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Abstract

As deep learning is becoming more and more popular in the field of scientific research, it is used to
solve more and more problems, and it has also become a popular research field for solving anti-
problems. Recently, the latent diffusion model has been shown to generate high-quality images, and
the application of the diffusion model in subconscious space is more efficient than that in pixel space.
Therefore, we have made further modifications to the proposed resampling algorithm, we have
changed the iterative optimization in shallow space to zero space projection, and we have changed
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the number of optimized steps to every 5 steps, and our experiment has achieved further good re-
sults on the basis of the original. Moreover, our experimental results have seen greater improve-
ments in some details.
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y=A(x.)+n.07~(0,6") (1)

HA 4:R, — R" RFTAIHE (W LR LSRR ), n AR IR AL e s o — Rk, 386 ) i ]
LA 38 52 0] BRI ANES S v A, 11 FRAT D S SN R AT 7E 24388 1) R < ) ANIE SE RO, RN E 5HF 2
PSS A 5. A TR EIE B AR, T EERR R WA 2R (5 . 152 SR B )7 72 (1 1 52
R, 3 8 1) R T T B AL AR =N SRR A AR 1 1)
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REGX =ANBRPIAEE — /N E, %0 2 A E 241 .

Wi 5 3 BB A 1 H B (Sohl-Dickstein et al., 2015, Song & Ermon, 2019, Ho et al., 2020, Dhariwal
& Nichol, 2021, Rombach et al., 2022) [1]-[5]; AR TR (Lipman et al., 2022, Liu et al., 2022,
Albergo et al., 2023, Ma et al., 2024) [6]-[ 914 H 8 FH T-fif th 42 11 33 r) @ JF B4R 7 3 R . Song et al.
(2021) [10] 2915 Y OB AL gt P JE LR PR30 1) B B e 7 BRI a4 G — ¥ B9 N SDE HEZE, Jf
St 7 — BRI (R R AR SR, AR E IRBOE WA TR G ] J . Kawar eral. (2022) [11]32H T
—/> DDRM HEZE: K DU B HET 59 SO B A 45 &, DUAR PR A 42 1 W00 52— (a8 4 e L P2 460 ) [ 3
W) R, %7 EE T N T R A ISR B . Chung er al. (2023) [12]3R 1 T —F0 DPS &%, @idix
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MRS A RTAEAR, FEB RS DA 00 07 AT S5 — e P B ol A s & “Hrlml” f5 4 4T
B, B TR B s R R I B S BT ik, R B ER, H
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[AFS

14 E B A FH A B0k Y (Dhariwal & Nichol, 2021, Karras ez al., 2022, Song et al., 2023, Lou & Ermon, 2023)
[13]-[16], Ko HOBRE R AR S 30 MR 2 B 1 T 2 500« F HOBE AL E 5 L AR O BN 45 (GAN) T 25
Ty~ AR EHIZR, fE1SEAT N 5 3R 15 0 A2 i S 56 (Dhariwal & Nichol, 2021) [4]. i 4 BB A4 4E
NGB 1 B DL VR SR B T SR IR A . AR, R I RIS T B KT, AR R R
o FEAPRL, REHIAE TEEEEG RSN GX s, X FERREN I E TR KRR
W24 (Rombach et al., 2022) [5]. HAh, 7RG ZR 2 AT I 25 0T B T 0B RS0 mrAn 4 5 ik T8, M
T 5200 JCEAR 43 R 0 o0 0 2 A R IRt o O T AR PR S 1] R, — SR ST DR PR 2R TRV 7 25 1)
IR BB RS () 1] R4 (Saharia et al., 2022) [17]. X B IEA AR T HHHEAEIEAFR, EAEREE
ST R () (RN S 5 AR R AR . AT, RS R R IA RE 1 5 R GR R 2 R AT 5 98 2 — A
S, TR DR A R R

2. BR

2.1. ERY B ERRE (DDPM)

BB AL — A R A, A% O AR @ I N T R B s I SR B, SR 2 ) X
—ibFE, MAERE RS R R AR . LY A (DDPM) (Ho ef al., 2020) 3% 7 N ABYBL: A 1A)
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xt=Mxt71+\/Ezt,zt~N(O,l) 2)
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x, = Jo x, +1-a,6,6 ~ N(0,1) 3)
Hrho, =TI (1-8), eREHSHIMEES.

TR ) A R B, AR AR Sk M 7 o B SRR i . X AN I AR AR T S R T R A, g
BHPIRES RS B — AR @ W i sg . § BusE A g R R OR N

1- 1
f‘at eo(x,,t)J+ —oh @

1
X = \/1_ﬂ, (xt _\/1
He g, (x,,0) M@ IGRMI 2 M 2%, H T EE ¢ ERRR EMR x, PR & o W I U R
£y (x,,¢) T LB B AMEBLR B ARRIIZR, DL ALHT [l A g e 7 -

. 2
minE o evon "g — &, (%1 )”2 ®)

2.2. BETHHHERMERS SDEs
FINBENL 75 2 (SDE) 77 1%, LA SE -3t 20 i 7 HC A vh BR R SRS AR A, MTI ALY S ey R [ 2
t Z5| Y BOLAE {x,} o 1L SDEs, Bif [ L R AN [ I R T CAFE SR —HEZL R G — 0T, RIS BE S {8 4L
B SRR a8 ve RO PR 7 P R AL B A2 o BT DL A R] DU AL R R
dv = f(x,¢)dt + g (¢)dw (6)
Hr.
* f (x,0) R RER L
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* g (1) Y AR LR

* w B bR E4EGN I AR

HBe=0W, FREBIED A H=TH, FEHHIMG, By ~N(0,7). BN HKZET
SDE J7ikiZ 4 KM R, JFSEIUG JRAGEE JrAn A feh, RIS S mid A2 . ol A w] OB 4k Jy:
Horr:

* dx RREL R

o f(x.0) RER R ER L

* g(¢) AV LR B KL

*V, log p(x,) RAF7 BREL

o div A2 S [ I [E] 4E NIRRT o)

TESEE T, FRATEH s, RTG53 R Bt 0 ZEAL PR 4%, & n] LUl Id 2817 43 LR (Vincent,
2011) [18]2RIIZk:

~ . 2
0= arg;nlnE["Sg (xnt)_vx[p(x'h" )"2:| ®
£ L0, THISIRHE, x, ~ p(x]% ) %o ~ Do (¥) » RETRA 57 BRELs, MITBLE, 3T LUE{LL SDE

R . ORI T — AT AR AR, T AR R IR O — AN AR R R EE RS p(x, | y)
HERFE, IF HARYE DU R0, ATTRT PR SR A0 5 8

S logp(xt|y) =V, logp(xt)+th 10gp(y|xt) 9)
Xeg 1 AR AR N SDE HIJE A
dx=| f(x.0)-g(1)'(V, logp(x,)+ V., log p(]x,)) |r-+ /B aw (10)

I B SR AR IZTTRE, AT DAL AR B R rpoRE A R i W P A, AT 9 e PR A Al PR o 2 I BRR A
TR o I I TE A [ R R I S A A, PR BT DASRA BE A i AR i X R
FEVFAE R A A 55 rh S AR 2 ] 2R B R 05T, JF B B R R A s 45 M BTG L RE AT o XA
AU RE T S R B SR, 0 SE PR TSR At T 58 v ) R P AR € 1

2.3. FEEii

BT EHE x0 FEAR 2 A B8 SO AL T SRR AR R, — M RN BT VA R A B gt &K = 415
A ) R B 48 BRI AE 0], B AR . 7R
E:R"—R' D:R'+>R" ,x~ D(f(x))

Horh & 70D 43 HIFRIRRAD A FIARERD A, I H d <<n. K UGS ENELE S0 2z = £ (x) b, W LATERI L
MR EUNGRY RO, BB PRSI & o P UG R B oA T RE . T FES ). TR AU
T By = AL

BUGIREN IE 4 . ARG UG R 4irh, BAVE T UIZRIF 1) VQ-GAN. "B AL4E— /N ig 2% Al — A fiihs
o

LDM: LDM FERARG LS ERIE R TG, WIS IF 2y o b s . K25 LDM 727
AR, RRER RN /N T EUR 2SR, Bl LDM B HER 8 2pg 2 .

FAENUE]: ZENT Hofh SRR, FRATTAT LLAE LDM s i [F) 264, LA A sl FA 105 0 P9 25
BRI, BATEIAE U-Net 15 A& iER SR %4
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3. Ik

X7 RE(LO) S S Al 1) ) RRLAE T BRIV log p (v, ) Toik ELE% S H LR AT RIA e Dy 1 il ik A
R, A B AL

A B P 2 & F 25 10], AT g B 248 PR (Kawar et al., 2022; Chung et al., 2022; Wang et
al., 2022) [11][19] [20];

X IIAAE R T PR ARG TS O, $2 T A SSER (Chung er al., 2023; Song et al., 2023] [12]
[21]. filtn1, Chung et al. (2023) [12]32H T JG45RAF(DPS), 16/ 7 ALK IR 7 iz ol

X, = x/g,_lfco (x,)+1—a_ —no}s,(x,.t)+noe (11)
A 2
X, =X, _gvx, "y _A(xo (x, ))"2 (12)

Hop ¢ BTN D A, REEHINSIERE, o 2RI, SINBEHLIRBIRE DY 138 G S 1) 2 10 o 12k
170, Hoh p BHRIBEHILEI RIS, 0<n<l. BT ARG R0 T E AR, exf T4 8 H
TR

=N 2 (2) 1= =107 5, (2,,t) +n0E (13)

2

Za = Zt,—l _gvz, Hy_ A(D(éo (Zt))) )

z

(14)

XA A AT AN R 22 25 18] TR RR O AE DPS | DPS 5Lk RIHES:

FEERFERE22], Bl — S A %3] LDM W SCRFEIERE . ERFER — MO A%, B
A BN ZR P ES B A 95650, KA R 3R et A AR Z A8 PN A3 S i) R PR 2 . &%
B BR . CT HEE). X T2l TR R AR E T, b T #ad e D ARk,
BHBN R R, S BEE@S RS BRI A 2 BILERMEHRF T )7 MBEAR, &
NAE SRS RS L R P IR ¢ b, BELHORIE— NI R (A K 16) TR 21— 5500 i
By UM BRI E 2 (y) s IFHS Latent-DPS 7R BB 2 BT AS [FI ) SR B SVEIR HAE 10 2
fiE g — AL R EAEBATE AR rh A M S AR BAE L 10 PR 5 280 TR R Z MY
IR 1) A R P A T D 3 2 4 T B8 e R LDM AR AR R B ke e, oA sl T

fco(y)eargminE”y—A(x)"z (15)

2

Z, (y)eargzmin%"y—A(D(z))" (16)

2

% (y) 2, () RS MR R0 R 8 y 5 SO0 . 0 FXAMEA, or Bolit f% %
3 ] I8 2E 2 A s 0 PR PO SRR S R R e . ST 3R IEAT, FRATEGH T MR PE AR AT, SR7E (RARIBTE
2 (W B — SO S BB AE PO TR T K5 R 0 o R A 28 2R B A T2 (48

2y (v)=Fg =(I—H"H)xy, +H"y (17)

Horb H™ 5% H 908, H OSSN R MR (A7), 138 1 JRIGME 5 x oW y, %, 72 AT ()22
XERSEAE x, BN TE,  x, 2 Tweedie 22 ATt

xo‘tzE[xO|x] \/7(x+1 a,)Vlog p(x, )) (18)
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B AR IERLNE F/D 3R MRS ANREAF . EEIE IR B, K Aurfhih £, 2w
By MIE G RTMB TS, YRS BT H 2 0) 152 75 2 i AR b 28 s 56 ok AN A
WALy fE BRI AR, BBARERFR 2 (v) MG TE A e 88— 00 BT [E) 25 ¢ #
R BB E 2 M AR B 1, T8 ImAS 1 M 465 N FRUG (R BE 1) o855 .

H)eo(y)zH[(z—H*H)xm,+H*y]zy (19)

A K, G RRBEEE T 2, (v) s S AN & IR 2 AR . T B TAE R
MG I A 3, BATEFEN A EPIRTS x,, TFh . N 7 IRETHHRACE, AR R
JFAG SR P = A B B B A R T, 38 P B R B e ], e BBl
BAEBRBRBATIAN; BT RSP AAEESAE, WP RS 2 —E R LRF—ENE
B BIEAIAE B MU AT Ootl, (HRBRAT SRR 5 DA — AL R

4. LI

TEARWEFL T, FRATHKEH FFHQ 1 CelebA 4 £ 14 F A8 BMEHEAT T 2388 in) /A SE 56 . FRATIGHE
M A S B AR R B RIS AT I OB B AT T L, M T 2 Re EVEAGHE RS, AR SN
FEUZHAR B (LPIPS) . UE{E {5 4 LL(PSNR) £ 4 AHLL 14 5 £ (SSIM) 1 Fréchet Inception # & (FID).

Table 1. Quantitative evaluation on the FFHQ datasets for various typical IR tasks
% 1. 18 FFHQ #E% EX &M R E50E BT

Jrik: PSNR1 SSIM? LPIPS|

Gausian-deblur

Resample 28.61 0.790 0.269
our 28.80 0.810 0.244

inpainting

Resample 32.64 0.928 0.109
our 32.87 0.932 0.103

Motion-deblur

Resample 28.85 0.796 0.279
our 30.23 0.845 0.221
SR x 4
Resample 28.93 0.801 0.220
our 28.53 0.818 0.218

S5Gf8H FFHQ 1 CelebA-HQ #¥ESEIAT, 74 HF5E R 256 x 256 x 3. W TR HESE, RAI1EH
FEELT 100 5KEME . X FFHQ HIHEHEM CelebA-HQ e, FATZIER T 100 kG . 1EHTH LK
B, FATI T AREZEN 5, = 0.01 B TN BEMR A o FRATEEA] T OISR EY B AL LDMVQ4, %1%
RUE T T [ 0 8% 1 280K GBS K /N A 64 % 64 x 3 ITETER N, FH7E FFHQ A1 CelebA-HQ i
17 7 %k (Rombach ez al., 2022) [5], b2 1 A% 2 43 B ER T BATAE P A Bl 45 b 10 9256 45 Bt He,
1 RO 2 D9 FRATHE A B ot v 78 sloBORn A i WS AR 1 B R
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Table 2. Quantitative evaluation on the CelebA-HQ datasets for various typical IR tasks
% 2. 7E CelebA-HQ HUE& Ext & #he R IR EHZHE ST

Jrik: PSNR? SSIM? LPIPS|

Gausian-deblur

Resample 30.09 0.843 0.193
our 30.19 0.847 0.181

inpainting

Resample 33.86 0.937 0.107
our 33.94 0.940 0.103

Motion-deblur

Resample 30.65 0.849 0.207
our 30.73 0.856 0.188
SR x 4
Resample 30.49 0.860 0.173
our 30.10 0.852 0.179

JIT 2 R AR el LA (1) EF /N 61 x 61 AriEZER 3.0 B RRZ 10 m i 208000 (2) 1A
BEHL BRI EBREE, ULQG) TR RN PR KL RN, EAEST, £
FFHQ b3l MBI AG 4 T1E CelebA LRI, BEAN, 1E 4 FHB IR (SR x LS, Sk
W 1B BB R AR A KA, P B 4 R R I R 2= .

Figure 1. In the motion-Deblur task on the FFHQ (top) and CelebA-HQ (bottom) datasets, the results of the proposed method
are compared with the baseline methods. The results are grouped by task and dataset, and the methods are arranged in the order
of Reference, Measure, ReSample, and ours

[E 1. 7£ FFHQ ()0 CelebA-HQ (T)HIE&E LRGSR EEMIES T, AR GENERSREEFAHITILE. &
RIBESHBIEENE, FEKRSE, MNE. EXEMKNAIGFHS)
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Figure 2. In the inpainting task on the FFHQ (top left) and CelebA-HQ (bottom left) datasets, and the gaussian-deblur task on
the FFHQ (top right) and CelebA-HQ (bottom right) datasets, the results of the proposed method are compared with the base-
line methods. The results are grouped by task and dataset, and the methods are arranged in the order of Reference, Measure,
ReSample, and ours

[ 2. £ FFHQ (Z b)#0 CelebA-HQ (A ™) #IEE EHEIRIEEIES, LIKTE FFHQ (L) CelebA-HQ (AT ¥R
S LHSHERMESF, RENFENERSELFERITTHR. FRIZESMBUIBRERHITHE, HFER Ref-
erences Measure. ReSample FFATHIIIFHES

TR A B AT S236 h, nTDAOWER R, ST igsh BRI, FATHJ774E FFHQ Al CelebA-
HQ ##i4E FAR W T 24T . IX7E FFHQ It NS, H PSNR DAAH Y K B MR L . SR, 0T
SR x 4 1£55, FAVM T ERIMA K, FrHEAE CelebA-HQ ¥date b, FAIMLE RIGLAU 485 7
BALS MG R, HAAER— € R F e TN E RS h @8 PR r) H 2 T REE, H W3
I ERAE, H'H /™ EREIERERE, SR8 x,, T CAE BO S 15 f 24 th i TR A H y
MARE Ty HULR M R R E .

5. R4

FEATARF, BATE ReSample (A% EREATHIE, JFoIN T g & 22 RIS . T
N2 I8 A 22 R AR 2R 2 (8] AN DR, BRATETBE R R B A T i, IR R R R R A A B B ey
TN Hehh, REDBRIEEMN 10 D2 520, SLIGEIREW], @y PRAES A& Tk
5, TR M AR Z RGO T LB EUR ENE, BUS T IERESR T, WEERIE, HAET
FIBE TR T LA R, AR RBIAR LM 5. BLAh, W T 9 HUP BRECE M B, 5K BR 0 HE R
[ bE 5 a6 s BN T2 10 31 20 7308
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