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Generative Learning on Computer Vision

Abstract

Nowadays, there is a rapid growth in the area of computer vision, especially the deep learning
algorithms including Convolution Neural Network. They are capable to achieve dozens of
problems in vision. However, most of them are discriminative models, which need a large amount
of labeled data. On the contrary, the generative models do not need big data.

This paper will focus on FRAME model. FRAME model, consists of Filter, Random Field and
Maximum Entropy, is a generative probabilistic model. The model considers the image as a
Markov random field, with the Gabor filter as the under layer expression. It can be learned by a
method similar to the maximum entropy principle.

To improve original FRAME model and its extension on inhomogeneous and sparsification, we
propose a hierarchical extension of FRAME model, which combines the generative learning and
hierarchical representation. It will highly increase the robustness and application scope. The new
model will not only allow to shift the locations, orientations and scales of the Gabor filters, but
allow to shift the whole part (which is a set of filters) as well.

Three experiments, including object detection, clustering and classification, along with the
comparison between different versions of FRAME model and the comparison with different
generative and hierarchical model, show that our proposed model is capable of learning meaning
and interpretable templates.

Key words: Machine Learning, Generative Model, Hierarchical Representation
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7. EH ALY < A8 + v (I — HYL) Vx s,
8. E?ﬁlogl(l(t“))<—10gZ(11(t))+EZ%=19XP(Zx,sa('1:(ct:;) '1:(2:1) |<7m'3x.s.a>|)

9. A tet+1
UNTIL Yy salHSS, — HY ol <€

2.3 #E#% FRAME BEH 17E R
2.3.1 #H{k FRAME BE# IF1E R AEZS

JEFF IR FRAME FEHLIZ ARG H] 7 K E L g ds, ﬁﬂ%i Y, (%8, ) T B I T
AIALE, KM, ERRMEIIZARERIL R 2. A, —sKEREEH, K
o pE A S N A IR TRBEACIE I T, ER FRAME BN A, 3K
AT R & I e AR AT I AN iE . FRATIXAE 2 X

p(I;B, 1) = mexp (Z L Bxbsbai))> q(D (2-20)

Hi, B = Byspapl = 1, M) REFLRESES, 1= Qi=1,.., )RASHNPE. &
SERFEI)— NI ISR AT, BATAT LEFIAR R RRAE Al 1, IR ATs 2OoRIINZRIER, —
6 J5 IR B AR SR A o

EREWN TR

(D BRI T INGRERE, b THARIR N

(2)  PIAZHHEEARD, BRRNEEEMREE ST

(3)  FEBHAT /R BIERERF RIS TN, RO ISR A f B OR,  ir DASCSAod 2 5
Ag%o

(4)  FEERBEMN, el DLEREE R INVE R i g AR TR I AR K

(5) ERVFEFISIESRRECETAE, KRR NIBIAAETE .

SAVEIFUIT AL, BT D RILIERLIE, RAMip(; B, )Tk~
BB, FORERG M IGER, B, S REHE — MEERRR B 2t
NG BB By = (B sary, spagrayy i = 1o oo 1)e Mygs Actyy MM HIES
BRHTE AT A5 A%y € [~3,3], EVREIRBEE = AME ), MRAEE R, 2
0B g, IR T By, s hery

2. 3. 2 ¥R FRAME BEHIAERIRZE S E L

BEAE T PR A s R AT I FEX ST R A%, IFE I IR S e AR S S . WA AR
$e2, M FRAME FENUZ AR 5 2L IERG s gn b AT IR KRR &R, Bl Tl A AR i
G AR (105 ORI IR AT AR 7Y

n
Z xl Si, (ll (2'21)
i=1
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Ht, cp BRI BN REE RE e, RERIERZ.

St AR SRR q(D 2NN, BA B Cp = (empi =1, ., )R
—AMHER AT pe(CA), e WR R MRS ) — MR, 50 ML HA L, R R
Hon] DL 8 Co 5 € W RLER B8 B AT B T2, T J 3 U O T 0k 22 AR

I €m I7=11 L, — ?=1Cminisi a; 12

IR IE TR FRAME BENL BRI, 23 milGsBaes—an—. H—5, &
ST /NP B — ST A 5 2 K B I S 5B = (B i = 1,,m)s 735,
ELRI T AR A, ROV T VI 25k U FRAME BEHLEZ B kAl i A

B WRTEILERBMID VISR
K, BAIA AN GRG, REBATHER S IESES .

T EIEA Dy m = 1,0, MY, N T UGBS = (Bysyapi = 1, )R
fi18 /ML

Z I im Z Cm,iBxitdxmpsiait b I° (2-22)

/MG AT U I S VLB SREVRRGE A, % BT DL R A o oK R X 224
GHEATI Y, [RINSE LR 0 i KA R R A8 . oA SN T -
M
(xi' S 1) = arg msao)z( Z E;a)éKEm Bx+Axsa+Aa)|2 (2'23)
m=1

Hrt, maxpeaq AR Axy, FlAx, R A R . 1538 () 5, @) R EIR, @
i e PR B S K AE B E A N Axp  FAX g ;-

(Axm,ii Axa,i) = arg E;%)él (em: Bx+Ax,s,a+Aa) |2 (2-24)

B YIZGHH FRAME BEpLga

FERREN T AL I BB = (Byysyai = 1, o, n)JF s AR L, SEHE, FIREGER
SR At A ALLAR BB T

LUnlB,2) = " Ay max|(L By s ned] — 108Z(D (2-25)
i=1 A
JRANBT LA SRR (VT AN M. AT ORE F0 1P o 8 A8 1750 R U5 i MR 30,
B IR 0 M AT S AT A
TESI50E, RN, AR MRTEARARIS T, (Tpm =1, .., MR HMC
Mp(L; B, AR FRHG P P REAS . BRATiRE R A:

M M
t+1 t
/15 = /1( ) + yt(_ Z g}%’é'(lm' Bxi+Ax,si,ai+Aa)| - ﬁ Z (I 'Bxi,si,ai)D (2_26)
m=1

m=1
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2 BB (1; B, ) 7B AL FIRAR o X A2 T 1 R BEAS, B0A TR s iAo«
JR B s KA R S AR SRR A B RIEBR EATRIIEARAZ I . A, FEARATAR AL 2
F) 472 B S 70

FIRERD, BTS2 RIS % (HMC) SRRFEA %, *F HMC g
BERBIOBEE S (2-15) KL, AT Aisign({L, By, s,0,)) Brysya; + 1o

TS HZA), B SAAN 7 T 5 LOAE TR 12 R A

Z0ED) 1 & _
% ~ ﬁ z €xp (z (Agct;—;l) - Agct,g.a) X |(Imr Bx,s,a)|) (2'27)
m=1

X,S,a

2. 3.3 ¥ FRAME FEHIATR B 518
TR L, FRATT EE 7 A7 B 410 1 A — 3 SR 1 AR

HEpB2 JIGMEm FRAME FEHLZRE

HiEmAN:
—ZIMINGE R {1, m=1,.., M}
Hikfh:
BRI IERRBESB = (Bysyqpi=1,..,n), WESHA = 4,54 V%, 5,a} Fl logZ(A).
1. #Wktki < 0.
REPEAT
2. Biei+1, B (x,s,a) « argmax, g, Ym_y MaXayaq|(€ms Bx+Ax,s,a+Aa)|2°
3. XFEAmM, BE G s, a), 35 (Axp; Axy;) < arg maxa,aq|(€m Bx+Ax,s,a+Aa)|2°
4. EHZH:  Cmi < (€m Brprdxpusuaitdam)©
5. HHIRET: €m « €m— CmiBxtaxy,suaitAam;®
UNTIL i=n
6. WHEHA® o0 fori=1,..,n , logZA®) <0, t< 0.
7. HEIIGEA sum B Y e 2 (L, Brysya )], fOri =1,
8. WA AERMRFEREA, BN AssEE: {T,3~N(0,0%).
REPEAT
9. it HMC, Mp(I; B, A ERRHEERFEART,, m=1,.., M}.
10. HEAERREA sum B HP™ e 2 M (T, By o)l fori=1,..m .
11 T A <29 4y, (H?P —HP™),fori=1,..,n .

12. HHlogZ(AY) < logZ(A®) + %ZZﬂ exp (Zi (Agt“) - Agt)) * |(7m,B,-)|)

13 & tet+1
UNTIL X|HS — HP™| < e

B=F 1% FRAVE FENIZREMERLIERE
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1E E—& A MET FRAME BENLIZAAS R, JRATIE RN ZAB A 2% ) B (1) Gabor 38 #%
FVF/ NGRS, PAHORIE IR (G f i . 78 SR g, /NE R sh 3-8 2 LUERD
AR RSN . WA R R TR AR s Va2 FEUTR NS KR 2
Xo FrUARRATGIN T BIRACHIHES, AR AR R UE KRS & B R R RE LR, o irss
HETH, WE—AN Gabor iIIEREATBAIS . EIRWHITE RIS EPLA Y 2] PR B
fI— NSy, N2 SCHR8, 91 M1 J5 St e b4 F ) DPM AT AR S AR P kA1)
B TAER ZE A A A i A2 FRAME FEAUAIE R SE &, 456 T E I s, KRKmsE T
BRI 38

3.1 BRI E: FRAME BEHIAIEBIHEZSS
AT AR R YA, 5 IR 2 29 A 1

K M
p(I; H,2) = % exp (Z z 2 (a Bx{‘S{-‘a{))) q(D) (3-1)

=
Hotts H={(By g oni = Loomy) = L K} ARRBURIBLECT K AMIFIOAE, 54
W AT IR A= {(A,i=1,.,m),) = 1,.., K24 EORLE.

5B ANE U B ¥ ST B ATV ZE FRAME BURUISREHG th 75 B3 28

A WIBUE, JRJ5 R B R i@ # A o AEASCHR, AT AR I K = d x d
ANTTHE, AENERE, AL IXEETTRE N A JEAS L0 Al T E AR SRS, ATV

&2

ST i G f =50 N
(7] L] 77§
T 721 T 7 Al

\aGaborﬁﬂﬁ%&
¥ i 17 A 7 VA ZA A A A Wy M NSSESE

& 3-1 BB FRAME BN R RELR &5 1)
K 3-1 JEoR T ERAH 5 FRAME BERUZ R HESE, BrsmNEIR, SEH =2, 259
EVHEIZ, S E LIRS E . AN 2 A Gabor i BESRALNK; AN X ZA
AL K -

==

&
N
b=l
o
3
b=l
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3.2 {EHBXRICHEIR FRAME BEHIAER pOHERT B X

FERR T2 51 R WAL R B FRAME BEBLZBUIZ B, Tf 126 aiiod R nfer e Akt
RS AN O LB . TR0 B RS2 LB FRAME BEHLI B 2 T it
FEe BN B SR T B ST AR T B

B2 51 B 2 KL R B FRAME BEBLIZ BN H = (BBY,j = 1,.., K}, JCrH,
BB = (B i ivi = L., RIS . SR NI

L

N T HEEMRR U, AT T SUM B, MAX BEIIHER . TR E ISR TR .

1. Up-l Xt AiE, KA Gabor i #8248 T 5RRFIE K SUML: 32)
SUM1(x,s,a) = |(I Bx_s_a)|,Vx, s, a
2. Up-2 fHTE RS EEXT BTG Gabor i JE28 nl REMIHES), 5 H MAXL:

MAX1(x,s,a) = gcl,aA)é: SUM1(x + Ax,s,a + Aa) ,Vx,s,a (3-3)
3. Up-3 XTATANLE X FMERAE j, THE & B UCELE 256 FE SUM2:
N
SUM2/(X) = ZJ:MAXl(X +x/,s],al) —logz(¥),vj, x (3-4)
i=1
4. Up-4 FsRMifl, HESEAmHan, H5H MAX2:
MAX2)(X) = max SUM2I(X + AX),Vj, X (3-5)

5. Up-5 fERAMLE X, HEEANYIMEIILELS 7 H 4 SUMS:

K
SUM3(X) = 2 MAX2/(X + X;),vX (3-6)
j=1
6. Up-6 ML SUM3 s KK 2 I AR L LA 73 MAXS:
MAX3(X) = max SUM3(X) (3-7)

7. Down-1 HUE| MAX3 N7 & BN AE EUR LA & -
X =arg max SUM3(X) (3-8)
8. Down-2 FHFETE MAX2 s LS 17 B BT Ry 550 A LEASTR b P 3 (A ot 7 6 -
AX; = argmax SUM2I(X + X; + AX), V) (3-9)
9. Down-3 7ETHE MAXL sHECE] 48 & B Ky % Gabor i yif 2% i sl (i 2 -

(Ax/,8a]) = argmaxpy ng SUML(X + X; + AX; + x} + Ax,s{, @] + Aa), Vi, j (3-10)

AR R AT 5T FRAME BEATLSZ R, HE W2 16 Rt rT A HEWT A 14
RFE LB EIRE N Up-3 Al Up-4 LLK Down-2, FH7E Up-5 Hfdi il MAX1 /R RITT,

#
(3
b=l
H
3
b=l
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3.3 AZ B TR B FRE X LIHER FRAME BEHIAHIEEY

FATAT LT H LDy — AT (AR, 1 e BT A B S AR A B Lt 2 — A s
FRAME BEHUZIRL, Horb (i id P s #0520, BUE T2 S 0 k2 M R . S5 U A
AR BRI AN T U A S B A B ot — e RS, SRR iR K T R
Bo BATFH RIS P i 2t i 2R 1y R At IR R AT T A 7Y -

K
Iy = Z CniBBy 5,4, + €m (3-11)

HACpj = (e 8 = 1, oo, )RS AR — R BT Y8 A AT T 28 m 5k B 92 2
&, BB,’;J,,S]_'AJ, = (Bx,uxstixysospapapbap i = L oomy) AT 2 BLIEBRMME, RN
T AN SRR S AL AR, BRI EAEX;, KANAS, FENA; (O T RIRIN AR
FERE IR BN X 53, AR N RIEH T RERS).

RUABAT S VA GO /N RS, BT LABRAT TN B3R T (X j, ASp j, DAy ;) -

K
I = Z Cm:jBB;(]-+AXmJ,Sj+ASmJ,Aj+AAmJ- 2 (3-12)
=1
FEAR S, AT S R PEah B BN B E & . AXyyj € [-2,2] X [-2,2] B &,
ASp; € {~0.1,0,0.1}, A4y, ; € [-1,1] x 7/16.

XTI ABBY o, MRS ST FRAME B B K0

n

L (ImlBBgfj,Sj,Aj; /1) = Z A g{l’%)éRI’ Bxl-+Ax,si,a,~+Aa)| —logZ(2) (3-13)
i=1

ARV & FB AN B IR S A eI ) G I E S RGO, WA, &R g
Gabor & HUE HARMAL IEASH) . TR MR H A T B 7 Ly, B0 B AR s O -
K
j=

L(I,|H) = max

J
AX,AS.AA L (Im’ |BBXJ'+AXmJ'SJ'+ASm.j'Aj+AAm,j) (3-14)
1

3.4 RRWHH FRAME FEALIAR AR 5]
FUERA K 2K AL R B FRAME BEHLSA R0 5] .

HArsR % A7 2l N ER L, m=1,.., M} K NEAEAER{BB,j =
1., K} CARAF AR (AX py j, ASp jy DA ) o T BEBRAT H bR e HUH 2 BT
IR EUGARRT T3S H (R0 BBl % o K



PG AR s 5 7 Ry 2]

(3-15)

N T SRIFEAN R, AT — AR EM WL, BEE =, B0E
o
B BEHEN

B2 AR5 FRAME FEHLIZIERH = {BBX spapd =1, KYOZHE, A1 58
T A T R R AR K BT AE A
K
= arg ma
=1

AXATAA L(”BBX+X FHAX,S +AS,A;+AA) (3-16)

j
AN BT 2 P2l -

(AX;, A8, 04;) = arg | max L(IlBBX+X +AXS]+ASAJ+AA) (3-17)

A5 P b SR B R HE T SE20mt fE = AU 15 45 2R
B EFVGHHER

— WAV AR A B, TR E R A E, EEMAEMRE
FRAME kﬂiﬁ%’*”ﬁ’l%jﬁfzﬁ Ak Bk )RR DT

IRALFEER FRAME BEALIZIEBY ATk

JEO AT FRAME  BEALIZ A5 R 8 — AR AR ot RO AR Y . AR IX — 5 A TR o
R 2 2 Ak FRAME BENLZ AR i T A0 S S o

Kl 3-2 JoR 1 /2 AL RIS B AF AL T e A AR R Rl AL, B 3-3 Jié7r T Gabor id )€
SR MBI, PIEAE 8 MR, RlNgkE )\ MANFE s R, B
RS WET 4-2-3.

B 3-4 JEoR T 51X — KRR, 2230 = R AN RN Gaobr 1 % 735 B,
AR =R EIEE

& 3-5 M fors 1 BRI AT AR T AR, ok Bl ok N ZR R, eA18 H A Ja i
B

#
o
b=l
H
3
b=l
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Bl 3-5 XYl E A AT Ja HTEAR FT AL

3.6 BIRLIEER FRAVE BEALIAIRE S5 EFHE MK HI X R

CAEEETESE, RITEKAHE FRAME BEHA B AERMZR (CNN) %
BERENSF . CARETUBHE N — = BRI SR NG, 8 T 5%
FOBIACHRAE, RGNS — AT Gabor U84, HURImiIT A M A
SRS 3ok, BT LY Gabor o 284 £ AT LU 2 ONIN Hi8— 28
5 B ST B B Imax o 1T BV T — ML, 085 5 BRI B, By, s, )
SREIER, — log ZM (R .

JITEL, AT AT RE AT LAt — 20 (4R R IRATTH R AR, B0 i) 2 K, P v
R R ek, DURO SR K U, SE i A g N 2k e
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ENE SKWRITSER

FEAFA o, FAVEH =/ 0Bt s, JE M A F T FRAME BfidL
Dy BERUAUR 170 %] EU 2 Ao oA A R, JRoR T R IR B FRAME B D0 R A%, W]
ERENE, B iRbE, JCMBMRAE AR DBl R SR AR

F— DL RN SR T, SKI R TR B FRAME R & it
ANATRERENE: 55 SRR R R, R TR e B R s 58 = SEER R 7 2K R A,
SERIEID ARV MRFE SR U 3, RWR AR S FRAME 5 U AR (1w AR o

(S, BRATEEA A TAF B R AR, R UHIA T 5%

4.1 SLIGITECARBIN 2B
4.1.1 And-Or BE%

And-or FEISIVENOVR — AN M 2 S I BEAIL AT A SRR, b rl AR 4 R AR
B And-or B, and 1R EACERAF AL 1 or Y R MR AR AR IR ST AN R AR 1L

NEE A and-or EIH]T, B H 320 FKEIE R, S0 B RARER and
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% >) And-or R AA b 1 17 2H B«

b XA 2R 2 R A AT X BB R . B, BRAVEE IR IE R IR RFEAR
JSE oK ST AR R . BRAE BRI B — AT 0 R — AN ERFEA, B —F0 B —FPRAE CLE
TRFIE, SORFAESE ). — M BUREMERATEUR D, EFHURK (BHESD. BiEHERE
BIH— )5, WM 1 AU BB AAAEIZARAE, Oy 0 MIBERIANEAE . BERES AR 20 N T
HasEfE i) — SR R, RIER > FORFAE, BB AOREAS o IXSRAFIEAL AR T B b o 3R AR
HATCR DRSS, WHEMER, FHRHRE 1 o] A E B E@ﬂmﬁuﬁ
flithe —BIKBIEANT, BATREHEARAELE, AR B X251, XD IRER
MEEAT, EREBEANEIING. AR, S IEERE R GAEA, AT L Bl
HERELSEBO M (B, R R BRE.

P, fE and-or B BT RS, EXPUBER TGS, AT INZGREIGRmLK— R
BRI, ORI E . X FE— A and-or B R Z #1715 14,
KAWL, BRMERES R, OBEH —DEE4EEE, G TR PR

1. FLFEEM: FlI@ANB)U@ANC) > AN(BUC)
2. BIFEE: X AR — L0 SRR RAR AR or 15 s IR — AN A FFE Rl
RS

IR, b TR IR, TR R

4. 1. 2 R EREFHER

BRI EM S5 ST IR A S5 BRI, {3 ) ok o A 1
FRAE, HhREA— ﬁﬂ% ﬁTfl%ﬁm%m$BW BAFAEAR ML B S HE  BEMEE

omt A —A> R R, e B AR AR S e L R AL R AR R B B O
VEHT T HEA A, Ilﬁ?ﬁ&é%ﬁE}L4‘7?tRE§ﬁi (EF2y 9%9=81 MX D)., %i**%%ﬁﬁﬂ@%%ﬂiiﬁ

R DUE R Bx s X g (i A2l 18 ANMEAILER) . BN XA AT RE R
—AMEEAEARTCER, BT AN kUL, ] R s A 9%9*18 4, AW%%Tf
SRR RS A A TR . AV RS, Gabor i yEA, /N AR ELE Til
IR 7 A AT M FEF T A TC 3R A — AN X3 . FEUIZRIX MR AR, FRATEH
T EM 5k,

elements (alphabet) \ £l {
AhNIP fs ﬁ—>\\ /”\)//\le \
AN, [N~ 7
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4. 1.3 HOG $F{E+K A BR 3

TRATIGX AN T VEAE R S S v 2 . SR V02 1 S B T B ¥ Hog 4RAiERY, 4R
JE A FNZAFIE BT K 2.

HOG HFAE A Ty Mk B 7 EIRFE, 2 —FPrE vH B LA o0 A B 5 A 38 rb ot 47 46 I P RS A1E
k1. —REMG T, R RRAEF TR G898 8l 16 R (5 B B0 S 7 17) %5 B 0 A6 1R 4 1 4
R T, KRG SUNERB X, FONEIR TG, SRR RGN BT R B R SRR
EaihgG I E TR, BEEE T EHAERBONEE . BEARRFED R -

1. HREAL IR A ) gamma 25 ) AT 6 2 [
2. VFEEIREEE, B AEE (o y) RS EEE AL 5 17 20 3l A«

Gmw=$umm+@mw2

(G
a(x,y) =tan <—Gx @ y))
ot Ge(x,y) =H(x+1,y) —H(x — 1,9); G,(x,y) = H(x,y + 1) —
H(x,y — 1) A& /KI5 [ R B 7 [ BIRR S . H (x, y) B & 1E-
3. NN TR A B T e BT
4. WA I A ORI, RN I BT A — 1k
R TR A VS AR FIRRHERT K o LK

K b BRENE R RR LD RIEARFIE, LT RITA LSS I E s — R
BT BRI A bR, S MERI R T  IR 2

E=zk:2|lx—uilli (4-2)

i=1 x€C;

(4-1)

Hifiy, = =Yoo W5 | P REAKI MR, ERE, XA R TZIE 7 RAF ST

|Gl
TERMIBME I BN KRR, B BN 358 [R5 o i AR B o
RREIFUTR:
1. BEMLERE K MFEARVEAVIEE M {y, ., 3o
WHEITEEAS K NMYERER S, BAEARRBIEE N 2 RIE e,
XFRANE, BEEIME R EN AT TR 1E
FMEFEAER, WEFHITE D, BNEEER,

»wn

4. 1.4 FIEREMHRE

ATASFEERAERR DPM 3L — P T8 A R T 513 . DPM AR — AN A
A, RS EAEZ A ARSI, ARSI — il HOG AL I 2 M i 1 1AL

HOG FHIERI b — /4R B EE BT, W R R, DPM fEVIZRahPlis s, &
H sk T (FERATBGE S, & 8 A, FAEMZ—E, B iz em

3020 U 4k 39
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= PG AR s 5 7 Ry 2]
HOG BT K, WG, &M T R4 M DPM i,

DPM MIIZrfii il T Faak SVM ik, SFFREAR x, Bl SVM 1 H bR s ER :
fp(x) = max BP(x,z) (4-3)
Ho, pREMSHFE, £ DPM i, RRIFIERIER:, WS IER BRI LA . 2

FERRAR R, 75 DPM Hh, IREMMICE, o(x,2) RAFERE, A5 15 HFIRHIE 53 R
AR YKL o

a2

/ /\.\ X
e & 4

e
X
e
p'\‘ -\\a‘l\

!\\\.—4’1\

)
}
e
-'.
S
3

l(ﬂ/‘/'s\/
L CENPY o b

B 4-3 AT AR AR AR AT AL

4.2 4R S 08 R TN SR g

4.2.1 SEhufiid

R SHLBLSE A — N SE AR AR e, S Sk, R
PRAOBTAERLEL. A T SEAF (DL R p PR A BT Jy . FRATEIN T S £

TR S o B AT TINS5, 45 @ SRR R ks i B, AT
TORFEFPAER AL B, R/INRIA BER[E B, T DG 5 ki o B

i, XTI B, FERIA R
—RINGE Fr, AATALE, KM, UL AR E— R85 R A E
XTI B ARG
—RANMRE . B RA AR
DB B 5025 7 et A2 -
WIERTERIGLE, RN, LA SR8 i AR T30 5 s

#
N
b=l
H
3
b=l
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4.2.2 KEIFMAR
XYM AR B PR fr, RATIBER T

Spredicted n Struth

UoT = 4-4
? Spredicted U Struth ( )
Horbi S preaictea TR AIHELL TN, Spryen AN E SEHIHEZE I o
X T R AT PPN, FRATT 26 8 SRR R R AE — R ] B — A S -
_ J(xpre - xgt)2 + (ypre - ygt)z (4-5)

Pij width

Horr, width £ R0 A AEHER 56 R . (EARE R, HEIERA R, E Xp;; 7
PR

B wAE JE . BATAT BLE T3 Rl iR - [ R i 2. BATTHAR %
2 (B 26 T AR AUC 1N & RITEIN AR . RPN, BRATH =Mt s, 53—
TR R, AR AR OB R VR R [l SR i 2R R 2R TARIBOTEY s SR AR
FETHRAE, A ROR N D BeE R T 6 R OB A A — A RS SRR, 2 H i B 10
MR- H Rk, RICME FHAEICFY; B MR TRMI, SR
R —ACIRAE SR, 22t AR IR R - [l R i 2k, SRILHE M. AR, i
28T AU, TR R, AL AN 0-1 [IME.

4.2.3 SLIWHIEE

PATEFE 7 S s s &, 30\ SRMEhY), B IO RIE 10 UIZRIEE A 30
MK G TR, NTRE T RA AR AN E, SFEHES 5 1,
FEAMREIAS, WEETTER 2-6 MRS, ARERGIT 1T EFs:

B 4-4 S8 RS T S AR 51

4.2. 4 FRAME BE#HLIR B RSN E IR

FAVE AL = 5 88 5 F IR A HE T 3005, SRABEAT WA I o SR ST A4S
MIBLE, BEde M EENTIRAN, RIHHAE R
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H0 o

PG AR s 5 7 Ry 2]

X ORBRE R T, FRATTE SR R R A5 BRI T Y Gabor S JEER ALK R .
XEF 5 TSR U § AR B, BRATHR B B At Sl 3 Y848 By » I sk 8 2 311% Gabor
R E S AR B (g, yij) e X TREADREE S, ZIKRINZGE R 2RI Z IS, FTREAHE
WATREARIE, FRATEFARN T AR B mode(By;|j = 1, ..., N) {ENULE R IER, 1 id % AR
XL BT IR IE AR T IZAN LB S IBCT 2 (B i /N, X)q i /N o AETRIN IR A
MIoRBE AL E S, HRBNXER g (EATEENE, SRBHLE TN T, il
SR A I PR AL B AR AR, B (B SR AR BT A%, BN ST i
R R

4.2.5 SLIGZER

A TE S s — S A AR 2 Sz, Herp 20 G O HE A A 5 TN 53 (7 8
W IINE R P A B . B AT N2, W EE R RE BRI FRAME BEAL
i, And-or FIRRTY, AIARFEER AR DPM 45 R .

B 4-5 YR 45 R i
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SRJE BA s — LE LUAGIR MY, HA SRR R M fl 7, FRE =17 8 —4H, ML=
Nl E AR FRAME BENLIZERL, And-or BEIREAY, RIARTEABAFHEAL DPM 145 R -

e

B 4-6 Ppi A Tl 45 SRR i 52

i s — TR HE TINS5 R, EIX EIRA TR 1 = SVEHR Bl R 45 2R
BAT M, WEBL R, KSR RS E, E M FRAME FEHLIZ %, And-or
PIRERY, AIAR TR AR DPM ITINAE R : O T IFRI R AL E, S BRI & [
B

#
R
b=l
H
3
b=l
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NIRRT AR SR, R AR R R fRTAR 2 AR -

H-Frame: JZIXAHH FRAME BI85
S-Frame: Fiiti FRAME BEHLIZ A5 A

LSVM: ] RER{ 4R DPM #8 (Z 1 4.1.3)
AOT: And-or 5% (L 4.1.0)

A wbdh e

R 4-1 YRR UOT R

HFrame SFrame AOT LSVM

M 7841% T76.45% 73.22% 66.82%

WTF 77.21% 77.23% 65.74% 73.68%

FE 71.60% 70.89% 67.46% 76.98%

B 79.81% 79.46% 63.04% 73.66%

BB 67.47% 69.40% 42.55% 70.53% ‘
T

H

75.67% 75.57% 69.45% 79.47%
68.15% 63.60% 32.11% 55.58% WO EE R R ST 4 B P

& 56.02% 61.44% 48.17% 42.88%
M H-Frame ™ S-Frame mAOT LSVM

Sy 71.79% 71.75% 57.72% 67.45%

NRIER TR SR BB S5 R AL, R B T SR T, SRR R e
s I HERf - [ 25t 28 14 st 2T T AR T 20

1 cat - keypoint 1 lion - keypoint i tiger - keypoint 1 wolf - keypoint
3 3 K] 3
© 0.5 © 0.5 © 0.5 © 0.5
e —Ours e —Ours e —Ours e —Ours
—LSVM —LSVM —LSVM —LSVM
—AOT —AOT —AOT —AOT
0 0 0 0
0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1
imprecision imprecision imprecision imprecision
1 bear - keypoint . cougar - keypoint 1 cow - keypoint 3 deer - keypoint
3 3 3 3
8os 805 8os Sos
e —Ours e —Ours e —Ours e —Ours
—LSVM —LSVM —LSVM —LSVM
—AOT —AOT —AOT —AOT
0 0 0 0
0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1
imprecision imprecision imprecision imprecision

Bl 4-8 KB ORI RORS BE 35 A MEAA 2R - 1 [ R i 4%

R 4-2 KRB R RORS BESE AOHER 2R - H B R i 48 T AR R AR A

HFrame SFrame AOT LSVM

i1 96.7% 91.8% 94.9% 70.0%
Wi 96.8% 91.3% 85.7% 83.4%
ZHE  96.1% 95.1% 94.8% 74.4%

" 96.4% 95.3% 82.5% 74.1%

RE 944% 78.9% 61.1% 75.1%
$JF 945% 93.4% 93.8% 83.1%

% 26 i - WO R OROBR T 4 R T

M H-Frame M S-Frame ™ AOT LSVM
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PG AR s 5 7 Ry 2]

4 87.1% 79.1% 55.6% 67.3%
BB 73.7% 84.4% 67.6% 56.5%
¥ 92.0% 88.7% 79.5% 73.0%

HRARFT A, G5 FR NN e R I & BB s i3 — A A SR A, 24
HZ A IAER R - [ R 2, SR 28 T TR BOT ).

tiger - part

—Ours
—LSVM
—AOT
0 05
imprecision

cow - part

—Ours
—LSVM
—AOT

0 0.5
imprecision

1 wolf - part
Bos
& —Ours
—LSVM
—AOT
0
0 0.5 1
imprecision
" deer - part
E 0.5
e —Ours
—LSVM
—AOT
0
0 0.5 1

imprecision

Bl 4-9 SR8 U BR G BE S5 ) VR A R - 1 ] R 4%

R 4-3 KRB RV DU AR A B 153 ) YA R - 1 [ Rt 48 T T AR R AR B

i cat - part i lion - part
Eovs g 0.5
b —Ours & —Ours
—LSVM —LSVM
—AOT —AOT
oo 05 0o 0.5
imprecision imprecision
. bear - part 1 cougar - part
Eo.s g 0.5
= —Ours = —Ours
—LSVM —LSVM
—AOT —AOT
00 05 0o 0.5
imprecision imprecision
HFrame SFrame  AOT LSWM
B 96.9% 921% 95.0% 71.8%
¥ 96.9% 91.4% 85.6% 83.0%
ZR  96.3% 952% 95.0% 74.4%
B 965% 954% 82.6% 75.0%
BB 945% 79.2% 60.5% 74.5%
FIF  947% 936% 93.9% 825%
4 87.0% 789% 546% 67.0%
)it 735% 84.0% 67.3% 57.0%
iy 92.0% 88.7% 79.3% 73.2%

MOWT R R

B H-Frame M S-Frame MAOT

& 7

DR R S A 4

N
H
I

LSVM

R JE BT BAYMNE, G5 RANGFTA R  —A RFE SRR, 2] AR AN 1 HE T
R[] 22 .

B
N

=
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Y EXALY

gy S SHANGHAI JIAO TONG UNIVERSITY o DRI . YA
A PSR s R 5 pf s )
s cat - object . lion - object 4 tiger - object " wolf - object
E 0.5 E 0.5 =S 0.5 § 05
e —Ours £ —Ours £ —Ours g —Ours
—LSVM —LSVM —LSVM —LSVM
—AOT —AOT —AOT —AOT
0 0 0 0
0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1
imprecision imprecision imprecision imprecision
1 bear - object 1 cougar - object " cow - object ' deer - object
E 0.5 E 0.5 § 0.5 § 05
e —Ours e —Ours e —Ours e —Ours
—LSVM —LSVM —LSVM —LSVM
—AOT —AOT —AOT —AOT
0 0 0 0
0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1
imprecision imprecision imprecision imprecision

Bl 4-10 S8R rUSHIIYA G B HIHE R 2 - 1 (] 2 iy 45

R 4-4 KB R TN MDA BE AR 2R - 73 [B] 3R fh 2 T T AR R ATER I

HFrame SFrame AOT LSVM

BB 96.7% 91.8% 94.9% 70.0%
PiF 96.8% 91.3% 84.2% 83.4%
ZpE  96.1% 95.1% 94.8% 74.4%
MW 96.4% 953% 77.4% T74.1%
BE 94.4% 784% 60.7% 74.4%
$IF  945% 934% 93.6% 83.1%
4 86.6% 78.9% 54.9% 66.3% O EE R fe
B 736% 842% 67.5% 55.9%

EOR R SR )

Elziﬁ‘] 91.9% 88.6% 785% 72.7% M H-Frame M S-Frame mAOT LSVM

4.2.6 LWERDHSTN

IR SR R A 4R LU, (B R R A AR R R S AT, s SR 1K RN I AN R i A
RRAE . NI RCR ERE, MR FRAME BENUIZBRR & A0S, e Zar 75
i Rh SR NORBE RSN RCRRE, ol LUR 2 M FRAME  BEHLIZE AT
Mt FRAME BEALIZAE T DL AP R 53, A IRAF RIS -

4.3 RESHELE
4.3.1 SEigHEA

SRR LR T M 2 S U — DN . 45 — RAIHUEE,  ERCA AR A
DUT, e EE SRR B N EICR R HE SRR e MR

4.3.2 LINHIRE
PAVEH T 12 DAFR R EHESE, B R B B Al 30 1) 75 dkANSE, 3RATICE 1

328 U 4k 39



- > A K%
; ;iﬁ§Aﬁ}5?
s/ SHANGHAI JIAO TONG UNIVERSITY l@@iﬁﬂﬁ"’iﬁ‘%iﬁkiﬁ# }j

RIS BRI 2 3] 5 RAZE, BAHIREWT:
R 45 RREBECTHIAR

BIEEmS EKHHE RAHIR B e
1 2 NGRS 30
2 2 FMAZE 30
3 2 KHLFI ELTFHL 30
4 3 KGR, JEAGELE 45
5 3 ANFETEAR MBI R 45
6 3 RIG, 2 A 45
7 4 AR B Ho e A 60
8 4 ANFETEARBI1E 60
9 4 F i P14 60
10 5 TR R A 75
11 5 JE, M, R, ZRAIT 75
12 5 2R, 3, WY, MR 75

4.3. 3 KM AR
BB AR TP 0 B 2 i N AR RS TN R AR 2%, FRBEAAE PPN AT .
TR RN EE, AV LE R0 AR RS, 20l LR
purity(dataset, method) = Z r(y) max p(x|y)
y (4-6)
entropy(dataset, method) = Z p(») Z —p(x|y) log(p(x|y))
y x

Horp, x REANBRENIRZE, y RFEIEIM AR S HRAT R 0-1 Z A1)
W SRR EEBOGRLT, SRR

4. 3.4 FRAME BEHIZHR B SEIG B XS HE E

fEF =, JAHRH I FRAME BENUZERAGHER S, ) DB IR i A — R 51
SR P SR AR R AR . AETR ISR, BRATT—IT AR BEAL IR B8 20 o P 7 SRR A
2, SRIGTEX JLAHEEE o gk tH— > FRAME BLRUSTRR . 9 a0 75 R A2,
YR TR -

RIS, KT R T RO AT HER L, 158 MAXS (0{E,  thRZE F
JETAZARB P MERAN, XFEKE R, R FHER A S AT S B TSR . AR5 R
ATTRE [FIAE SNSRI ) P LR — AN RO, DR A A I 25— > FRAME R RUARAR .

HWEM SR, 2 k FEJE (SERIE k=10 724 AR FFR ), iR e iR,
(7] IR 45 2 RE AN S IR AR

RAFRAESLE AR T, & HOWHIREBURR R, R IFHEBE L R B X A
BN EE REEMIR K, X H, BB 2 Y EIHMT BRI EM R 7 A, 12
KRBENL, 2 as4T, ARJRIEECES Eim M as RAE VM . s TR ik, ®AI=5
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PG AR s 5 7 Ry 2]

F— MAX3 FER B FIEN B R EE L, MAX3 BB AEAN RIS (] i) LB rY, A
SERRIER, BA TR T R 5 O RTINS AL AR ) MAX3 (ER AT, i 2 1A (E
K BN E N A I B A A

N EREFIGERE G TR Z AR FRAME BEHLIZ R AR T 44k, 1X A 502K
NI RS, A AL, B, RUARATR R AR,

B 4-11 RREEFIRER KI5 H

L 2K R LR ELTE LR R AT AL -

S S S SN N e e e
B TP TEE

B 4-12 RRFZFUIEARH AT 2

TR T P ST R et S b e RO R R PR -

b @k

E 4-12 FRHEELEHRGH FRAME BEiR
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4.3.5 LIGZER
% 4-6 BRABEMEBERREER

B¥E4EL  HFrame S-Frame I-Frame AB BT-EM HOG AOT

1 0. 993 0. 967 0. 887 0. 667 0.873 0.76 0.813
2 0. 993 0.98 0.907 0. 787 0.82 0.64 0.773
3 0. 993 0. 96 0.973 0. 96 0.713 0.793 0.907
4 0.92 0. 907 0.92 0.729 0.72 0.8 0. 876
5 0. 996 0. 987 0.982 0. 658 0. 858 0.84 0. 849
6 1 1 1 0. 836 0.8 0.933 1
7 0.92 0.917 0.85 0.83 0.773 0. 807 0.83
8 0. 993 0.953 0.92 0.903 0.73 0.78 0.77
9 0. 96 0.893 0.953 0.923 0.85 0.84 0. 88
10 0. 907 0.797 0. 883 0. 797 0. 869 0.715 0. 824
11 0. 96 0.872 0.923 0. 888 0. 757 0.784 0. 96
12 0. 909 0. 907 0. 88 0. 805 0.813 0. 768 0.712

S5 0. 962 0. 928 0.923 0. 815 0. 798 0. 788 0. 849

% 47 RAHBR IR
¥ ¥EEL  H-Frame S-Frame I-Frame AB BT-EM HOG AOT

1 0.025 0.123 0.213 0.585 0.345 0.479 0.371
2 0.025 0.165 0.246 0.453 0.404 0.636 0.425
3 0.025 0.25 0.082 0.139 0.53 0.434 0.192
4 0.17 0.202 0.177 0.594 0.594 0.491 0.305
5 0.017 0.05 0.067 0.658 0.302 0.333 0.365
6 0 0 0 0.26 0.355 0.092 0
7 0.14 0.15 0.208 0.321 0.421 0.272 0.313
8 0.025 0.118 0.163 0.176 0.552 0.519 0.346
9 0.106 0.191 0.067 0.169 0.28 0.265 0.216
10 0.22 0.425 0.286 0.447 0.301 0.516 0.359
11 0.055 0.191 0.112 0.225 0.486 0.387 0.064
12 0.189 0.222 0.29 0.354 0.459 0.477 0.543

S 0.083 0.174 0.159 0.365 0.419 0.408 0.291

Hor R VL fRTAR 3 AR R
H-Frame: JZXHiB FRAME BN R
S-Frame: #iii FRAME BHLIZ
I-Frame: #i5i FRAME BEHLIARAL ) 55 4 —Fpi)Il 2505 X
AB: FAFHAE (5 FRAME HH 20— AN
BT-EM: i/ EM SR INZRIMA SRR (S0, 4.1.2)
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HOG: i HOG $H-iE 54T k L RBHEE (20 4.1.3)
AOT: And-or & (&0, 4.1.0

4.3.6 KWERDHSITFMN

SRR, AR LS SR FEA o) — B — N KR R . B AR IXAS S0 A5 P O £k
FREIFANR, EHIRNENRERIERN, Fre RIEE AN, BRIV REE BIXFEIIAE
WRARE I EN . XAER TR U], BRI E % Sy AT B o] Bt g e sy, #eA
FEH 3 TR AL A TC AR 4 3T 75 B RS BT @A, IR IR BEAR B 2R 5 A
PR I

4.4 FEISYHTH
4.4.1 SEIgHEIR

73 2R AL A 27 > SR LA R Ao LT AT O AR AIORE 23 3 il R L4
WV — BT REAT IR . H AT TSR WU A 5 1R 22 RS IR I AE 27 S 1) i) S5
Hrp i i E AR ERARZLRZ CNN, VF2 FRR L eI M AR B850k . AT
THXAN LG H A2 X L il R . — 7 TR ATT AR A B AN S KRR
R EIIZR, RE AR S BRI 4N AR — RINR A Z M K EEBAT R T,
Reg U E A IGRESREAT IR, MEMERATIE Y], JUFA g ES M a
MR, EREARBALBEMZLE N H—Jrm, EAIK FRAME FEHUIZER)E T2
LAY, TR FE b e i 2 45 Ja TR ) QR Y, MR B B O AN IR, A AR AT LA e

BATBHIX AN TG H 12N T U FRAME BENLIZ AL 2 3145 A B BAR AU
EREFWATRE, EAEEHNSRITE L. ERARE FRAME BEHLIZRA AT DA H T
TME I 2 R AR W, FATHERATHIRE R — A R 7 E AR Bl 75 >Rt mT LA
SIRRFAESRELAS o TUZ AL B 2 145 H (0 70 SR 25T AR 2028, 30 Bl T s 19
H.

4.4.2 SEEIFMHAR

Iy 2Rl PR 75 QAR T 8, 8 AT R DT S EURHIE S, AT RL ) SVM S35
173K, R IRIRIE, FEEEE LR

accuracy(method) = Nyight/Niotar (4-7)
Hr, Npgne & IEBASIGAEARN L Nyo g R MRFEA L HL

4.4.3 SLIWHIREE

FAVER 7 LHI fzh R Bl e, 1A KM T W i 5K B0 8 7 20 SANFI
o WARAMEAFE LN, CREE, e, s, BRI TA TR EA
o FATRENLIR XL o AR R PER 7, —F Tk, —FHF IR

I ¥
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A R TR R
% 4-8 PREBRECTHINE

xn HE KN HE O HE O BE KN HE
fE 102 M 161 pe) 100 7} 104 g 103
) 391 i 103 i3 101 % 100 A 100
P 102 i3 100 i 100 RE 119 fi 115
b4 101 B 100 £ 100 it 114 MR 100

4. 4.4 FRAME BEHIZHE B R SCI0 B %

PRI, BAEHAN AR BAM R I T7E, RS I 2R 5
J 5 B 11 38, 25 5 B 11 METURRAR . R FRUIZRX LB R R DU S P AR R A7
EWRIIAR, GlanAEOH, AEBARER, gk MR A] LA B A& BE AN F
72, AEMIBURHAE EInE & B A 5 .

SRJE BAVREREAN IO 5 A B 11 MEAIRAR, $L 20 538, 100 4Bk 220 MERR ALK
ARG . RS AR, BATE 2SRRI, R R R E T
s, BAMBE AR 3-15 AR EORIL, 5-11 XA XA A IRCR BT, #oks 17
XA ECT AR IR 1 H R

FESHHUEMGRFAE RS, TR MR, THEEAARAR 2] SUM B, SR JE KX S sE Rt AT Se it
SRS SPM 5% SPM SVEH SUM El73 T 1,4,16 AN XIR, AR JEH % H XIS SR AA A
N HIRHAIL -

RV AEENR, A XEERMIE G, X SRR E 45k SVM Bikh it Tl 5. 18
SVM I, FRATEA 7 =F SVM 17, il ZERIH, €1 — norm#l€2 — norm.

4.4.5 KIGLER
TREDINERE, =P85 T R
H-Frame: JZX{LFiii FRAME B3z
S-Frame: #i#i FRAME B#LIZ#% 7
AOT: And-or EIEMER (2], 4.1.1)
49 SFRFEWLRETR

R L SVM J5i% H-Frame S—Frame AOT
5 B 74.41% 71.13% 64.80%
5 21 —norm 74.32% 70.46% 66.13%
5 £2 —norm 74.33% 70.62% 65.80%
11 kA EE| 75.50% 72.73% 60.96%
11 £1 —norm 75.59% 71.38% 61.07%
11 £2 —norm 75.83% 72.56% 62.54%
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E3 75.00% 71.48% 63.55%

TRINM TR FRAME BEHUZERAE(E] 5 MEBEH BIHEL T, 03K
PRI R AAR LR O %7 B IERSR, HORBrrRN 2 dEE T £ 1417 4
KA, HEBIIM K T s SRR A oy . SR ATHRETHERA A 02200
O IR e Ay T XA - A fh (S 178%, Ui 969% HS TN T T, A 82%
AN & T A E A T SO A B A A o Sl A AR A%, ATRUE H, AR 20 A
B B RCERAN —, BRI, A B s A K sk

K 4-10 ZHRE R RRINZE

fe | 80 2 2 6 2 8

Ui 91 3 1 1 1 1 1

! 84 2 2 2 2 2 4 2

& 2 2 67 2 2 4 2 2 2 2 12 [ g

JiE 2 | 96 2

¥ 3 1 1 1 2 | 86 1 1 1 2 2 1 11 1 1

B2 2 8 |15 4 2 2 2 4

% 6 8 2 4 | 64 16

% 12 2 | 82 2 2

A 2 94 2 2

i 2 2 2 2 82 4 2 4

"4 4 14 4 2 162 2 4 2 2

B 4 2 2 | 84 2 2 2 2

REH 2 95 3

4 4 2 2 86 2 2

b4 2 26 2 2 2 8 2 38 10 2 2 4

e 2 4 2 2 2 6 2 2 | 76

¥4 22 8 2 2 2 10 48

% 4 2 5 2 87

B’OO10 4 2 2 82
oM o 4 oM Omo®E RN O R OREM OB B ROE R OR

—_

Bk 113 108 99 96 106 178 86 85 95 104 98 79 113 102 117 56 106 71 98 97

4.4.6 KWHERDHEFMN

Xt 20 KM B F AT, BEIEIA R T5% 7 A K IER SR —EAR G I, KRR
FEVIGRE A Wt D RIS DU R o XA, 2R FRAME BEHLIZIER 2% 5 Y 4
WAVEMRE L, XA E BN S ARE . AT, RTSHNIERT 4
RENGWARK, XA Rl TR, WHBSURZMSE, bl BT
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Generative Hierarchical Learning on Computer Vision

Big Abstract

Nowadays, there is a rapid growth in the area of computer vision, especially the deep learning
algorithms including Convolution Neural Network. They are capable to achieve dozens of
problems in vision. However, most of them are discriminative models, which is unexplainable,
high computation complexity and large data requirement. On the contrary, the generative models
are interpretable and low data requirement.

An explainable model is highly desirable, if users are to understand, interpret and effectively
manage the behaviors of the models. Models with hierarchical and compositional representations
have been shown to be a powerful basis for achieving both prediction accuracy and
Interpretability. They are capable of learning reconfigurable representations to deal with both
structural and appearance variations of objects. These models can be paired with either
discriminative learning method or generative learning method. Discriminative learning seeks to
identify and weigh the most discriminant features and structures for explaining the object
categories, while generative learning enables us to learn the parameters and interpretable patterns
for explaining the image data instead of predicting the image categories. Moreover, generative
learning is not only important for making the model explainable, it can also be used for
unsupervised learning from unlabeled images.

FRAME MODEL

This paper focus on FRAME model. FRAME model, which is Filter, Random Field and
Maximum Entropy, is a generative probabilistic model. The model considers the image as a
Markov random field, with the Gabor filter as the under layer expression. It can be learned by a
method similar to the maximum entropy principle. The originally FRAME model is proposed for
stochastic texture patterns, whose Markov random field is called spatially stationary. Furthermore,
it is the maximum entropy distribution that reproduces the observed marginal histograms of
responses from a bank of filters, where for each filter tuned to a specific scale and orientation, the
marginal histogram is spatially pooled over all the pixels in the image domain. After that, Xie
proposed sparse FRAME model as an inhomogeneous and sparse generalization of the original
FRAME model. The sparse FRAME is a non-stationary Markov random field model that
reproduces the observed statistical properties of filter responses at a subset of selected location,
scales and orientations. It is a generative model with a well-defined probability distribution on the
image intensities. Unlike the original FRAME model for texture patterns, each spares FRAME
model is intended to model an object pattern, and can be considered a deformable template.

As a sparse FRAME model, given a batch of training images, the trained template of sparse
FRAME model is a subset of Gabor filters, which are different shapes, locations, scales and
orientations of Gabor filters. Normally, we choose 200 Gabor filters as a template for animal face
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data. Using this template, we can inference the deformable template of other image, which the
chosen Gabor filters can be shift on its location, scale and orientations.

HIERARCHICAL SPARSE FRAME MODEL

After study on FRAME model and its generalization. We propose a method for generative
learning of hierarchical random field models, which we call the hierarchical sparse FRAME
model. The original sparse FRAME models can only deal with small deformations (e.g., edge
perturbations), and may fail when there exist large geometric changes (e.g., part deformations). To
address this limitation, we propose to extend the original sparse FRAME model to a hierarchical
version, is a generalization of the original sparse FRAME model by decomposing it into multiple
parts that are allowed to shift their locations and rotations relative to each other. Each part
template is in turn composed of a group of Gabor wavelets that are allowed to shift their locations
and orientations relative to each other. The hierarchical sparse FRAME model is a hierarchical
compositional deformable template.

As a hierarchical sparse FRAME model, given a batch of training images, the trained template of
hierarchical sparse FRAME model is the similar to the sparse FRAME model. The difference is
that our model split these Gabor filters into a few groups, represented as parts of the object. These
parts are often split by locations. On our paper, we simply split the parts by 3*3 bounding boxes.
Being regarded as a part, Gabor filters in the same part can additionally shift locations, scales and
orientations simultaneously. It will provide more robustness when the parts of the object move
significantly.

As the model is a fully generative model, it can be learned in an unsupervised manner, where the
locations, scales and orientations of the object, parts, and edges (Gabor wavelets) are unknown,
by an EM-type algorithm that alternates inference and re-learning steps. The model is learned in a
generative manner in the sense that the learning is carried out by maximum likelihood estimation
and also it involves synthesizing image patterns via MCMC sampling.

(1) Inference: Given the current model, we match it to each training image by inferring the
unknown locations, scales, and rotations of the object and its parts by recursive sum-max maps. In
other word, it is to determine a certain geometric configuration of the template for a given object
such that the log-likelihood is maximized. This can be efficiently achieved by a
bottom-up/top-down dynamic programming, which is implemented by recursive sum-max maps.

(2) Re-learning: Given the inferred geometric configurations of the objects and their parts, we
re-learn the model parameters by maximum likelihood estimation via stochastic gradient
algorithm. we first align the objects and parts by morphing the corresponding image patches. We
then learn an original sparse FRAME model on the aligned training images, and then divide the
object template into parts templates.

The hierarchical sparse FRAME model is essentially a 3-layer sparsely connected convolutional

%2 033 0



PG AR s 5 7 Ry 2]

neural network with sophisticated max-pooling, except that the first layer of Gabor filters is
already given and the weighting parameters are learned in a generative manner. As a result, we are
possible to extend it by providing more complexity on number of layer and method of mapping
and pooling in future work.

EXPERMENTS

We implement the hierarchical sparse FRAME model into three well-designed experiments to
show the interpretation, robustness and unsupervised advantage.

The first experiment is object detection and key point alignment. We choose 8 categories of
animal face data set. Each category has 40 images, in which 10 of them are training images, 30 of
them are testing images. All of them are labeled with bounding box and key points position. After
training the h-FRAME model, the model will map each key point to one of the Gabor filter. By
model interface and deformable template, our method can predict the position of the object and its
key points' positions. In this experiment, we compare our hierarchical sparse FRAME model with
sparse FRAME model, and-or graph model and deformable part model.

The second one is clustering problem. This experiment tests the unsupervised manner of our
model. We select 12 different datasets, which each of them have 2-5 subset with 15 images each.
The model will learn 2-5 different templates represent 2-5 subset by inputting the unlabeled mixed
training images. To avoid the unstable result by different random seeds. We use multi random
seeds and select the highest interface score as the final result. In this experiment, we compare our
hierarchical sparse FRAME model with sparse FRAME model, active basis model, two-step EM
algorithm, HoG features and and-or graph model.

The third one is classification problem. This experiment shows the meaningfulness of template we
trained of hierarchical sparse FRAME model. We regard the template as a feature extractor and
use SVM to evaluate the precision of the classification problem. We select thousands of animal
images with 20 different categories as the data set. We train 5-11 templates for each categories
which represent different sub-categories in the same category. Combining with 5*20 = 100
templates for every categories and its templates, we have a 100 templates codebooks and can be
transferred into a vector through SPM. In this experiment, we compare our hierarchical sparse
FRAME model with and-or graph model.

Three experiments, along with the comparison between different versions of FRAME model and
the comparison with different generative and hierarchical model, show that our proposed model is
capable of learning meaningful and interpretable templates.
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