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Review of diffusion models for inverse problems in image processing

WANG Zelong, WU Yuhang™ , LI Jian, YANG Xuan
(College of Science, National University of Defense Technology, Changsha 410073, China)

Abstract; Diffusion models represent a novel type of generative artificial intelligence models. Compared to traditional networks such as

generative adversative networks, variational autoencoders, and flow models, diffusion models are characterized by their robust training, high fidelity

and diversity in generation, and strong mathematical interpretability, and so they are widely used in fields of computer vision, signal processing,

multi-modal learning and so on. Diffusion models are capable of sufficiently learning and exploring the deep generative priors from the training

images, providing a novel paradigm for solving inverse problems in image processing. In order to systematically sort out the development status of

diffusion model, especially the latest progress in solving the inverse problem of image processing, the research of diffusion model for the inverse

problem of image processing was reviewed. The basic principle and development status of diffusion model was expounded, the main technical route

of using diffusion model to solve the inverse problem of image processing and some specific application results in this direction were emphatically

introduced, and the future research directions were envisioned.

Keywords: diffusion model; generative artificial intelligence; image processing; inverse problem; deep generative prior

AN R R A (R AR AR S ) S —
TR T e R AR A BOCAS G 55 N 25
(TR EE 27 > W 28 | o 3o I R 88080 i B 393 A
HEAT L, REAS A2 AT B Ge i o AT BB AE AR
L A AR R B B R S AL R &
W22 DR TR B L2 L I A RE S 2E
22 I 9 A RS TR A A B R AT R 45 ( generative
adversarial networks, GAN) 78 4y [ 4 f #8t
(variational auto-encoder, VAE) JFfE 717 (flow
models) JEFRER RIS (energy based model,
EBM) | [ [ R ™) 45 Al s R R ARy T

s HEA:2024 -12 - 13

EEWE : 6 PR B R A0HE S R B H (23-2Z2CX-JDZ-01)

WS T WU, SR B 50 1) A A A7 A
BN BEATE A BUREAS (19 OR B T 2
AREFRE, EME ST P BN E A R
&R OpenAl & A i 3 T4 HORE B 1) SC A &
}Ei# GLIDE!) 1 J% Stability AT % A5 (1) 7 5 SC A
&P Bk A Stable Diffusion' , ™ Bl ks U 5 42 5|
T BB B SR . B B, O A
ALFEWAS IR ] KABE , X 25 1E 1) Jin et i 5
] Mt B i 3 e X 25 I 2 2 DN R R
St ormfE 8, o 2 i kA HE A R Y R

E—EE  FE e (1985—) 3B WAL EF A, @R, WL, A5 A= )i, E-mail : zelong_wang@ 163. com

SBISVEE  RFEM(2001—) , 5 HR B -1 BF5E A= , E-mail ; yuhangwu2023@ 163. com
IR £, RN, 26, S5 T EGR AL HG RS ORI TSR (] BB R 2224k, 2025, 47(4) < 91 -110.
Citation ;WANG Z L., WU Y H, LI J, et al. Review of diffusion models for inverse problems in image processing[ J]. Journal of National

University of Defense Technology, 2025, 47(4) . 91 -110.



<92 - (FE TR SR S AN S

547 %

B, PR 9 RO R LA AR i 1) ey ml A R
BEAN A HUAE G AT, 37 B T8 B I R
filt CERUA A AT DR S SRR AR
B BB — 24 B AT SRS LA
SRIB T ALFR 20 R A AT R
2 AU R 22 SRR 0 e R
TR EH

PG A 3390 T T 0T 0 R T 456 | R
PR G 2 A M A R B B A T U, £
TG LM B G R IE SRR AR |
KIFERNGE TS NG T e Y N
[ S b AR AL B R O I
T R SR A% T At ) 40 A ) S ) Ak L 1)
RS R MR B 1 (AR ) 5000 T 4
Wil i SR B, #R TG B 280 ARt R AL 25
A RIS EME— o Ak R P (5 A B 06 [
(M GE 07 15 R 2 LI/NE T AR iR A
SITEN ROy O R T T T G Oy
RIS SR T IR L kiR G T vk R AR
R LIRS ) SR (5 6L, FRAERE S A R, IR 5 )
PR IR S e {5 BRI T Ok 7
IR TR A DA TR FE 2 > Fp i TR ) A SR Y 7 e o
P54 3038 i) B L 07 T 70 o 7 A A
AEAE FE /022 ST A2 R I R R 48 O TR 5 2R e 5
A i R P A 5 ) LR A B A R e B 24
SR, T o e Pl A5 Ak BTG ) R o 25 L S 2 4R T
FIRAL B BT 4

T AN A B ik s T
FICRE IR F) RS DAL , 780 R A 2R B 1) T ] P& 45 4k
B R P AR B £ 0 . TR I, AR SO HIORE
TIRSEA B A, R AU BLE S T 9 BB 1Y
K S D R MR 1 G, VREER PR T M I B Y
fifp e PR AL 0 R ) 32 R A, IR T
AR AR T RO TR i e ) L2 SHL TR e 5 Ak 8 36 ]
FOUPR) A SEL B AN LA R, i R T 7 R AR
7 PG A L [ T3 P ik 25 2R ) [ RIS SR
W T5 1

1 FERE

1.1 FHEBENEREE

UG RAE 2015 A C 242 10 T 9 Al 21 1 3
WA, (5 H i AR A R 2020 4F Ho 2742 H
(2 g 7 B ME 2R 5 R (denoising diffusion
probabilistic models, DDPM ) # >4y § B Y fif)
AL SBR[ 2T Bl SR AR R A
IR T2 i G AR o 25 4 Ak ) B s 8 4D

F L TCEE A (R R dR , DA T 2 > S o A e
SR B Ao 0 [ PR MR P S A A A O I
JE A o A AR R o R fe R LU B HOE
AR KA, J5 H Song %S # T SE
X RO T AR AR A OB, X LK A BN 28
PEATHRE, S TR R T P T 42 A A 2
RO, R A X FR LR AR L
BB I3 AT A o
L1 B3l Xy sk

PR Y B OB U R RS L 0 9 RS B
o] RPN AR . R YRGS R B R — RS
IR i 37 A 14 e 7 A, - L0 A M S n 3]
KGR e, BETTAS 21— S K ] Jodik «

x, =/oT,x,,1 + m& t=1,2,--- T (1)
Hrfree, ~o(0,1) g I A v v 307 A ) Mg 7
Wit sor, € (0, 1) TSI PS5 B AR G 1) 1 280,
JEO<a; <ap_, < <a, <l;x, HHEGEEGEE
i T M IE RSP E PR aT

g(x,|x,_) =ov(x,5/ax,_, (1-a)I) (2)
FUUER ¢ 20 i B8 x, R T ¢ - 1 ik
ZIH) AR B x, o #E— 2B FI T 2 80f 45
B PR (1) 530(2) 4 HIES N

X, =/6T,x0 +./1 - t=1,2,---,T (3)
q(x,|x,) =ov(x,; Jax,, (1 -a)I) (4)

Hob,a, = [Jan. e~=n0.0), th ExATAL Y

1T, q(x, [x,) —=v(0,1) , BIVIE [ Jin W iok P
P B 30 28 A0 TR A TR P 0T
S5 T] 25 Mg 5t DA I DA 30 o AT ) IR 7 AR
xp~(0,0) R
p(x, i lx) ==v(x,_;su(x,,0) ,3(x,,1)) (5)
B S BN R B R e H o, X
p(x, L)) BOAR TR PR B i 22 ) 2%
Po(x, 1 1x,) =or(x, 5, (x,,0) ,3,(x, )
(6)
S, 0 S P4 2, HI S AR T A48 2% eR 8K
J& Sohl-Dickstein 25" 3£ 25 4 Hi W 15 1) (9 31F 4
T A (evidence lower bound, ELBO) , 24 T4k
loss = 2 KL(q(x, , |x,,x,) |p,(x,_, [x,))

(7)
Hp, KL( - ) F s~ Kullback-Leibler #{ & ( KL
) o PR KB EOVLAR R AERE S ¢ I 2], EAE
Py (%, |2, AT B st B0 1T [ 5t R v (4 LS 5
R q(x,_, [x,,x)) 0 HEE q(x,_, [x,,x)) )5



4

FE e, A < T PR AL B )RR ORI Y A 93

FER— MU IE Y BUS BRSO R WAL
e py (x, L) 9B 22 3, (x o) AT BB N 5
TR m Y HOS RSO R TR OB R R Ein]
R N R TIE ey (x, o 0) 19 REL, T £ DL IS0
AT, B AT — RN

—S g, (x,,0) | (8)

mo(x,,t) = ja X, = ;q
PR, I A 2% Bk B0 — 20 3 Al O 56 T I8 75 19 2%
g,(x, 1) W eR L, B

El~’7¢(1.7'>,xo~p(x0),£[~g\’(()‘1)( e, —g,(x,,t) I3
(9)
XL E MR T, (0, 1) J¥ys) oA, B s
W4 W e U-Net ™ [ 2%, 45 B 504 1k 45
KRB, nT = (6) EARA BT &
112 #4HXy s

DDPM [ 1E [a] 4 5 5 B 1) 25 M ol R A0 150 5 Il
HA T AP B B o e, s B AT DI O %
SIS AR B HORATY , % 2L F AT I BB o3 7 7
(stochastic differential equation, SDE) 3¢ $# i8> |
HAE I HOS T AR

dx =f(x,t)de + g(¢)dw (10)
2, BEALI O 5 FE RS R 88 f (x 1) N HCR
g (o) 73 B sE 1 B TS A 2 5 AN B i v
AL AR, w RIRARUER AT W12 3y, dw W] LI
Tog5 /N e i MR 5 0 (10) AR AY J 1]
ZME Ry
dx = [f(x,1) —g" (1) V,logp, (x) Jdi +g(1)dw
(11)
A de R TCTT /NI, dw 275 B A]
6] (A 32 35V, ogp, () ¥ o3 ki B, Ay — 4>
M2 s, (x, ,0) AT, DIZRLR BB
E 1.p(xg) g (x, | x0) (A(t) ||59<x, ) - Vx,logpt (x, ‘xo) ||§)
(12)
A () AR, AR O 21 T (X5 5341

JEARAH , FEAE 10 & WG R o A A (12)
HR G BRE, IT LI s, (x, ,0) ORI 28 2580 1
Sy 2 Mg i Fe vp, s, (x,, 0) Al I 20 eR AL
V., logp, (x) , JETIA FH = (10) 25 B Bt . 2k
T Y HORL 1 8 AR T 8 WO AR i T —A>
e B — A, T LAE B SDE AH G i £ L
By WO BV T, 06 b R i — 28 % s Y
AT RILAL o
L1.3 iy st

PRERITC G I B O 2k 2 i 2 50, 78
Az S IS DA v ST M 7 RO s K, R R 1)

M FEB AL A IS IR B BAE G v A — 2
AET L BUHE o T I M RS R B A R AL,
L5 1] 26 Mg A8 v A 20 7 it Jan B AL 7, R e g™
PR TR B AR R JB1 45 P A R R 2 AN TR A, B
AR B m 2 e o RS T T R s b
SREAFSLPRAT: 55, AELARR DR PRI AR A B 538 [ 0 5 A i
() G E T S A A, AR HIORE Y ) A ] 45 A
JEOE LA AT AZAT: 55
BEXSYHIORE BY ) v] 45 A i, T R AR
TR BB R, RETIAGRAT y R L
RS ) A et A, D) s e 2 M o R A R AR
KW % 14 4% % 53 Aii p,(x,_, |x,, y) . Dhariwal
SEUTUER T AR y X IE Y L B A
e, B A5 P9 BORBE AL A IE m 9 il B S (TE 4%
F) U B AL Y 1E 1] 5 M R 58 2 —HE 5L AR
R me i ) 2 Mgk B . 4 B, Dhariwal 2542 3
TR R R 28 0 A 2 5] S AR A s O
s, Bl Classifier-Guidance , 3X J @ 1R T+ T 8L
IR A I AH IO 28 531 P14 8 o o, 7R B i A
B4 5 1 8 % 343 %50 (inception score, 1S)
F1 9 35 BRHE 551 ( Fréchet inception distance,
FID) P bp B TAEGE A i i, BT &,
ERITENESIE XY B AL K, ARy
Joi, Sl Wk AR (1) FRPE o R 2V, logp, (x) 28
HEAEVEST BV ogp, (x |y ) , TG # 448 DL it
AKX R
V. logp, (x|y) =V logp,(x) +V,logp,(y[x)
(13)
o, STV, logp, (x ) Fr Ry S50 17 70 R KL, w2
Took T4 OB B A 5 1 PF 4 bR G B
V. dogp, (y [x) FR AR PEST R 8L, Forp p, (y ) 1T
RE—NEE,x 5y prlEn LAy
HKRIbREE . 432488 p, (v lx) b Sr s, e ]
P XV Jogp, (x [y) Ml AT 7R R
sp(x,,0,y) =s,(x,,1) +V, logp, (y |x) (14)
RBP4 BB RS A A0y ol T4 B AL 800 )
KA FBIEESH
FHEE Classifier-Guidance 75 ¥ 75 22 40 57 1)1 25
Iy A LB I BAAE 2022 AEER I T
HETF Classifier-Free ™ i 4 F0 BIBOR , FLAF 5
WEGA g, M BN S s, (x,,0,y) KAl
HEAETESr RV ogp, (x |y) o Classifier-Free J5
XA SR SRR SR, A B R A L (H
Xf TR 25 BN [] S AR o 2 E RTINSl 22 M 4%
WO R A K = o
RS B AR AR R A 5 T AR



- 94 - Gl R RPN

547 %

PR SGK, D ) 2 1 T TR R fige ke P 4%
Ab R SR T SR
1.2 FBREMMRLEFA

JUEY RO R — 2 3R i 5 1) 2 G,
ABTE S 07 FH e A7 T W 45 6 2550 1) 230, f31) 1 22 4™
BB DDPM 2 BT B /R A] R4 1Y, 1E S i # #0
e SRR AR IR SA R A A By, [l i A=
BT i DA R 3 P 25 A B S B B iR — o 22
P, DR M A A BB 5 A UK R A A D TR
RY IR AL ST ik . HETEER BT PP
FFAEFRA 155 FID™ | Recall (4 [l 5) |
TXTELLER (negative log likelihood , NLL) \#%.00%)
Ui e (kernel inception distance, KID) , Dl J&
FTRAEIE B 73 JE A HURE AR 5 R HAE A S
£ Robust $5F55F
1.2.1 =FEHAL

o ST IR P ) IO B 0 % ) 2 R A 2R
DA ] DLEE TH) BB B ORE , (75 A U2
FRRHET. £t DDPM, Nichol 45 7 1 [ 4
R PSSR KRR RAS T A RO BB
I HE e oAy S 1) 25 Mk RS in a2 > i 5 22 5530
TR IS AL . T Kingma 25 76 F5 00 14k
FE B T8 R AR AR, e A A A RO A Y
ARGy T BRZ Y Fie 2k HS2 (50 L ek BN (B 32
M, San-Roman Z&'®' (i ] VGG-11 45 R34 [ 2%
ST MRS AL S AS TR R, A R I B MR R
¥, Al AR B B AR FID R EEA . 1t b,
Wang % 4 A $2 400 fin 47 BB AR ( guided
diffusion model for purification, GDMP ) 5 $2 #fi 15
PR ] W ol T2 0 3 e 4% 53 19 4 R [
A R T M R A HE T X B B i [R] B R
TR R EE NS

IRMEFE AL ) E BRI AN SR 1
7N, MR LA TS 2 H BYTE T AR AR R 1Y
FID $545, [a] i A B T 82 71 IS 22 B ARk i 43 26 55
155, Bl GDMP Jy vk B 5 e T PR IEASE B 7E %)
X PUREAS I ATH IR RE A% A H 1 ) T
1.2.2 LR R4EMEAL

Jo Mg 3 5 e = A ) ( denoising diffusion
implicit models, DDIM ) R THE S R AT e gt
FERIY RS, REGS e DRFF I ZRait 2% ok BN 2 19
A& T SEBAE CHE R Y fin . DDIM A DA
AAEEABRIIE 3 oS BRI Zipp 22 M %6, (5
TE S 1) 25 M A v A S 6B IR EA T 1A UHE
PHCRAE ), 100 8 388 3 Dol /0 SR 2D 5O 1 7 s

x1 BREMRMERETMS

Tab.1 Performance evaluation of noise optimization
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Tab.2 Performance evaluation of Markov chain optimization
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Tab.4 Performance evaluation of multi-model combination
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Tab.5 Performance evaluation of other optimization
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Tab.6 Review on typical methods for optimization and improvement of diffusion model
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Fig. 1 DDNM structure illustration
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Fig.2 DDRM structure illustration
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Fig.4 Conceptual illustration of the geometries of DPS!"
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Fig.6 LDM structure illustration""”
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Tab.9 Review on typical methods of diffusion modeling for solving inverse problems in image processing
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Fig.8 Diagram of image deblurring
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Fig.9 Restoration results of image deblurring( motion blur)
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Tab. 10  Quantitative evaluation of image deblurring
=7 RO N2 W RS 3 A APIBNTT ik

KB PSNR  SSIM  LPIPS PSNR  SSIM

10 23.47 0.81 0.49
20 22.81 0.83 0.53
30 20.95 0.80 0.55

LPIPS

23.81 0.82 0.50
22.97 0.87 0.52
21.62 0.79 0.51

A FLIE F5 15 (synthetic aperture radar, SAR)
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Fig. 10  Despeckling diagram of synthetical SAR images
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Tab. 11

Quantitative evaluation of despeckling for

synthetical SAR images

J5: SAR-CAM  Trans-SAR SAR-DDPM  SAR-DPS

PSNR 25.71 24.60 25.99 27.67

SSIM 0.82 0.79 0.84 0.88
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Fig. 13 Results of image fusion

x12 BEGRMEEETMN

Tab. 12 Quantitative evaluation of image fusion

ks VIFF MI CE  PSNR  SSIM

CF-Net 0.22 1.52 0.19 14.21 0.48
DDcGAN 0.15 1.17 0.39 11.17 0.11
DenseFuse  0.36  2.01 0.51 14.59 0.51
ARFEBFE: 0.30 2.32  0.53 14.94  0.55
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Tab. 13 Quantitative evaluation of image deraining

Jrik PSNR SSIM FID LPIPS

RCD-Net 29.73  0.968 8 7.61 0.015

RR-DPS 29.92  0.969 7 6.57 0.013
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