FREFNDRBM

— s pye210 Tld RKEREREROBVDLTHD, LA, HEEMERL L
EHLTLK

- ZLD5A. logistic EHZERLVS. thOEBLARETH S

RBMupdate(x;,¢, W, b, c)
. 24 T3] This is the RBM update procedure for binomial units. It can easily adapted to other types of units.
R B M 0) Sa m pl | I"I g t % % X is a sample from the training distribution for the RBM
€ is a learning rate for the stochastic gradient descent in Contrastive Divergence
W is the RBM weight matrix, of dimension (number of hidden units, number of inputs)
. MEIREEFEET—4T b is the RBM offset vector for input units
— example x (£ {EH ) ¢ is the RBM offset vector for hidden units
+  Sampling [ AT - BB DEYRL Notation: Q(h;. = 1|x3) is the vector with elements Q(hy; = 1|x;)
— P(h;=1]x) = sigmoid(Wx + ¢;) = 1/(1+e™t)) // ¢ is hidden node bias
— P(x;=1|h) = sigmoid(W'h + b)) = 1/(1+e™et&)) // b, is visible node bias for all hidden units i do
+ Contrastive Divergence (CD-k): RD/\FA—F%FHDI, KEIF, o compute Q(hy; = 1|x;) (for binomial units, sigm(ci + 3 ; Wisx1;))
MCMCE+MBYIRT BENH LD TNERRT YT (k steps) T « sample hy; € {0, 1} from Q(hy;|x,)
HHOVUEENOHLERETIFE end for
« Boltzmann machine ERIHRICTHEDEHEITS for all visible units j do
o ZLDIFA CD-1 (BERMIZITTH BLMERMNBONDI) » compute P(x; = 1|h,) (for binumiﬂ.l units, sigm(b; + 3, Wi;hy;))
- ZBEUAUNSVOT, k EXELT DKk EFFoTH, CD-1 EELIT2TH o sample x2; € {0,1} from P(xz; = 1|hy)
FERICKETEILEL, end for
— 7385, bias (5% 5. BIMMICIERAHRECBESL, LAL, KR EEIHE for all hidden units i do
NEWKS53THS. « compute Q(hy; = 1|x,) (for binomial units, sigm(c; + ZJ Wijxa5))
- CD-1 FEEHAMNELFNESL ENEFUTNELL . RISFE R end for
ISRV RHEDEILZERDHD o W — W +e(h;xi — Q(ha. = 1x2)x5)
b« b+e(x1 —xz)
e c—c+e(hy — Qhy = 1x))

Deep Belief Network DF & F&H

* Greedy layer-wise G000 — 0 « EEELL

o BAIZHLARE RBM (h0—h1) & p(hz,hs);RBMI i — UoKY T ALV BRDERMNHE TN
RBM EHHRAIICTEH IS S — - HREZUER(?)

. FMIEZEELT. &Y LHIDRBM A 1' b — Hinton, LeCun 5D ERL 3L & Bengio DLELVRER
BO2EETS QIR | l"(h“" - JifiORAUH

- RIZ, WABERMEEEET o " - EESHEAD. ANERE (ZFTHE) EBSL 5.
JVISHEEL . 2 BT Ql1x )| \P(xlh') - g‘é%ﬂ@limﬁ")ﬂé‘o

- B#IC, A TORBEEMICL, £000 = O x .+ R :
BT EETETL. MARET -3 LBV EEDHHEISERTELZDOMN?
5 - NHOBEMBE AR EETEGL DN ?




