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Motiva(t‘ion,s

Non-interpretability: For image restoration, the forward process of
the denoising diffusion model does not contain the degraded image.
Unity: How to construct a unified and interpretable image-to-image
distribution transformation model?

Target

domain Residual

Residual + Noise
Noise
; . domain Noise-carrying
Noise domain input domain
coefficient Input domain
(a) DDPM transformation (b) Our RDDM

This paper proposes a novel dual diffusion model (RDDM) to unify
and interpret image generation and restoration.
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Reverse

Restoration

Contributions:

e We tackle the non-interpretability of a single denoising process
for image restoration by introducing residuals.

e We introduce a partially path-independent generation process
that decouples residuals and noise.

® Residual represents directional mean shift (certainty); noise rep-
resents random perturbation (diversity).

® An automatic objective selection algorithm chooses whether to
predict residuals or noise for unknown tasks.

Contact liujiawei@sia.cn, fanhuijie@sia.cn, liangqqu@hku.hk
‘ ' Code is available: https://github.com/nachifur/RDDM
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RDDM: Residual Denoising Diffusion Models
roward Diffusion Process

new forward process including residual diffusion and noise diffusion.
=1+ plres + Brer

=I5+ (1 + ) Lres + (/B 1+ Bes

= ~Residual (I, = I, — Ip) represents a direc-

=T + Gelyes + Bre tiona! Qiffusion frqm the target image to the
conditional input image.

¢ 7o 5 sum-constrained
esidual explicitly guides the reverse process. variance

1=I — (& — & 1) s — (Bt — A 5124 — 0?)eg + o€t o} = 7]53511/512

oss Function Sampling Method

() := TE[MIE e es(I,,t,I,-..)IIQ] predict residuals: Ayes = 1
predict noise: A, = 1

residuals+noise: Ayes, Ae = 1

restoration-|

Input RainDropDiff128 Ours (RODM)

Ours (RDDM) qunc Truth

..rl,

Input Ours (RDDM) ~ Ground Truth

EEEEE] ‘! izl ‘lf‘lffl

Then 1emuve noise

Input+Noise First remove residuals

Decoupled Dual Diffusion Framework
Diffusion Speed Curve
ag controls the
speed of residu- s
al diffusion. ™ o w %
4 regulates the ‘
speed of noise | N
diffusion. T e e T

@) ahow ®) Thow—ar (€ abonB!
Partially Path-independent Generation Process
oIL, (1), a(t) - T) _
93(t) -

0OM (iowar) O (e}

Deg(I(t),B(t) - T)
Dn(t)

Green’s Theorem for Path-independent: ~0

The path-independent property
is related to the network'’s resil- ..
ience to disturbances and ap-
plies to scenarios where diffu- _-
sion speeds (e.g., (h), (i)) and
paths ((c) vs (g)) vary within a
certain range.

(a)Path

First remove residuals

Y[
2
S
2 K
2 K
HS
H s
H s / Simultaneous removal
£ : [4 of residuals and noise
'* \ﬂ
: lﬂ a
i o (b) Fast remov

(d) Frst remove noise

e RDDM samphng process is consistent with that of DDPM by coefficient
transformation, while DDPM simultaneous sampling can be decoupled to
first remove residual and then noise.

* Removing residuals controls semantic transitions (certainty).

* Removing noise reduces the diversity of generated images.
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—_ Input domain
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Li=1 — (& —a_1)I°,, — (B — \/m)ag + o¢e, where €, ~ N(0,1).
> BIfRERZY: REFRIFIERAETT
Lres(8) = B [Mes [ Tres = g L0 *] . Le(®) = Ac e = ea(Li, 1))
> H ENREAIEZREEL
a=1-abpn's  Be=y/l-abppy. o =o}(DDIM).
CIERR: I NZREEE{LlE, RDDMSDDPM/DDIMAYSREF—E
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R0{aTizE

FROREZAEE, LS
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R FETRLE AR R
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i BinBhixERE

-
TR B4R (CelebAl"™D)| B ZFE STDMD  MEEHENEEE (LOL!™™) £/ (RainDrop™h) W 1 AOSA I
WA OB 1, MRS EE I, wheE e, B
FID () IS (1) MAE(]) PSNR(1) SSIM(1)|PSNR(1)  SSIM(1) |PSNR(1) SSIM(1) St u;mmu\agﬁ' %jmi‘l Ly Jiz Krg
SM-Res 3147 1.73 476 30,72 0.959 25.39 0.937 31.96 0.9509 \{*ﬂf’ég &Eiﬁe]?mém E,Jidﬂ IR . AOSA Mk
KA m = 0.01-
SM-N 23.25 2.05 81.01 1134  0.175 | 1630 0.649 19.15 07179 Rt
SM-Res-N| 28.90 1.78 4.67 3091 0962 | 23.90 0.931 32.51 0.9563 ! gilnil}"’tighl (Gld D> M LM B
2 fori < lton+mdo
— o 3 ~Uniform ({1,2,...T}H, e ~ N(O.I), I, < I, —
KA I5 R MAE(]) SSIM(T) PSNR(1) 4 !:, I+l + e |>um SHS-8) BRI,
SM-Res Residual network 4.76 0.959 30.72 8 o D> o) e B 1
SM-Res-N-2Net Residual network+noise network 4.67 0.962 30.91 , qf”fjﬁ‘i%, i\‘(f}“)’ XLy [ forn) BN, Bl
SM-Res-N-1Net One network, only shared encoder 472 0.959 30.73 g 1 ,
8 | Loy <Loss (I 1,y €9.€) D> #ET 2 (5-34)
SM-Res-N-1Net One network 4,57 0.963 31.10 0 0 SV (L) D> BB 3
10 lfdbs[/lm—051<élhen
7 Y v 1 I b e " n ass ESVES Gl 5
KREri: EZERE %W ERTA] Pl . J.; BRI
Method PSNR/SSIM PSNR/SSIM PSNR/SSIM FID(}) IS(1) » ey =Detach (d7.,) ) it
u @ « InitWight (G) [> WAL 4 ZHE A7, > 0.5 then
SM-Res 30.72/0.959 31.96/0.9509 32.32/0.957 31.47 1.73 15 | s =1 [> SM-Res
SM-N 11.34/0.175 19.15/0.7179 9.49/0.087 23.25 2.05 . M o > SMN
SM-Res-N 30.91/0.962 32.51/0.9563 32.40/0.963 28.90 1.78 " . d"“"
SM-Res-N-1Net 31.10/0.963 31.79/0.9504 31.69/0.951 28.57 1.81 2 end
\.
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1.00 —
— —— DDIM (linear) 4.0 —— DDIM (linear)
L =0 14+ oaples + }6)]5 €t—1, where €t—1,€t—2...€ ogg 23 DDIM (scaled linear) 35 DDIM (scaled linear)
\ . —— DDIM (squared cos) 3.0 —— DDIM (squared cos)
=T o4 (ar 1+ ) lres + (\/ B2, + B7)er—2 g”s \‘ |
_ | “
_ —— DDIM (linear) | 10
=1y + il es + Bre, 0.92 DDIM (scaled linear) | '
—— DDIM (squared cos) | 0.5
0‘900 200 400 600 800 1600 D'DO 200 400 600 800 1000 U'UD 200 400 600 800 1000
J t t t
/Emlﬁﬁg?*ﬁﬁjl Ej% -L-l_ (@) abom (b) appm—ar (©) abpm=BE
3.0 o
Schedules FID (]) IS (1) — mean ~ T hixos
25 linearly decreasing o :j( ’
Linear (DDIM [51]) 28.39* 2.05 Lo~ inearlyincreasing — ra-xom
Scaled linear [48] 2815 200 S — batx
Squared cosine [44] 4721 2.64 &' \\_ i{i “a
«v; (mean), 37 (mean) 38.35 222 L0 — N
a (linearly increasing), 37 (linearly increasing)  40.03  2.45 os| 7 031
«; (linearly decreasing), 37 (linearly decreasing) 27.82 2.26 ook N P
. . 2 . . . 0 200 400 600 800 1000 0 200 400 600 800 1000
oy (linearly decreasing), 37 (linearly increasing) 23.25 2.05 t t
(d) v, B¢ (e) P(x, a)
. J
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® {EDDPME{DDIMA, HREES AR ), BNER, T HISRBHRENTE,
FUFREHIGEIRNE, W(c-d), BREMTaby, SEEBREY,

r EREREAIER \
N

(a) DDIM (linear) (b) app;y = @, B¢ (¢) @ppim = (d) appim = (e) ar = a;
Score:9.4 Score:9.4 scaled linear ~ squared cosine ~ BZ - P(1—x,1)

P(1-=x,03) P(1l—x,05) P(1—-x08) P(1—=x10) P(l—x%12) P(1—=x15)
Score:9.8 Score:9.8 Score:9.7 Score:9.1 Score:9.3 Score:8.2
(f) convert abpy to ag, BZ and readjust the converted a; without touching the f7
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(c) Test:B2 - B2, (f) Test: appim =
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(g) Training: Sl () Test:a,, B2 -
DDIM (linear) S P(1—x,1.5)
(h) Testa,, B2 - (k) Test: appn — 8
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Path Independence Generation Process (Denoising (eg(I;, B; - T)) + DereS|duaI (18U a@:T))
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7 — ()@ B2 P =X, 1)
+{g) aci P(x,5), BE i Px, 5)

—— (i) ar: P(1 = x,15), B{ ¢

_4 - b
(©) a >PA=x0)

£ BZ - P(1—x,0)

(h) i P(1 =X, 5), B2~p?
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R R s e e
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(d) ar —'P(l— , 1)
2

(e) a; - P(1—x,3)
2 2

l)a = (1-x,15)
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Bf - P(x,5) B2 - B? BE - B2
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=~ 0,
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(a) Remove residuals and noise simltanously

(b) First remove residuals then noise

Iy = 0, MI;,ZEII(0)5LL,

da(t)

(d) First remove noise

v EERIBEEEREE: 1(T) 2 1, "5 10), AFNTFEGERES
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13  Input+Noise First remove residuals Then remove noise
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> SCIOEEIS:

-

= SLIUEESR

® [E{R4ER: RDDMFEZFDDPM/DDIMENRERIRES,;
o ERIKSE: RODMEARIBIISANREFSE NLISOTA,
o EREREMEIFEFE, BArARMIMIFHEHIRE.

LIME | DSLR | SID D&E | MIR-Net | UTVNet | SNR-Aware
ElfgERk. KRR, BBRZ M | 8ol | 1871 | 1881 | (651 | (89.66] | [671 | (50 |Ours(RPDM
S5 4L PSNR(T) | 17.76 | 17.25 | 21.16 | 22.13 22.34 22.69 22.87 23.97

e NN L SSIM(% 0.3506‘0.4229‘0.6398’0.7]72‘ 0.7031 0.7179’ 0.625 ‘ 0.8392
(a) CelebA |DDIM|  Our RDDM (b) Shadow MSE(]) SSIM(1) PSNR(1)
[371(FID) | [17] [(a’) 0 — @, 32)| Removal S [NS|ALL| S | NS |[ALL| S | NS |ALL
5 steps 69.60 69.60 DSC[39]9 |9.48/6.14|6.67|0.967| - - (3345 - -
10 steps | 40.45 40.41 FusionNet [40]|7.77|5.56|5.92 {0.975|0.8800.945|34.71|28.61|27.19
15 steps | 32.67 32.71 BMNet [41] |7.60|4.59|5.02(0.988(|0.976|0.959|35.61|32.80|30.28
20 steps | 30.61 30.77 DMTN [5] 7.00|4.28| 4.72 [0.990|0.979|0.965 |35.83 33.01|30.42
100 steps | 23.66 24.92 Ours (RDDM) [6.67[4.27[4.67 [0.988[0.979]0.962 | 36.74|33.18]30.91 |
(c) Low-light [PSNR(T)SSIM(D|LPIPS (|)||(d) Deraining  [PSNR(1)[SSIM(?1)||(e) Deblurring  [PSNR(T)[SSIM(1)
Retinex-Net [42] | 16.774 | 0.462 | 0.474 |ppix2pix [43] 28.02 | 0.8547 |[Nah et al. [44] 29.08 | 0.914
KinD [45] 17.648 | 0.779 | 0.175 |[DuRN [46] 31.24 | 0.9259 |[Zhang er al. [47] | 29.19 | 0.931
KinD++ [48] 17.752 | 0.760 | 0.198 |[RainAttn [49] 31.44 | 0.9263 |DeblurganV2 [50] 29.55 | 0.934
RUAS [51] 18.230 | 0.720 | 0.350 ||[AtnGAN [52] | 31.59 | 0.9170 ||Gao ef al. [53] 30.90 | 0.935
KinD++-SKF [54] 20.363 | 0.805 | 0.201 |[IDT [55] 31.87 | 0.9313 ||Suin et al. [56] 31.85 | 0.948
DCC-Net [57] 2272 | 081 - |RainDiff64 [28] | 32.29 | 0.9422 [IMPRNet [58] 32.66 | 0.959
SNR-Aware [59] | 24.608 | 0.840 | 0.151 |RainDiff128 [28] 32.43 | 0.9334 |[Uformer-B [60] | 32.97 | 0.967
[Ours (RDDM) | 25.392 | 0.937 | 0.134 |Ours (RDDM) | 32.51 | 0.9563 |[Ours (RDDM) 32.40 | 0.963 |

J
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First remove residuals

Then remove noise

&= IREFIREEIR

RDDM (SM-Res-N)

metric 1 step 2 step 5 step 10 step 100 step
MAE-ALL () 4.83 4.69 4.67 4.72 4.90
ﬂ:; =0.01 PSNR-S (1) 36.83 36.98 36.74 36.59 36.41
LPIPS (1) 0.0344 0.0308\ 0.0305 0.0314 0.0334
MAE-ALL (]) 5.07 4.94 / 490 4.87 499
pr=1 PSNR-S (1) 36.93 37.20 37.07 37.01 36.62
LPIPS (]) 0.0346 0.0314 0.0298 0.0300 0.0319

@SM-N (¢) SM -Res
(egUp @+ T,0))

SM-Res -N-2Net (g (I, & - T, 0), 1% (I, @ - T, 0))

(f) SM-Res-N-2Net

(ques (I, @ - T,0)) /\

KD iERiHEE
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> IB{THEE R
o HTFXREPEE), RDODMAEERIEA SCNNTEHERS
o SETXIRY BAISR3(TPAMI 2022) 8Lk, EFFHZRIRDDMIJIERR
D 10 5, HEIRAIENNR10 (5, SEREI1065, EEEIRFA10%;
® KAFERETNRIRDDMNFE 4.8G GPU AF#1TlIZx

BTG R \

(a) fRIGHE PSNR (1) SSIM (1) LPIPS(l) Params (M) MAC (G)xSteps Inference Time(s)
LLformer 23.649 0.816 0.169 24.51 22.0x1 = 22.0 0.09x1 = 0.09
LLFlow 25.19 0.93 0.11 17.42 286.33x1 =286.3  0.18x1 =0.18
Ours (RDDM)  25.392 0.937 0.116 7.73 32.9%2 = 65.8 0.03x2 = 0.06
(b) FHE:Z:BE MAE (]) PSNR (1) SSIM (1) Params (M) MAC (G) x Steps Inference Time (s)
E’H%i“ #_F\ Shadow Diffusion''?!  4.12 32.33 0.969 - - -
E@H&f@ SR3!193 (80k) 14.22 25.33 0.780 15529  155.3%100=15530.0 0.02x100 = 2.00
E/I\%*& SR3 191 (500K) 13.38 26.03 0.820 15529  155.3x100=15530.0 0.02x100 = 2.00
=0 SR3 1% (1000K) 11.61 27.49 0.871 15529 155.3x100=15530.0 _0.02x100 = 2.0
B MERE Lours (only res. 80k) 4.76 3072  0.959 7.74 33.5%5 = 167.7 0.03x5 = 0.16
Ours (80k) 4.67 30.91 0.962 15.49 67.1x5 = 335.5 0.06x5 = 0.32
(c) M PSNR (1) SSIM (1) Params (M) MAC (G) x Steps Inference Time (s)
RainDiff64[28] 32.29 0.9422 109.68 252.4%10 = 2524.2 0.03x10 = 0.38
RainDiff128[28] 32.43 0.9334 109.68 248.4x50 = 12420.0 0.038x50 = 1.91
| Ours (only res) 31.96 0.9509 7.73 32.9x5 = 164.7 0.032x5 = 0.16 |
Ours 32.51 0.9563 15.47 65.8x5 = 329.3 0.07x5 = 0.35
- Y,

v' J. Liu, Q. Wang, H. Fan, Y. Wang, Y. Tang, L. Qu. Residual Denoising Diffusion Models[C]. The IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2024. (TRERFEAREiIN|CCF-A|CVPR 2024) 21/29
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> BIFASIA140iX
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IEEE CVPR, NeurlPS, AAAIE) S|HEIEERFM.
® S|AARARANCMIFEDAIKBEAFKRRE. FEXZFE, MINREEIZXE.
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> Github Star 561X
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® Github: https://github.com/nachifur/RDDM
® YouTube: https://www.youtube.com/watch?v=E-ObZs32fEU
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IEEE TPAMI 2025

Diffusion Models in Low-Level Vision: A Survey

Chunming He, Yugi Shen, Chengyu Fang, Fengyang Xiao, Longxiang Tang,
Yulun Zhang, Wangmeng Zuo, Senior Member, IEEE, Zhenhua Guo, Xiu Li

ditional guidance based on Residual Denoising Diffusion
Models [211] to improve image restoration performance. Im-
proving the internal mechanisms of deep learning to better
learn the distribution of multi-task degradations represents
a promising direction for future DM-based explorations.

[211] ]. Liu, (j Wang, H. Fan, Y. Wang, Y. Tang, and L. Qu, “Residual
denoising diffusion models,” in CVPR, 2024.

ZISEZ%?&IEEE TPAMI 2025094543

Z (Diffusion Models in Low-Level

Vision: A Survey) &, s T7ET
ﬁ%%%ﬂs%}* 8=EY (RDDM 1&8Y) Y

HESHMTSREHEI18GE, BERFE
EF R EIZSESEUSHRIR
g =T a1

-

NeurlPS 2024

Resfusion: Denoising Diffusion Probabilistic Models
for Image Restoration Based on Prior Residual Noise

Zhenning Shi ! Haoshuai Zheng' Chen Xu' Changsheng Dong' Bin Pan’
Xueshuo Xie? Along He'* Tao Li'**  Huazhu Fu*

recovery in the latent space. Liu et al. [| 7] introduced the Residual Denoising Diffusion Models
(RDDM), generalizing the diffusion process of InDI and I2SB. RDDM points out that co-learning the
residual term and the noise term can effectively improve the model performance. However, RDDM

including shadow removal, low-light enhancement and deraining. For fair comparisons, we use an
U-net [ ] structure which is the same as RDDM as the backbone. We simply concatenate x, and &y

] whenever posnble For all image restoration tasks, we used an identical U-net as the
bdckbom which is the same as RDDM [ ' ']. We take the shadow images and shadow masks together

term (I°SB [ ~]). Similar to RDDM [ /], Resfusion simultaneously predicts both the residual term
and the noise term, and provides the gquantitive relationship between them.

RainDropDiff [*], and RDDM(SM-Res-N)[ | 7]. We conduct experiments on two settings for the
Raindrop dataset for fairness, following the methods employed in RDDM [ | 7] and WeatherDiff [ ~]:

U-net to predict resnoise, outperforming RDDM with two U-nets to predict the residual term and
the noise separately in terms of PSNR and SSIM. Resfusion use half the number of parameters of
RDDM and achieved better quantitative evaluation metrics. For the LOL dataset, under the same
parameters, Resfusion outperforms RDDM in terms of PSNR (+18%) and LPIPS (-40%) significantly.
Furthermore, for all datasets, we employed a simple truncated linear schedule, while RDDM utilized

&ZR1ENeurIPS 2024898 3IS AN ERIF
FXLEEE, H1TT SEAINILE.
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CVPR 2024 NeurlPS 2024

Selective Hourglass Mapping for Universal Image Restoration Based on DF40: Toward Next-Generation Deepfake Detection
Diffusion Model

Dian Zheng' Xiao-Ming Wu' Shuzhou Yang? Jian Zhang? Jian-Fang Hu' Wei-Shi Zheng!** Zhiyuan Yan', Taiping Yao®', Shen Chen?, Yandan Zhao, Xinghe Fu’, Junwei Zhu?,

Donghao Luo’, Chengjie Wang?, Shouhong Ding?, Yunsheng Wu?, Li Yuan''
3.1. Revist the condition mechanism of RDDM , 3
30. RDDM [45] RDDM, or Residual Denoising Diffusion Model, is a very recent advanced
ated way (i.e., concatenation); RDDM [28] explici‘[ly fuses diffusion model that was published in CVPR 2024. It aims to improve the robustness and stability
.. . . . . .. . of the image generation process. By separating the conventional single denoising diffusion process
the condition into the diffusing algorithm, achieving high
7 0 . . into residual and noise diffusion components, RDDM establishes a dual diffusion framework. This
image Clllallty- HOWBVGI', the PrOblem of mUItl-Pal“tltC‘ map- framework employs residual diffusion to model directed degradation from a target image to a degraded
. . B B input, guiding restoration processes, while noise diffusion accounts for stochastic perturbations.
age) into the forward process and achieves impressive per- innovati

RDDM'’s innovation lies in its ability to balance certainty (via residuals) and diversity (through noise),

formance on several image restoration benchmarks.

WeiShi Zheng|IAPR Fellow|5a L AXZFHIE

= - &Z=FNeurlPS 202419183 DF40:

§$ﬁﬁiﬂgﬁ= ’i EIEH:'IT Toward Next-Generation Deepfake

e D'foI,,R*Ei' ,f{’ |ZIS§ZEI’;& DetectioniFNABERA “a very

, ‘IQE BIRAMBIIE “-/’.1/% recent advanced diffusion

g 2 dutiEs B/VTE || model’ , e TAREASH
GIREE A LAVE TS A

g;*;uﬂgl-iﬂho ll.i EWE _IEE,J E'fur]jjo

[45] Jiawei Liu, Qiang Wang, Huijie Fan, Yinong Wang, Yandong Tang, and Lianggiong Qu. Residual denoising
diffusion models. arXiv preprint arXiv:2308.13712, 2023.
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Accelerated Diffusion via High-Low Frequency Decomposition for
Pan-Sharpening

Ge Meng' 2, Jingjia Huang'-?, Jingyan Tu'-?, Yingying Wang'-*, Yunlong Lin'-%, Xiaotong Tu'-2,
Yue Huang' 3, Xinghao Ding'->3*

ity models. RDDM (Liu et al. 2023) introduces residuals

to guide the reverse diffusion process. DDRF (Cao et al

Meng, and Ermon 2020), RDDM (Liu et al. 2023), and
DDREF (Cao et al. 2023). For fairness, we also consider the
PAN image as the input condition for other diffusion-based

RDDM | 408172 09702 00277 10795 3001007 09225 0.0841 32946 446996 098355 00163 0.7751
DDRF | 41.2331 09659 0.0240 09926 | 30.0801 09105 0.0825 32783 | 453347 05790 0.0144  0.6799

Ours 425780 09735 0.0203  0.8432 | 31.0295 0.9298 0.0683 29475  4B.7757  0.9901 0.0094  0.4632

Metrics GS Brovey IHS GFPCA CANNet DISPNet FAME DDPM DDIM RDDM DDRF  Ours
Dyl 00696  0.0378 00770 0.0914 0.0861 0.0671 00674 00628 00714 00685 00804 0.0611
Ds| 0.2456 0.2605 0.2985  0.1635 0.1144 01826 0.1121  0.1136 02407 01055 0.1100 0.1018

QNRT | 0.7025  0.6390  0.6485  0.7615 0.7884 0.7638  0.8291  0.8319 06806 08345 08200 0.8462

FAME DDIM

T Ll@

7 : A% BRELT (e
Brovey GFPCA GS IHS CANNet DI ! DDPM DDI:

N

Ours

KF=TAAAI 202509181 A R SR AT

ER £ BRGNS Y HEEGRE,
{ERFSELEE, HIT2mAINTEL.

\

v BRI @
RDDM DDRF

4
sagvl

BRI

Insulator Defect Detection via a Residual Denoising
Diffusion Mechanism

Li Zhang 2?7, Mengyang Song 2, Huaping Guo **, Yange Sun 2> and Xinxia Wang 2

detection and highly noisy environments. To overcome this limitation, we introduce the

insulator defect detection under challenging conditions. The RDDM dynamically adjusts

FRGET T ]

KF=FMaterialstigic "
NEFFERHITE T
G ERBERE, =

Residual Denoising Diffusion Mechanism (RDDM) [11], which is specifically designed for

WEDM: Wavelet-Enhanced Diffusion with Multi-Stage
Frequency Learning for Underwater Image Enhancement

Junhao Chen !, Sichao Ye 2, Xiong Ouyang *( and Jiayan Zhuang >*

To address these challenges and enhance underwater image quality, we propose
a novel UIE framework based on the Conditional Residual Denoising Diffusion Model
(RDDM), named the WEDM. This framework combines frequency domain information with

BT AR Bisa
T K RIS,

skfhRR A IAE.
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EDDM: A Novel ECG Denoising Method Using A Powder Diffraction-Al Solution for Crystalline Structure
Dual-Path Diffusion Model Di Wu'-23, Pengkun Wang'23#, Shiming Zhou®*, Bochun Zhang'#, Liheng Yu?,
Zhiyuan Li", Yuanyuan Tian"”, Yanrui Jin", Xiaoyang Wei'', Mengxiao Wang", Xi Chen?, Xu Wang? Zhengyang Zhou?®, Yang Wang'#3, Sujing Wang'3#45",
Jinlei Liu™, and Chengliang Liu Jiangfeng Du'#4>5
with ey, 9. Refer to [35] and [36], we derive the relationship matched templates. The second stage applies a diffusion-based residual

network?*# to refine the structure at the atomic level, incorporating crystal

between x;_; and x;,. The detailed derivation process can be
geometry and chemical constraints.

2) Implementanon Details: In the EDDM training phase, 25 Liu, J., et al. Residual denoising diffusion models. Proceedings of the IEEE/CVF Conference
we generated the ECG noise e diffusion coefficient sequence on  Computer  Vision  and  Pattem  Recogniton,  doi:2773-2783,
o, with a “linear decrease” strategy, and the white noise ‘0-1‘OQ’CVPR52733-2024-°°238i$f4])-

& diffusion coefficient sequence with a “linear decrease” ._ s @ =)
strategy [35]. We set the number of diffusion steps to 50, : L o
[35] J. Liu, Q. Wang, H. Fan, Y. Wang, Y. Tang, and L. Qu, “Residual o | S %] R o ’ F .
denoising diffusion models,” 2023, arXiv:2308.13712. )\, Y o 1 9% (. -4 g ,;‘"g
» -_‘,A _E ‘,m,~-__‘_..~—‘:{ —t Vr,g: . ) &

RFZTIEEE TIM 20250  pumns | = B
ICXEFFHRRHT O PN - SR 2 ESEATIRENTRIA
sEsm e, Aa AN BTN T SRR E R i
R, EAFRICEED SEER TN, BETBIFIE
BRAEFHEXEN. RIS ENS 1.

-
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