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A Study on Training Methods of FoE Model

WANG Guo-quan, LTU Liang
(Computer and Information Engineering College, Heilongjiang Institute of Science
and Technology, Harbin 150027, China)

Abstract: FoE model is 2 new MRF model demonstrated by Roth et al in 2005. This model has attracted 2 lot of attention by its excellent
performance. In this paper, described FOE model and its training progress, present image denoise experiment results with student — t ex-
pert and charbonnier expert under several training settings. To solve the time consuming training problem of FoE model, an improved
batch training method is proposed. Through increasing batch number step by step, this mothed split the training progress of FoE model
into 4 stages. Practical example of image denoise shows that the proposed method can effectively reduce approximate 50% training time
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of FoE model at the same acquire similar training result.
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(2)F v € N, Wu € N BN, FHEREE R v
MEREHSEHE SH—1TFE PELABRPRER
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p(x) = S 11 filz) 2)

He £ REEE, c BRER, Z BH—EE

4% Hamersley — Clifford 23, (2) AIB H—4
Gibbs 43 i BITE K :

p(z) = Gexpl- E(2)}

= expl{— Zcchc(x(c))} (3)
Heh U BRERE,ZRE—LEE KELH:

z= LHcecﬂ(‘z(‘))dx
= fxexpi—- Zcecfc(x(r))}dx (4)
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(1)EAHE, FoE AR Roth % TF 2005 F£4#
A —F B TR BRI B Y D /R ] KL
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Z(@)exp ii}‘lfk(](”*.r;a;)i (7)
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Student — t EF ,ﬁﬁz:ﬁj‘?[ﬁl :

Blysa) = (14 3597 9
ﬁ* Yy = ]'irz(k)o

55— charbonnier 2, BB R K0,

$(ysa) = expt— av/ 1 + y*} (10)

(2)FoE BERYEI YN R o 24 B FIAR K LR (Maximum
Likelihood, ML) % 3 75 5N7E 45 € 1 3 Rl 50 A AR A X
=1z, | n =1, ,N} B, o LUES B E LA
(gradient acendent) 23 &% wWl!,

W(i+l) — W(i) + 7781‘_%5“‘%&2 |w(.-) (11)
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L(W;X) = ~—Elogp(x.,w) =< logp(x; W)
>0 =—< E{z:W) >0 logZ( W) (12)
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(Markov Chain Monte Carlo, MCMC), & i il # #  2
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Ere OE
80, = g[-< 20, >F < 8(5°E> 1 (15)
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AmEEIIGERE,  NGERUEEZRYERR
F FoE BERIRII SR, P LA Roth FFESCER[4 19 B
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YIGR, KRB AR B INGREN T 2ERS , REXT
2 BATRE A A%, B PR R B A FASIE R B4R
MU, % y MBS mEE RIS, B Tak
y=A"2UTy, W y SR BV AT FoE BRI
%E,

BESRMIGEREZMER, E—MFEEE
4,8 " F 2 B Roth S7E R[4 P RM, fEAE S 2
] ABETEIJRESRT, Kb A XEZMERX, 4512
BB IR FALES o AR 3B Roth Z57E SCHR (4] FREO4E 16
BIMRALRE A BX=FEREI B P4
FERCR BT ; 45 = Fh il Woodford 578 3CRR[7] H 48
s, BB RNEREM 1,8 2" = [27,1]
HEMBEANEES B/, BT =[JT,0] 8K
RET L XFREATE MR,

W o« B)¥T BRIA TR, —FHREE¥
W oo, B—FRASEEEST o  HE¥YT « WHRE
HLBAGRBEEN ., TESHIRMENISE,H
EXFHREEREAXMAROHA, HFASME
FoE BRI L5 FEXERET o , ASHIAREERM
% AN SBEBREEYY « BEFIECR.

OBELHSHHEERE. XPHEHK FoE
BB RST R 3X3 R, M N ER. HHM
WERER M Berkeley EIREE P BN R4 5 B3 200 18
ERR AL R 2K B BB US BFEHLER R H) 3000 48 9 X9
BENERA

XHERSEHMRTE RR o« 7 0.01, WKL
TR A EAS SRRV, AR UIZ 7R (batch
training) 2 3 , BI¥§ 3000 18 E & k4% 30 T4,

BATHEH 100 BEBGHA AR, 7 C.D. %3 PREIIK
WEEA, 3T C.D. 45 3000 5. 7 C.D. %I
BHRE 7 2 5 HMC (Hybrid Monte Carlo) #1213
HULEMERTFENHRIVE S BT HMC i
B3 HMC HiRE R B8 B KR, 4K 9% 3C
BR(14], XRETR BB E R R e =2.38/Vd K
W d g FoE BABIR R, i (6) AR d = ¥F
¥ X JEI SRR T = 8 x 3 x 3 = 72,30 B4 A A ek Bk
(leap frog) 24 30 # JSEE WG HAT, HRERZ R
B, RS KA TR AR ¢, 85 i WEFH
HMCHIBFI RS K, ZEHZEDTF 80% , W ey
= ¢ X0.9;FEZRS100% ,M €;,, = ¢; X 1.01;
BB e = e AN AR, BKNEFRSSEHEA,
HEMREF K RAXHEH R UG ETRE
Viigrat 72 P AERERE 90% £ A o SCHST FoE 2 EH
HEMEH R, EHOTEE M, —HEEEN
K

;1 = 6; + PG, (16)

B o —Fh R AR FIEST o« B

]En) — 15"“1) + Wfﬁ—n

{agn) — exp{log(ag"'l)) + mﬁ".“l’AaS"‘”i

FEXCP RS ER 4 X 0.01, % A6, HitHEE A
THR:

A0, = 0.1 X A0, + 0.9 X 4A0,_, (18)

FEES ] WRE, 28T J WTEHHE,

N EGRE L, 3 BRRES y WIRE RS
EREEREGRy BAT, BEXBRKKEBREE p(x |
y)oc ply,z) plx) BT ERR B FEHRER 2. 0P E
B R N(0,0) T, AR AE K :

p(ylz)cc Zexp(‘ 2%2(3!1: - xk)2> - (19)

He p HEGPHENEEOME LB RER
MFBEABE EAE, HF A
Ty = & + pV logp(x | y) (20)

a7

S5 7 logp(a 13) = [ 279 » (D% zia)]+
By - 2)KQ0) R, EH 0.2, XA

[4]w = 725, B A BEEMAIETERURER
SFRALIRRR , B B i M Berkeley B4R 8 Y1 45
4E R EEALAREL 10 1200 X 200 R G 5, R — 1N E (8
&, FARS o 251%/H0.1,0.2,0.3,0.4,0.5,
0.6,0.7,0.8,0.9] % x Ef 1T ERAE, FEHAMA=
WHRESIRIE A T e BT R A fF PSNR HABIR K.
HFBERRN A AEFEFRREER, PR EEY
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AfEMm E[-0.06,-0.04,-0.02,0,0.02,0.04,0.06]
ek A B, BT R BERE. CHETR AR E L
FHib 509 3000 25, MHRERISIHEREFERE
1o
X1 BRI %4F5] 6 FoE 4 & 5f £ 48 84X,
B g 3k 47 /53] 89 2 R (PSNR)

(a)

'3 Boat House Lena Peppers256 Barbara
10 30.72 32.62 32.19 31.28 30.49
25 25.43 26.75 26.92 25.39 24.56
50 15.38 15.45 15.44 15.38 15.30

(b)

a Boat House Lena Peppers256 Barbara
10 30.74 32.75 32.41 31.43 30.60
25 25.91 27.66 27.91 25.91 25.21
50 15.54 15.59  15.63 15.52 15.51

(c)

4 Boat House Lena Peppers256 Barbara
10 31.99 33.84 33.88 33.08 31.45
25 27.47 29.78 29.44 27.85 25.91
50 17.84 17.97 18.02 17.78 17.59

(d)

a Boat House Lena Peppers256 Barbara
10 30.62 31.92 32.45 31.23 30.28
25 26.21 27.28 28.37 26.02 25.20
50 23.01 23.35 24.44 22.29 22.34

(&

a Boat House Lena Peppers256 Barbara
10 32.79 34.09 34.34 33.32 30.98
25 27.91 30.10 30.08 28.17 24.53
50 24.29 26.31 26.60 23.85 22.78

()M s G ok, BIEERAT C.D.%¥
AN, FoE ERZS B RNITHERNRRETHE
KET, e 3R h —Fh ek Rt 2505 3, Bt
WEFHRE MM OBE, — 7 8 LATE 4R AR
FRMRE  ENERPB O H B EFEERINE®:S ;5
—FEES RIS NER A R E R
EFERNPEERER, EERMKENFNEEER
BN HEMEFHEAAERMEZ ERTLERE
B, T LABEAR o, I b kAt 28 S MG R AT — K
HINGh. BEERMAHY N RBEHEESHIN 100,
200,500,1000 3% 4 A, MR WK . 0L A B, ZE |- it
BB TEEEAR—IZE 10 K, UMM F 3T
FoE &I IT C.D. %, ZEEHMHUA F T A0
BE, RIS FERNLREF LN 540 5, FFEH
4 B ) 247 A K BACHE R B4 S0 % , T 75 30 A4 R 4 32 b 45 1
SR R AR, BUEE R R IR LK 2,

%2 BRI %F k) %135 ¢ FoE &R
*F A58 R K B Rt 47 5 2R 15 2] 69 4 R (PSNR)
(a)

¢ Boat House Lena Peppers256 Rarbara
10 30.69 32.69 32.41 31.36 30.59
25 26.04 27.95 28.02 26.23 25.35
50 15.90 15.84 15.99 15.86 15.83

(b) ’

o Boat House Lena Peppers256 Barbara

10 30.72 32.66 32.27 31.39 30.53
25 26.05 27.88 27.87 26.07 25.17
50 15.96 16.01 16.06 15.86 15.91
(o)

I3 Boat House Lena Peppers256 Barbara
10 30.47 31.72 31.09 30.44 29.86
25 25.89 27.04 26.70 25.46 24.61
50 16.05 16.10 16.18 15.99 15.94

(d)

¢ Boat House Lena Peppers256 Barbara
10 30.35 31.28 31.77 30.78 30.28
25 25.63 26.39 27.76 25.18 24.90
50 21.81 21.89 22.75 21.05 21.48

(e)

a Boat House Lena Peppers256 Barbara
10 32.73 34.23 34.35 33.38 30.50
25 27.40 29.61 29.69 27.57 24.04
50 23.93 25.21 26.27 23.24 22.59

R 1R 2 H(a), (), (WG RE R student ~ ¢ %
FEHAERARNEREEEN o« A ALYIHRESBIREH o
B GRFEFURE R o5 (Q)F () NI R E A charbonnier
LR AR ALY SR EEEH o« MALIERE T
# 0o

4 SIERE

FoF, MR —Fh 57t AU, B AL B R
AR BB, Ao I R e FEAE 1 T AR Y IRV,
4 FoE 71| g5Ae R AR 34 , Y1165 A e 850 50 2 04
BEHAROBRI R,

ORETRBEHLIG RO 3R B 25 TR KA, R T

ERIRSERITMNRL TRIF AR B, BRYAE

ZERRETHRENFIRASTF RN LN AR,
RRAURROABRMBERA T AT ERR 2T 2
Ho Xt FoE #4884 B9 R F51 % 38 45 I FH ) B A A
R’ ATETZHEERERRAE .
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