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B2: K-means

- REKH:
- BRIBERORANSHETMNEETHEINTE (5, cluster) .

« BREALUEA—TRREE (BTHRSBEAENTNER) , BrFATKFEMFIIES
RYRTORII FZ.
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Y. K-means

- KIS{EEZE (K-means)
= H%6.3

< toptal
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B2: K-means

- #Myzin)[EIE Visual Bag-of-Words

H#r —) Bag of ‘words’

Fei Gao




Y. K-means

¥ > (PCA+k-means)

ENEEREmREl 'y I=<r.aArn II

(a) K-means (with and without whitening)
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Y. K-means

1 9=

FEF S (PCA+k-means)

EEMrEEAEES Sl EEMS
b O] “
B EI- Jh
ANENERENNE BN BES T Emill L
HACMAIK=—AERN LS ANIR T =L

(¢) Sparse Autoencoder (with and without whitening)
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IR Y (curse of dimensionality)

A 3 24=30R Al o] B 254
» —PNEBENEERE:
o« FFFIEZ[E)XI 53 3/ \bins
« HEES M bins BT MEAXT T E—FEMratio
o IITF—NETRER, HRBITCEENDInAEEEX S ZbinER T EHLEE
o XN ELEMTFh-nnE L, FFEEEZN

D P_ll_."W."AT_’

X
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HHRYE (curse of dimensionality)

. fE—i:

Ao,

RS EFRBIRZEBBFRZEE, TERINMRESIAEZAM
Constant density Constant # examples
.I.f‘ﬂl .. .Il.
1%..:'1 al . A
o el :

fE e A, gk

PANTEFEREEAE L, 2R SECERI 9 Y £ 9*3=27
HATEFE R EFEAL R, a2 4ERHUR B+ 0 Wi

ZOE AR ? HIEIN— Meature?
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HHRYE (curse of dimensionality)

- EIHFTE, BRBVSEER:
= binsHYHEIEME27
- BRHARETE, HARSNHSHEME T8I
- BRHREMTE, PBLDBSE/LTRREN

RAAE, FNIAERMbins kKX SR B IERT
RIERR
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IR Y (curse of dimensionality)

* Richard E.Bellman(%BAzI7SHIXIRIEE N HEFX) E£19615FRE TX4AKRIE:

The "Curse of dimensionality", is a term coined
by Bellman to describe the problem caused by
the exponential increase in volume associated

with adding extra dimensions to a

(mathematical) space.

B 4ERCE N, (B FEBERIR R K
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HHRYE (curse of dimensionality)

+ HERMEEINRZINE X
- RENAEEBEEREKNEARE
- RE—DEEANOHRFNDYE, FEQBERKH NP
- BEMGTHEREHE M R K 2K

7E SCAE Ry 4E 75 [B] 1) BR S EE 78 CAEAIRGE S R ) R B 2 1 22
I HARE L I e A LRI SR . IXERE, N T BEAf
(152 20, ORI BR A O S IR A

--by Friedman( famous for his friedman test)

TE@FETmﬂmﬁﬁﬁ$mm PRSI FNEES IR, EATEY S T A A E IS,
BRSNS
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HHRYE (curse of dimensionality)

o BRAAN{ATHT LE B M ?
- SINSERAIR?

« e ERREAICEE (PISEERGR) , AIERIRAHEL EE, EET e, Am,
XFERERIGERFVIZRATE].

» BOHE! (REMEIEMANFEFBE)

- ELERT, HERMEERE, KE—THEX), FE—TMEHRNLR, @474
&, DB ERS TR

performance

>

dimensionality



HHRYE (curse of dimensionality)

[ ]
1T

FIEIERE  vs. HERRE
= Feature extraction: A BRISFIER S PER—THFHEFE
= Feature selection:iZF B &£ FFHEEENTE GV IERRRE—HE o & 2 A FIERRETIR1S)

X1 [=2: = = il X1
Y4 Wi Wy oo Win
X, X,
linear feature extraction Yo _ W Was Won ,
Ym Wi W Wun
| X I =~ Mg

o E—MEEEE x; € RY — s y=f(x): RN - RM Heh M < N, ix#t, THEHMST
B8 y € RY ®E7 (k&%) BEEEI=E RYMRES (Si)
o —MERIHMEIHISIAY = f(z) FEEINHRER GIENE—NEERMERNS LIERE—HE)
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{R4EHRN

YEMRUERIR M fE4E(dimension reduction)
s BIEEMHETHR, FRESHBEMETEETA—MELE “F=E)” (subspace)
- FFE: BEEXIEERS, EBITESS

3 '

. 3 | iy ' \ .;.___ 2 ;
— 1 g .* .‘- ...
.:‘.?‘l :“.‘.‘2.:. kS : t?’
* o oee %4 g T . ..
Mg T BaTEE A
(a) =45 i) b A5 B 40 HE A & (b) =457 I 4 & @

& 10.2 KgEHATER
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{R4EHRN

o BMEBREN—NEERERIEY (dimension reduction)

» HBERMBFTIR, FRESHBMUEZEEZTA—MEYE “F=E” (subspace), EXNTFE
EFHFAZEREANEBERS, ESITEHREEEARES.

O S9H LTI 2 B | W
o MERAZATHAN, BSYIEE i SRS
e e N
IS R DI — e 5 - | -
(embedding), RMOJLAXVEEE (a) =47 18] P ALK B 69 4% A (b) =47 ] ¥ &5 hy

T TR BB _
B 10.2 f&KAEHENFE
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{R4EERN

* AT AREHITREYE?

» HIEHAEREE%ED, B5FIEIZIEBVHINEIFNEEMEE S, BegEZTEFHI—T
K4E“87 N” (embedding).

ol

EETEF, FESIRTR, SMERTZT—NMUER (B1) . NEBFOLIEY, #iEEHE+b—% L, HERHEREENEZ, B, miZA[
FROSHEERER/N. BBAERBAROEERIEHR T, HeX—4, BRN"4EH40E (B2) hRERTFRNIFIREIER.
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ERTT T

o R (Principal Component Analysis, BF#RPCA)
« MTIEXEMZEPFIEARS, AA—N EBFEEXAEHFARFITIEHIIRIEK?

>

Feature 2

Feature 1
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ERTT T

- W57t PCA
. BHEEXHNBTE, BATKENEEXE
B R -
- BIREMM . HASBIXNEEEAIEEE
U5 ;
- BAAIOM: HASEXMNMEEE AR
BERATBEDTF

Fei Gao 21
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ERTT T

- W57t PCA
. BHEEXHNBTE, BATKENEEXE
B R -
- BIREMM . HASBIXNEEEAIEEE
U5 ;
- BAAIOM: HASEXMNMEEE AR
BERATBEDTF

ETHREEWEIERAT DM, D 3ERIEMD
PHTHIPRREFNHES,

Fei Gao

Feature 2

Feafure 1



E R T

. BiEEHIM

o RREAEITROK, 2% =0, BEERFTRESENTLRRY (W, we, .. we}, H
hw; FARAEIEEREE, - o
|will2 = 1, wj w; =0(¢ # j).
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E R T

- mITEMMYE
;i =0 - —
, stramEEok, =70 | BEERYERESHOFLRRN (0, w.. .. wh

1

2w, RIDEESEEE,
lwill2 = 1, wiw; = 0(i # j).

EEFILIFRDIIRS AR, ESHEERES d < d, NWERSERELIFREDIRS
R zi = (2i1;2i2; 3 Zir ) » Zij = W, ;& Li TEIRBELITTE J SERILER,
P

BTz, KEH x;, N=FE



E R T

. BEEA
- EREMIGE, EHAS T 5ETREEMNHARS T; ZENEER

d’ 2

E Zijw]’ — ;

j=1

m m
= g zlz; —2 E 2! Whx; + const
, =1 i=1

_— (WT (i ) w> |

. WESEEMMNSMER. 88 w; 2REETE, Do ZA5LEN, &

m
=1

H\l}éfn —tr(WIXXTW)

st. WIW =1.
» XFLEERKS S ITHNL BiR.



ERTT T

. BATHME

- MRS T EFEEDBEELORERE W e, EREHASIE
SREEFARNAERKL.

RS

RERATRE D 7T, NI fE

« BENFEREEERML A0

Fei Gao 26



E R T

. BATSM

- MRS T EFEEDBEALNREE W' o, BB
SRERHARINAERKK.

. BEEHASMEER Y Wiee'W , TRAKBFETSH

RS

RERATRETFF, MIRziZfE

A
max tr(WHXXTW) 2
Txxr A
s.t. W-W =1.
X_(al ......... az ........................ am) ............................................... 1
by by b,
1 fod % D i a? - D iq aib;
E o 1 m b 1 m 2
m 2i=1 @i 0; D et b; 0

....................................................................................................................................



E R T

. BAFSY

. BEARE T AFTEPBTELNREE Wz, EREHKASHREERTIEST, MNZE
SRERERARHNRERKK.

. BEEHASMEER Y Wiee'W , TRAKBFETSH

A

max tr(WHXXTW) e

st. WIwW =1.

min  — tr( W XX'W)
5 W i

st. WIwW =1.




E R T

+ PCAHRYKARE
max tr(WHXXTW) r%é/_n —tr(WHIXXTW)
st. W'W =L s.t. WIW =1

o ALK ERRARE HRTFIAFIS

XXTW = \W.

. REsHAEER XX THHTHHEES R, FHEREGIHEBHF: A\ > A2 > - 2> g,
« HEHAET d MHEEXNNAFHERERR W = (w1, ws, ..., wy) , XEEEMRTTIHTHIRE.
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E R T

- PCAEE
iﬁ)\: #ZIK;EN 1) = {mla L2y...y wm}a
IR 4E7E (A1 4E 5L d.
iR

1. M e RO 2 — @ — % D ie1 Ti3
2: THEFEAR U7 2256 P XX

3. W 7 ZEF R XX R AR 40 i

4: B KHT d) DR AR AT M FFIE R & wq, we, . .., war.

fith: BGCHRE W = (w1, wa, ..., wa).




E R T

IR RN AL B 5 HIFEAS £

R B P R ZR 000l e 1B A )Ry
b & CH T Hh 7 ZE R RS X AR
[y, BRI AE R &)

feJa 2 AR A 2 R SR R
FEAS R0 S AR IR 7] X T )
b .

1.2

0.5

0.5

-1.59

Mean adjusted data with eigenvectors overayed

(-.74
(-67

"pCAdataadjust dat”

0682469/.6718352252)"xX

=+

1855252/~ TA0682469)* -+ |
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E R T

IR RN AL B 5 HIFEAS £

R B P R ZR 000l e 1B A )Ry
b & CH T Hh 7 ZE R RS X AR
[y, BRI AE R &)

feJa 2 AR A 2 R SR R
FEAS R0 S AR IR 7] X T )
b .

led

13

0.5

-1.5

o

Data transformed with 2 eigenvectors

+

-+

" doublevecfinal dat” | +

_I._._._._._.__._._._._._.__._._._._._.__

+

I
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E R T

pythonF B numpy &8+ HIEMBFE:

I import numpy as np
20 X = [I2,9; -1:4],
' [2.2, 8.2, “1.5],
(2.4, 0.1, -1];
; [1.9, 0, -1.2]]
print(np.mean(X,axis=0))
print(np.cov(np.array(X).T))

eig iR #R (B FFIEE FIFFERI E R TTLA -
import numpy as np

w, v = np.linalg.eig(np.array([[1, -2], [2, -2]]))
3 print("EFEE: {I\nFFEEZ: {}'.format(w,v))

33



E R AT

1 import numpy as np

2 x = np.mat([[ .9, 2.4, 1.2, ©.5, 0.3, 1.8, 0.5, ©.3, 2.5, 1.3],
' [| 130726, Ty G 007, 1A 0:6, 06, 2:6, 1.111)
4 X =X.T

5 T =x - x.mean(axis=0)

6 C = np.cov(x.T)

7 w,v = np.linalg.eig(C)

8 v = np.mat(v[:,0]) #5F - MFIEE X W R R FHEREERF VI E

o= e oY #SOLTRERT, BEREL AT HT|RERN

18 y=T* v_
11 print(y)
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FER 7T
- ElPCAMELHE (IR

Fei Gao

{H)

RIGEH
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ERRT

K

FHIE

Re: AREHRPCAREYE, FREYHHEE
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ERTT T

SFAIE R

419

A @IPN 6 RN 1 ... AFEERS 10 ... HHEES o
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ALt bEdE . U ERST 51T (Kernelized PCA, KPCA)

SN RRE T ERIENSLE R BB RE R BB R BBRG B4R, A, EFDISEE
5, ATRETRRIELERRGT A Rk Bl 1e SRV RYERN :

(a) =47 18] & 4R (b) AL =t ss 4 (c) PCA M4 2%

] 10.6 == a2 69 3000 NHF A &, RARE 42 8] F 47 K IRRAF )G VA
Sﬁzlﬁltﬁxﬁ'ﬁ)\ LA T AR R ERIRGELEAM. B P HIE LR E DT HIKE R
a*f‘j.

Fei Gao 38



AL 1 P4

o ZLERSY O (Kernelized PCA, BFRKPCA)
. BEZ; 2SHELBEUSEFHEARS ¢ EidmE o,/ 5%,

W = Zzzaz

. B BEHERTIELK, METE Msrsmyeﬁﬁmé& Sa], BIEFESS AR SEHEPCARNTE], BNE

(f: b)) ) W= AW. wlwi,;) = o) 6(a)).
- FH KA = )A.
W= Z O(xi)eyi. (K)ij = r(@i, @), A = (1 Qg . au).

39
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mAE 3]

R E 3 (manifold learning)2—RKEL THIMNABSHMEESZX. “RE” &
ERHSRKZEEERENER, 52z, EERMPEGREKZBIAMR, sEHARKKRE
ERiHFITEEITE.

=°9§M3$£. N 7 T
' 8D, 20 y
L °&f,§ o g

o MEBWIET S ZHER, REXXEEEHITAIM
tRxr, BEtREFEIBA#H AT,
= t-SNE (a) MR IEH 5 &4 A KIEH

41



mAE 3]

o RIEFE S (manifold learning)@—XE L T3

ERESKEREEREMNEE, #52, EEEE

BRHEITEEITE,

- HRERTBAESHESE P, NHH
BERBEMNAARKZEER,

BB AR

SHRE X RHET = /F.

- SHEHWEE
L.

« t-SNE

" YR =R, BEXTHEC

A

(i

I,

42

R SRRER R, ‘R
SERMEZEAER, sEMRKEE

T W\

=
=

BEHEAESEZENSHERATLEZEETER,

AR S EREBE MG KR, A&

AT AT AL

TN,

| A S AT 4 A T Al

Senn RERR
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Bl (Isometric Mapping, Isomap)

30\ " T B et e " .
9% sy

1&Qﬁljlbﬁ$'ﬁ7&)\ilj I_.léﬁ |E—I,IZ [ S E?K'ﬁ:lg.léﬁ L ,,Q m‘-";fw B Qm .
=ERHEELESAGRSN, A T iy

15 Pk ks

228 R A E 2 IR ST R 4EHR }ﬁﬁ/ FRTK. ) EGE N\

» [REMANAE LA RERAEESZE “Ni
2%” (geodesic)iE = .

(a) MO IEH 5 & 2 B X IE &

Fei Gao 1



¥3)

205 (Isometric Mapping, Isomap)
« Mz EEERITE

- FRAREERS LSRR ERREXMER, HE
RETEREEXHELA R,

» REWEEREIL —MEMEREE, EMIEMRmZEFE
R, MAFAMPRZ B FEERE,

- T2, TERSZENthZEEREE, mETAT
FinPERE LR R BRI Z )R .
» AR ANTEAEEDijkstraB A Floyd EASLH .

» FREEEETEY ZERENGEZREHER A RESE F
HYAE AR

St
W

4

(b) M3k 2% 3B & 5 U 41 3B 5

Fei Gao 44



mAE 3]

- FEEMS(Isometric Mapping, Isomap)

ﬁ)\: *ﬁéZIK% D= {mla Lo, ... 7mm}s
TR0 ZHL k;
G242 I8

i

1: for:=1,2,...,m do

2:  HIE x; EI’J k ﬁé‘\ﬂ;

3 x5 kAR AR BB N RR IREE B, S HA SRR S R BN TG ST K
4: end for

5: i FH SR B AR T AR B AR AR L Z Rl BE & dist (a4, 24);

6: #F dist(x;, ;) 1E MDS BiLHIA;

7: return MDS Sy % H

Wit FEARLE D 7EAR4E =S 8] B Z = {%i; 85 005 B

%] 10.8 Isomap H*

45



mAE 3]

- EER&MERN (Locally Linear Embedding, LLE)

Dwpsenber 2000

cience

5

Nonlinear Dimensionality D Sl
Reduction by QS “ﬁiﬁf‘f‘ﬁ (\ARE ek f;?
TSNS B Lot B ':imuemm- SEmEHELﬁm-’
Locally Linear Embedding R

Sam T. Roweis' and Lawrence K. Saul?

Science, 2000,
290(5500):2323-2326.

o0
WElE 135 Baid®Fik

Fei Gao 46



AlphaGo
DeepMind, 2016

Lecun Y, Bengio Y, Hinton G.

Deep learning[d].
Nature, 2015,
521(7553):436.

THE IHI'F:NMIJHM WEEKLY JOURNAL OF SCIENGE
| -

At last — a computer program that
can beat a champion Go player PAGE 484

ALL SYSTEMS GO

CONSERVATION RESEARCH ETHICS POPULAR SCIENCE 9 SwiLrERHL T
SONGBIRDS SAFEGUARD WHEN GENES
LA CAR T SPARE C SELFISH’

dividud C 40 year
PAGE 459 PAGE 452




mAE 3]

. EER&MERN (Locally Linear Embedding, LLE)
. FEREMHBNREREFBEFNEN LR, HEBIREM X REMRE R R

The problem of nonlinear dimensionality reduction, as illustrated (10) for three-
dimensional data (B) sampled from a two-dimensional manifold (A).

Fei Gao 48



mAE 3]

. EE&MEE N (Locally Linear Embedding, LLE)
. FEBEMHBANREREERNEEXR, FESIREN X REMREFHZSE h S R

A
A
X T
J / T

w .
rx; . j> A
Wwj; €Z;

L; = W;jTj + Wik Tk + Wi L]

49



mAE 3]

LLE

Fig. 2. Steps of locally lin-
ear embedding: (1) Assign
neighbors to each data
point X. (for example by
using the K nearest neigh-
bors). (2) Compute the
weights W, that best lin-
early reconstruct X, from
its neighbors, solvmg the
constrained least-squares
problem in Eq. 1. (3) Com-
pute the low-dimensional
embedding vectors Y, best
reconstructed by W,, mini-
mizing Eq. 2 by finding the
smallest eigenmodes of
the sparse symmetric ma-
trix in Eq. 3. Although the
weights W.. and vectors Y,
are compu{ed by methods
in linear algebra, the con-
straint that points are only
reconstructed from neigh-
bors can result in highly
nonlinear embeddings.

o
o © 5 (‘D Select neighbors
) ®--... .
o) Tl
o e s
O X'I “s
] e .
e ¥
o)
00 ® o . %
O o) I ‘,{ 0
H{_’_ o ©
Reconstruct with |o ®-.
linear weights o) e
g 'I'Wi.
O OO . .;’ J
g "E r 8




mAE 3]

 LLE

Fig. 2. Steps of locally lin-
ear embedding: (1) Assign
neighbors to each data
point X. (for example by
using the K nearest neigh-
bors). (2) Compute the
weights W, that best lin-
early reconstruct X, from
its neighbors, solvmg the
constrained least-squares
problem in Eq. 1. (3) Com-
pute the low-dimensional
embedding vectors Y, best
reconstructed by W,, mini-
mizing Eq. 2 by finding the
smallest eigenmodes of
the sparse symmetric ma-
trix in Eq. 3. Although the
weights W.. and vectors Y,
are compu{ed by methods
in linear algebra, the con-
straint that points are only
reconstructed from neigh-
bors can result in highly
nonlinear embeddings.

o
o (‘D Select neighbors
O @ o) 9
o @--___ - l| m
O . o % ~. : mln E wz - E wzj ZC]
X' * W1, W2,..., Wm i—1 jEQ
1 — 3
o} . ° ° . l‘ 2
. \
O ‘s‘ \\ S.t. E UJU =1,
[ \ .
0o ® o o * 5 \\ JE€Q;
©° | v ° ’ 2 T
\ .
Wiy — —
& ® y \ J Zl Cl 1
Reconstruct with e.. o . ,S€Q; ls
linear weights <oV JXi NSl L
._“..‘- "-._‘r o -y
W o
v & 00 ® & o
@ © S 0 o



mAE 3]

LLE

Fig. 2. Steps of locally lin-
ear embedding: (1) Assign
neighbors to each data
point X. (for example by
using the K nearest neigh-
bors). (2) Compute the
weights W, that best lin-
early reconstruct X, from
its neighbors, solvmg the
constrained least-squares
problem in Eq. 1. (3) Com-
pute the low-dimensional
embedding vectors Y, best
reconstructed by W,, mini-
mizing Eq. 2 by finding the
smallest eigenmodes of
the sparse symmetric ma-
trix in Eq. 3. Although the
weights W.. and vectors Y,
are compu{ed by methods
in linear algebra, the con-
straint that points are only
reconstructed from neigh-
bors can result in highly
nonlinear embeddings.

© 5 (‘D Select neighbors
. ----- = -
o e
® e,
o)
)
Ne)
O O I
o %
@ | °
: e.
Reconstruct with | o
linear weights 0 :
.:—‘
Co
o0

2

2
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 LLE

Fig. 2. Steps of locally lin-
ear embedding: (1) Assign
neighbors to each data
point X. (for example by
using the K nearest neigh-
bors). (2) Compute the
weights W, that best lin-
early reconstruct X, from
its neighbors, solvmg the
constrained least-squares
problem in Eq. 1. (3) Com-
pute the low-dimensional
embedding vectors Y, best
reconstructed by W,, mini-
mizing Eq. 2 by finding the
smallest eigenmodes of
the sparse symmetric ma-
trix in Eq. 3. Although the
weights W.. and vectors Y,
are compu{ed by methods
in linear algebra, the con-
straint that points are only
reconstructed from neigh-
bors can result in highly
nonlinear embeddings.

o (‘D Select neighbors
O I 2
®---._ ! m
o N % : mln E wz - E wzj ZC]
s W1, W2,...,Wm £ :
1 1=1 JE€Q; 9
) N 1
\‘ \
O \‘ \\ S.t. E UJU =1,
\ \ .
@ % 5 \\\ J€Q;
°° | , ° k D T
\ .
0 ‘ - N k€qQ; Cjk’
H (@] \w- . —
® 5 Dl —1
e. \ >1.5€0; Crs
Reconstruct with | o o " ; i
linear weights vl ,__,_..Xk Sso
._4...‘- _‘ ' ..'.'>"‘ i — ‘-
Lo, 0
DWWy X
OO . .t' J . J
»e RO 6]

+,
ra
4
'
-,
’ 2
*

2



mAE 3]

. EE&MEE N (Locally Linear Embedding, LLE)
. LLEAREMEE T; RBHEENTIRES Q;, RETEHET Q:MITHIHASS T #1T4

HEHNRB W, :
2
min Z Z Wi
]_, P EREEE) m JEQ 2
S.t. Z w;; = 1,
JE€Q:
« Hrh X, 0 :IZ] AEH, & ik = (ZBZ — %j)T(ZBi — mk) ) wwﬁliﬂitﬁ’i
—1
Zké@i Cjk

wij =

—1
ZZ,SEQZ' CZS



mAE 3]

. EER&MERN (Locally Linear Embedding, LLE)
» LLEEREZEHRRFW; AL, T T;XNARETEYLFR 2; AJBE UK E:

2

m
min E Z; — E W;jZ BERER/
wi,wo,..., Wm < :
i=1 JE€Q; 9

Fei Gao 55



mAE 3]

. EER&MERN (Locally Linear Embedding, LLE)
» LLEEREZEHRRFW; AL, T T;XNARETEYLFR 2; AJBE UK E:

2

m
min E Z; — E W;jZ EMRER/)
wi,wa2,..., Wm £ :
i=1 JEQ; 9

s

mzin tr(ZMZ"')

« MHURNTEEAAN, FEIFEEDEKE. ¢ 77T _ 7
s.t. = 1.

Feil Gao 56



#\ (Locally Linear Embedding, LLE)

ﬁj)\: *iZlK% L= {wla Ly .. 7mm}7
EBZH ks
IRk = [ 4648 d.

ﬁfﬁ

for 1 =1,2,...,mdo
i€ x; E’J k l’i@ :
M (10.27) KT wij, § € Qs;
TG & Qi, R wij =0;
end for
M (10.30) 753 M
X M A7 R EAE 77 fi#;
. return M /b d ANREAEAE T N AR 0] =

Frth: FEALE D AEARGETRIOY Z = {21, 22, ..., Zm}-
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AEAENFSS] (PCA+k-means)

Input Image Image Representation Classifier Features

d channels K channels

0,

Figure I: Illustration showing feature extraction using a w-by-w receptive field and stride s. We first
extract w-by-w patches separated by s pixels each, then map them to /K -dimensional feature vectors
to form a new image representation. These vectors are then pooled over 4 quadrants of the image to
form a feature vector for classification. (For clarity we have drawn the leftmost figure with a stride
greater than w, but in practice the stride is almost always smaller than w.
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(a) K-means (with and without whitening)
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(¢) Sparse Autoencoder (with and without whitening)
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WEEESFES] (PCA+k-means)
- Ymhg

1. Extract random patches from unlabeled training images.
2. Apply a pre-processing stage to the patches.
3. Learn a feature-mapping using an unsupervised learning algorithm.

K-means clustering: We apply K-means clustering to learn K centroids ¢*) from the in-

put data. Given the learned centroids ¢'*), we consider two choices for the feature mapping
f. The first is the standard 1-of-K, hard-assignment coding scheme:

fr(x) {

The second is a non-linear mapping that attempts to be “softer” than the above encoding,
but also yield sparse outputs through simple competition:

frlz) = max {0, u{2) — 2} (3)

where 2, = ||z — ¢(®)||3 and j(2) is the mean of the elements of 2.
We refer to these as K-means (hard) and K-means (triangle) respectively.

1 if k = argmin; ||cV) — 2|3
0 otherwise.

(2)
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