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Pathology image nuclear segmentation with dual conditional diffusion model

Wang Zhengyu, Song Jie, Wang Cailing
College of Automation , Nanjing University of Posts and Telecommunications , Nanjing 210023, China

Abstract: Objective Accurate nuclear segmentation in digital pathology images is a fundamental yet challenging task in
quantitative pathological analysis, playing a critical role in cancer diagnosis, grading, prognosis assessment, and treat-
ment evaluation. Manual annotation of nuclei is labor-intensive, time-consuming, and suffers from poor reproducibility,
necessitating automated segmentation methods. Data-driven deep learning approaches, particularly those based on convolu-
tional neural networks and Transformer architectures, have achieved considerable success in this domain. These methods
typically require large-scale annotated training datasets and can effectively handle semantic reasoning of nuclei. However,
due to their inherent reliance on pixel-wise classification, they often struggle to accurately segment individual nuclei in
challenging scenarios such as overlapping, clustered, or tightly packed structures, where spatial geometric information is
crucial. For example, in histopathology images of breast or prostate tissues, nuclei frequently form dense clusters with
ambiguous boundaries, making individual instance separation particularly difficult. In contrast, deep diffusion generative

models offer a fundamentally different learning paradigm. Through an iterative forward noising and reverse denoising pro-
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cess, these models can implicitly capture the underlying spatial and geometric constraints of nuclear structures without
requiring explicit shape priors. This capability makes them particularly promising for medical image segmentation tasks
where structural integrity and boundary delineation are paramount. Nevertheless, directly applying diffusion models to
nucleus segmentation faces two major challenges: the difficulty of incorporating discriminative priors to guide the genera=
tion process, and the high computational overhead associated with numerous denoising steps. To address these issues, this
paper proposes a novel dual-condition diffusion model that synergistically integrates discriminative segmentation and gen-
erative diffusion for high-precision pathological image nucleus segmentation. Method The proposed framework consists of
three collaboratively designed components. First, based on the denoising diffusion probabilistic model, the framework con-
structs a dual-condition diffusion network that reformulates the nucleus segmentation task as a conditional mask generation
problem. Unlike standard diffusion models that predict noise at each timestep, this network directly predicts refined seg-
mentation masks, enabling more efficient and stable training. Specifically, the network takes the initial coarse mask pro-
duced by the discriminative segmenter as input and iteratively refines it through a series of denoising steps. Second, to
address the limitation that diffusion models lack explicit spatial awareness, the model leverages attention mechanisms to
design spatial and semantic complementary priors. These priors capture both local texture information and global contextual
relationships of nuclear structures. The spatial prior focuses on edge and boundary information, while the semantic prior
encodes category-level consistency across the entire nucleus region. They are embedded into each time step of the diffusion
learning process, serving as conditional guidance that directs the diffusion process to focus on individual nucleus regions
rather than being distracted by background clutter or ambiguous boundaries. This design ensures that the generative refine-
ment remains grounded in‘meaningful anatomical constraints throughout all denoising steps. Third, recognizing the compu-
tational inefficiency of traditional diffusion models, the model introduces a random latent embedding strategy. Specifically,
Gaussian-sampled latent embeddings are injected into each layer of the diffusion refiner, enabling the model to learn
denoising mappings with larger step sizes. This sirategy significantly reduces both the number of training timesteps and the
number of sampling timesteps required during inference, achieving a favorable trade-off between segmentation accuracy
and computational efficiency without compromising generation quality. The three components are trained jointly in an end-
to-end manner, allowing the discriminative segmenter to provide high-quality spatial initializations and the diffusion refiner
to leverage complementary priors for structural optimization. Result Extensive experiments are conducted on publicly avail-
able multi-organ and multi-disease histopathology datasets, including breast, colon, kidney, lung, prostate, and stomach
tissues, all with pixel-level nucleus annotations. The proposed model is compared against a comprehensive set of state-of-
the-art methods, including approaches based on convolutional neural networks, Transformer-based architectures, and
recent diffusion-based segmentation models. Quantitative evaluation employs two widely accepted metrics: the Dice simi-
larity coefficient and the mean intersection over union. Experimental results consistently demonstrate that the proposed
model outperforms all existing data-driven and diffusion-based deep segmentation methods across multiple organs, outper-
forming the suboptimal model by 1. 03 percentage points and the latest model by 2. 17 percentage points in terms of mean
Intersection over Union. Consistent improvements are observed on all tested datasets, confirming the robustness and gener-
alizability of the approach across different tissue types. Ablation studies are conducted to systematically validate the contri-
bution of each core module. Removing the discriminative segmenter, the diffusion refiner, or the complementary prior
embedding each leads to noticeable performance degradation, confirming that all three components play essential and non-
redundant roles. Through coupling discriminative segmentation with generative learning, integrating discriminative initial-
ization, generative refinement, and spatial-semantic guidance, the model achieves a substantial improvement of 3. 68 per-
centage points in mean Intersection over Union on multi-organ image data compared to the baseline. These gains are both
statistically significant and practically meaningful for clinical applications. Qualitative results further illustrate that the
model produces segmentation masks with sharper boundaries, fewer isolated false positives, and better separation of touch-
ing and overlapping nuclei compared to competing methods. Conclusion This paper addresses the challenging problem of
segmenting complex overlapping and clustered nucleus structures in digital pathology images by proposing a dual-condition
diffusion model that integrates discriminative segmentation and generative diffusion in a complementary manner. The frame-

work introduces three key innovations: a dual-condition diffusion network formulating segmentation as conditional mask
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generation, spatial and semantic complementary priors embedded via attention mechanisms to guide the diffusion process,

and a random latent embedding strategy that reduces computational overhead. Extensive experimental results demonstrate

that the proposed method consistently outperforms existing state-of-the-art approaches. Ablation studies confirm the neces-

sity and synergy of the three core components. The model achieves a favorable balance between segmentation accuracy and

computational efficiency, making it suitable for potential clinical deployment. While the current work focuses on nucleus

segmentation, the proposed paradigm may also be applicable to other medical image segmentation tasks requiring precise

structural delineation under challenging conditions. Despite the promising results, the proposed method has one limitation.

The iterative denoising process incurs higher computational cost compared to single-stage discriminative methods. Future

work will focus on model compression techniques, such as knowledge distillation and pruning, as well as more efficient

sampling strategies to reduce inference time while maintaining segmentation accuracy.
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formulates the nucleus segmentation task as a DDPM conditional mask generation problem )
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REMER . AT MG I ke EUE 5 L
PEBE , AR SCHE 295 IR A8 R 2 28 B 8 4 TCGA 4
Y 4E F1 TCGA WST H 4 £ (Kumar 4, 2017 ; Kumar
45,2019) AT T8 . XM EURERSTRHZ
AN NRES B CUnFLAR I T8 AR ) 4 21 200 B 2 7]
18, T A X 26 RHR AR B AL T 15 3 i 40 A% 43 HU A
i, Ho Ak MR K/ INA 1000 x 1000, A8 R 1EAG
(= B A2 8 < 1: LW ER BRI 20 R DI R4 (56 0E
ERIIRAE o [FIRE 236 I FH T e e AR o A 25 T L AT 14
SEREEAR, LASESRAR I X 4] SO A AR AL S T
3.2 KHBAT

g T AE T A 5 U A A, A SO R AT
I 28 AI1E G0 — P AE 2R R IR fninliat . SoesR i sk
NVIDIA A100 GPU (40 GB W £ ) 0 Ik %5 #% A
PyTorch 1. 10. 015 . W% Il 2k &1 491 1% &k 250, 4t
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KNG E N 2, R Adam HRALES FEAT AL, 0462
AFN 1 X 107, IR G AR TRIR K ) R fR kAT
W2k JHEBAE 100 D UNZRIEAR FE ] Y2 2T
HATHAEF- 1 2 2 i/ ME 1 x 107, A, 72 5%

g, deDiff (4 BULBORCE N T = 4, JFR bR
HERI LR MR AR E R A, = 1.0 DL 38 SUIR 6 2
H Dice 512 o 50 273 B &S BRGNSk B Btk A7
T, DATE R BR LR AR B2 JRCRE 77 04 ) Ao B e b 3% 7
ALAESS -
3.3 SEHREER

A SCRE deDiff 55 A 8 58 3 A9 HUA: BUR BE
G3FI D7 R HEAT B ME LB, A0 45 BE T CNN | Snake R-
CNN (Song %, 2023) | £ T Transformer 1) MedT
(Valanarasu % ,2021) TransNuSeg (He 45 2023),
A K b 4 AR 30 2 MR ASE Y 1) 47 i€ - SegDiff (Amit
&, 2021) . MedSegDiff (Wu 55 , 2024) | GenSelfDiff-
HIS(Purma %5 ,2025) #l eDAL( Hejrati

85,2024) o HBRORAY- FOEL, BT A 7R B TEAR
I7i] 1) o S 0000 B RN RE R SEAT U RN Al LA
TH BRSNS R X PERE LL B R 2 .
3.3.1 EMAHr

WK 4 F1& 5 577, deDiff 78 24 28 B HIAS [A]

Je H AR % 1T deDiff FOE 3, g A
UMb P AT 2 e Y SRR A8 AT 240 B P 3 )
5 FLAE o B UG 22 NUBE | 2R A A 4 1 v 1
ZARRET . S RIR T TR S N AR RS
PR AS T ) 20 A% 43 51 O v O T A 43 B O vk
Pl 4 7R T %07 W FH TS R 25 B UG 0 T Ak 2
AL RS RS T A mT Ak 285 5, e e R TR R e 3
W deDiff 38 o A5 0 0l 2027 ) 5 A a2 o) A o
R A% e RE 25 o
3.3.2 S

TR T BRI S 40 THR S R
JE LT . 5% GE 0 25 MR IO SRAR A AH L
SegDiff 5 MedSegDiff H1 Tk AR #HUL 8, =
#i (parameters , Params ) B 58 T 130M , 2 F0 it 4
(frames per second, FPS) A J2 0. 02, X AR FH Tl PR
bR o deDiff 8 o FEALIETE i A D T 9 HOE L,
2R % & 40. 3M, FPS $2 7+ % 2. 2, [A] B mloU Ky
67. 4% AP T Z# . X UL deDiff il R KM
W RS TE DR FPRE BE R AT N W B R RS . 5
% 9% B8 Snake R-CNN HI [ Wi B 9 Hi s ml
GenSelfDiff-HIS FH Fb , £ SR 3% ) HHE 2L L 135

MedSegDiff
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z
)
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(b)  ARIZEALE B RIS L 7 B 45 0T

((a)Comparison of segmentation results of different architectures on prostate image ; (b) Comparison of segmentation results of different

architectures on stomach image )
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Fig. 4 Comparison of segmentation results of different architectures on two distinct organs
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GenSelfDiff-HIS [}

"\

(a) N[ ZH 7 il DR 290 038 P15 L 1) 23 45 SR e

2
=

Snake R-CNN
TransNuSeg
MedSegDiff

GenSelfDi

(b) N[ Ay 7 it g AR 1 7 B 45 2R 0 e

((a)Comparison of segmentation results of different architectures on lung squamous cell carcinoma image ; (b) Comparison of segmenta-
tion results of different architectures on lung adenocarcinoma image )
K5 AETHETER— 8 B AR BRI T B0 B SR 0T

Fig. 5 Comparison of segmentation results among different methods on the same organ across different disease states

B ABJEH mloU 73511 65. 4% F1165. 3%, Hif
H 22 BT A 0 A, J5 & AR I 25 o Bl
FHY 8, 23 BT S 0500 SAHE R . deDiff K 4 i i
b5 e A BB B, DA IE BE R T AR A

ZREK mloU $2 T4 T 2. 3%, 7243 EK5 B BUASAR
e, X R deDiff 7E A7 FE 5 R0CR Z ARG T B0
AT, DRI, deDiff 7 B8 2 R 43 BT 55 by 1l
ST PERE IR Z M B . 5 A RIREE YL

mloU 48Tt 2. 0%, Z544 53 FIRE ST Bk o oAb A T Iy BB AR HE , deDiff BB 9% B 35 2% if 1T B AR
R FH B RUBE % PR A REW 1) e DAL, deDiff AAHIT I RS
R 1 deDiff 5HAKRI 5 B BELLEL
Table 1 Performance comparison of dcDiff with other segmentation models
) SR I A B U ESZUAE IR
(Params) (FLOPs) (FPS) (mIoU)
Snake R—-CNN 1.4M 0.4G 30.3 65.4%
MedT 1.4M 10.6G 1.4 66.2%
TransNuSeg 17.8M 165.9G 30.8 65.2%
SegDiff 132.9M 823315.5G 0.01 65.0%
cDAL 39.8M 324.6G 4.4 65.1%
MedSegDiff 153.8M 289572.5G 0.02 66.2%
GenSelfDiff-HIS 31.3M 84.5G 23.1 65.3%
deDiff 40.3M 297.1G 2.2 67.4%

I RO PR IR R FISE R

R2MF 3L T WBINEE Z IS 2
o BRI LR E R PG AR . AT I IR Sy

F BRI  deDiff 7E Dice FHL 22 2 (Dice similarity coef-
ficient, Dice) F13F 34 32 3 ¢ (mean intersection over
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union, mloU) 845 I HUS T HE# A 4 FIPEBE .

W2 2w, deDiff FEZLIR (250 VB IE il /i8]
RN 4 E R bR L BUS T R E R A B e A
JHFHIE 43 o deDiff t B0 T 5T 5 4 I 0 2%
AR T LA 25 MR 4™ FSOME SR A, deDiff LA ) =X 4
FN R0 4R o> BIHE RSV N R A, FE T S A A%
875 ull ML 2 e & W1 VR i O 1] g S
MRS 1) Z A0 AR B RUBERAAE , 5k = S5 A 8%
deDiff ) Transformer # A #5% BR [7] i 42 (5 R 12 5
T SCEEAR S, (75 25 Mo R R 40 A A 11 o 3
TEAs o PR deDiff 7 il 5 45 2% B 5 2 40 i A% 4351
155 v M T B 1 e e 5O 725, Dice 4L
I35 SEER 0. 86% FI10. 68% M TEfAE 25 . XA 15
UE T A SO VR AE AR TR 2 B 08 B 5 41 M A o BT

55 W LA I AMURR O3 R B T BRI S | R A R

W2 3 FrR , deDiff 26 Fr A M 5 R ¥ IAs T
I AEEE A YA E ISR R IR S 5 U SR dis
A (SD) B |25 88 B 28 RUR [MEL B IR ZS A [R] (DS)
BF R 24 25 2R BRI IR S ERAS [ (DD) B . AH e
A ) 25 MY OB R AR Y | deDiff 75 AN ]

s E G RIS T wurbERe, b BT
deDiff 150 51 3 F A5 5 A B X iy 20 1 B AL
il , deDiff 7 5 B 28 B R 905 R S 5 U SRl 3 #8 A
[F] 1Y 53 #1375 5 T Dice AT FE 0. 40%, 2L T3
IR 25 M BN R AR . X ) BRAIE T OB A 4
ST AR SCHRE TR Y e TR AR SRR R
DR TR LR A TR

R2 AEAEESHEERGLHNEELRER, MHERT/\ANAERE MBS TG ISR
Table 2 Quantitative comparison results of different methods on multi—organ images, presenting metrics for test images of

eight different organs respectively

By 2

s B
s ) ST Y W G H

Dice mloU Dice mloU Dice mloU Dice mloU Dice mloU Dice mloU Dice mloU Dice mloU Dice mloU

@ ) @) @) @) 6 %) @) @) @ % %) @ @ % % @ @

Snake R-CNN  81.31 70.43 78.35 62.29 76.02 62.29 79.77 66.24 77.02 62.52 79.04 67.01 76.04 64.53 79.76 65.88 78.26 65.35
MedT 81.37 70.10 77.06 63.17 75.51 60.67 78.08 64.23 76.63 62.05 79.89 67.23 74.64 63.82 79.43 71.01 77.65 64.25
TransNuSeg 84.46 73.25 78.24 64.34 77.87 63.76 78.77 65.04 78.43 62.65 79.03 65.41 78.26 64.32 86.57 76.32 79.25 66.33
SegDiff 77.61 63.86 76.87 64.28 71.87 60.74 76.34 63.84 70.64 57.38 73.52 62.31 76.81 62.66 81.88 70.70 77.47 63.00
MedSegDiff 81.88 70.41 77.92 64.70 75.63 61.02 80.04 66.61 72.39 58.24 77.62 63.69 78.05 64.25 83.76 72.08 78.51 66.23

GenSelfDiff-HIS 82.28 70.13 77.81 63.73 78.09 64.58 79.26 65.73 77.07 63.15 80.16 67.41 79.82 66.50 85.87 75.25 77.96 65.25

cDAL 82.06 70.06 78.09 64.49 78.36 64.78 79.59 66.55 75.74 61.18 78.86 65.08 79.20 64.64 85.98 75.97 79.45 66.39
deDiff 82.98 71.11 78.61 64.84 79.11 65.44 80.21 67.03 77.22 62.98 81.02 68.15 80.37 67.24 86.67 76.48 80.45 67.42

RO PRI R ISR, A TR R 2R IS

3.4 HELSCIE
deDiff A 5 = A SCHEA 1 - 1) A5 K53 4% o5
2) Y B AL AR 2,5 3) Transformer #5354 i ik A A

FHE AR RE T s B BR T B ) A A e = W] 5 1)
23 [RS8, BT AR HEAS S5 B AN JE 5 2) B2 B Transformer #H
B I AR & SR BITEREA 22, B

W 5 8 A A5 A% deDiff 43 % B B Bk, HLAA
T RS 6500 8% o o O B O = SC BB, LA
WS S AR S DRI o T RSB 45
RUNF AR, Kb TR T IR R,
C TERIRORM AR . thEk 4 A DUR 2
W 1) B RS BRI A e sl 5 320 e 4 2
B RIVEREW] TR [, R DN O AR B i AR A O

O R IC AR A B 51, S 518 U B
AR 3 L A SR T AR SR SE AN R 53)

21 = AR Y m] I B, AR LR il | A
Ztn BBE AR B R TERE R T =R
PR . Sesnah R, o F 8 o
b8 5 Transformer 35 gt i ARLELS B XTI
HVERE AT 035 TTMR , 2 AR B[] £ 2 [a] Ot e
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Table 3 Quantitative comparison results of different
architectures on multi—disease images, respectively show-
ing the evaluation metrics of test images under three dis-

ease states

SD DS DD

Y Dice mloU Dice mloU Dice mloU
(%) (%) (%) (%) (%) (%)

=

Snake R-CNN  75.75 59.69 78.10 64.02 71.84 56.81

MedT 79.08 68.08 80.48 67.83 79.93 66.80
TransNuSeg 79.90 66.81 79.03 65.41 69.87 55.31
SegDiff 7091 55.03 76.87 63.44 77.64 66.75
MedSegDiff 71.11 55.44 77.62 63.69 79.18 67.45

GenSelfDiff-HIS  79.02 67.81 80.96 68.01 65.03 53.45
cDAL 77.11 68.87 80.85 67.97 7427 59.94
deDiff 80.12 68.22 81.02 68.15 80.62 67.80

E RO PR RN RS

x4 EIRGNB=ZATERELHEE L, T deDiff F1=
H B9 H 5K B E R o 3 B L 2548 4R 2, . Transformer
BEREBHRNER AR ITHERMLER
Table 4 Ablation study results of the discriminative seg-
menter modulep, diffusion refiner modulez,, and
Transformer—coupled encoding embedding module A pro-
posed in dcDiff on three different organ datasets: breast,

lung, and stomach

FLIR Jii H

Dice mloU Dice mloU Dice mloU
(%) (%) (%) (%) (%) (%)

72.58 57.33 79.35 65.58 84.46 73.73
76.77 64.20 74.53 63.01 82.88 71.22
77.84 63.86 79.95 66.04 85.64 75.63
78.61 64.84 81.02 68.15 86.67 76.48

I RO PR R N RS R, TFRNE Tz,
TR AR ARG

T deDiff i BE

ARSCEE X 7 BSR4 M A% 0 F S B
VL 45 K A LK o 23 0 ) (], 2 18 T —Fh Rl

5] 2K o3 ) 5 AR T O R A% R R A
deDiff, FEADRGA RN :

g8 T 3T DDPM (9 WUE 45 (49 BB A | i
FON K B2 5B s T g . o, )
AT HIAS 5L T U Y ) 25 R A i B 22 RUBE 36 BRI
Az BURDRE 73 IR , S4Bl B AR s () S 06 5 7k
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JIE IR BE R 38 8 25 (8] 518 AN S A
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A Bl e T AL 58 7 s vhvas Ta] 538 R B &2k
[F]

3R T BEMLIGFEHR ARG o IZ R WA TR AR
1 = W o3 A I BEAL IS TR A A B A 0 B —
2 AR RR A 2% ) TP T By BRI, TR DR R4
EIHS B 1 [) s A ik /D> T 75 s (R 25850, B 5 4R T T
IR I 25 S5 AR

4) R 7 AR A AR A3 FAE 5 L O i 2 i
B ABAAEAE — SR PR AE . 2 4148 B FIAS [R5 AR
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XA I AR A LI OL T A B IR Sl A A
PR AT IR SR, deDiff i 250 fili 4 2
ZR AR TR g CNN SR /57, 3X =22 R
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R AR 2R R 53 A

25 b, 7R SCHR Y OBUEE 25 R BSOS B o A
FURN A E 5 A Y B BEAME S FE R R E S
S A S5 R 1 43 BT 55 LIS T BUFRICR , Sk
JE AR REAZ o BB AL TR AR T 26 o AR AR A
TR GG R 45 S e RORAE R 45 7 Il it — DR R,
PAHESINZ I AT R S i S BRI -

2 % 3Lk (References)

Amit T, Shaharbany T, Nachmani E and Wolf L. Segdiff: Image seg-
mentation with diffusion probabilistic models [EB/OL]. [2021-
12-01].

11

© h[E KR KL AR



12

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

https://arxiv.org/pdf/2112.00390.pdf

Benny Y and Wolf L. 2022. Dynamic dual-output diffusion model//Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition. New Orleans IEEE: 11482-11491. [DOI: 10.
1109/CVPR52688.2022.01119 ]

Cao H, Wang Y, Chen J, Jiang D, Zhang X, Tian Q, et al. 2022. Swin-
unet: Unet-like pure transformer for medical image segmentation//
European conference on computer vision. Cham: Springer Nature
Switzerland : 205-218.[ DOI: 10.1007/978-3-031-25066-8_9]

Ciresan D C, Giusti A, Gambardella L M and Schmidhuber J. 2013.
Mitosis detection in breast cancer histology images with deep neural
networks//International conference on medical image computing
and computer-assisted intervention. Berlin, Heidelberg: Springer
Berlin Heidelberg: 411-418. [DOI: 10.1007/978-3-642-40763-
5_51]

Croitoru F A, Hondru V, Ionescu R T and Shah M. 2023. Diffusion mod-
els in vision: A survey. IEEE transactions on pattern analysis and
machine intelligence, 45 (9) : 10850-10869. [DOI: 10.1109/
TPAMI.2023.3261988

He Z, Unberath M, Ke J and Shen Y. 2023. Transnuseg: A lightweight
multi-task transformer for nuelei segmentation//International Con-
ference on Medical Image Computing and Computer-Assisted Inter-
vention. Cham: Springer Nature Switzerland, : 206-215.[ DOI: 10.
1007/978-3-031-43901-8_20]

Hejrati B, Banerjee S, Glide-Hurst C and Dong M. 2024. Conditional
diffusion model with spatial attention and latent embedding for
medical image segmentation//International Conference on Medical
Image Computing and Computer-Assisted Intervention. Cham:
Springer Nature Switzerland: 202-212.[DOI: 10.1007/978-3-031-
72114-4_20]

Ho J, Jain A and Abbeel P. Denoising diffusion probabilistic models.
2020. Advances in neural information processing systems, 33:
6840-6851.[ DOI; 10.48550/arXiv.2006.11239 ]

Kazerouni A, Aghdam E K, Heidari M, Azad R, Fayyaz M, Hacihalilo-
glu I, et al. 2023. Diffusion models in medical imaging: A compre-
hensive survey. Medical image analysis, 88: 102846.[DOI: 10.
1016/j.media.2023.102846 |

Kumar N, Verma R, Sharma S, Bhargava S, Vahadane A and Sethi A.
2017. A dataset and a technique for generalized nuclear segmenta-
tion for computational pathology. IEEE transactions on medical
imaging, 36(7): 1550-1560.[ DOI: 10.1109/TM1.2017.2677499 |

Kumar N, Verma R, Anand D, Zhou Y, Onder O P, Tsougenis E, et
al. 2019. A multi-organ nucleus segmentation challenge. IEEE
transactions on medical imaging, 39 (5) : 1380-1391.[DOI: 10.
1109/TM1.2019.2947628 ]

Purma V, Srinath S, Srirangarajan S, Kakkar A and Prathosh A P.
2025. GenselfDiff-HIS: generative self-supervision using diffusion
for histopathological image segmentation. IEEE Transactions on

Medical Tmaging, 44 (2) : 618-631. [DOI: 10.1109/TML 2024.

3453492 ]

Qiu Z, Pan Y, Wei J, Wu D, Xia Y and Shen D. 2021. Predicting
symptoms from multiphasic MRI via multi-instance attention learn-
ing for hepatocellular carcinoma grading/International Conference
on Medical Image Computing and Computer-Assisted Intervention.
Cham: Springer International Publishing: 439-448.[ DOI: 10.1007/
978-3-030-87240-3_42]

Rombach R, Blattmann A, Lorenz D, Esser P and Ommer B. 2022.
High-resolution image synthesis with latent diffusion models//Pro-
ceedings of the IEEE/CVF conference on computer vision and pat-
tern recognition: 10684-10695.[DOI: 10.1109/CVPR52688.2022.
01042]

Ronneberger O, Fischer P and Brox T. 2015. U-net: Convolutional net-
works for biomedical image segmentation//International Conference
on Medical image computing and computer-assisted intervention.
Cham: Springer international Publishing: 234-241.[ DOI: 10.1007/
978-3-319-24574-4_28 |

Shi J, Wang T T, Zhu Z Q, Zhao M F, Wang B X and An H. 2025.
Deep learning-based medical image segmentation methods. Journal
of Image and Graphics,30(6):2161-2186 (f1%, £ K[E, £T
B, BB, FARR, 0T . 2025, FEFUREE S 2] 1 B AF Ry
Frkerdk P EEREIER, 3006): 2161-2186) [DOL: 10.
11834/jig.240467]

Song J, Cai Z, Song Y, Lian Z and Xiao L. 2023. Learnable Snake R-
CNN for Instance-Level Biomedical Image Segmentation//2023
IEEE International Conference on Image Processing (ICIP). IEEE :
2920-2924.[ DOI: 10.1109/1C1P49359.2023.10222722 |

Song J, Meng C and Ermon S: 2020. Denoising diffusion implicit models
[EB/OL].[2020-10-06].
https://arxiv.org/pdf/2010.02502.pdf

Valanarasu J M J, Oza P, Hacihaliloglu I and Patel V M. 2021. Medical
transformer: Gated axial-attention for medical image segmentation//
International ~conference on medical image computing and
computer-assisted intervention. Cham: Springer International Pub-
lishing: 36-46.[ DOI: 10.1007/978-3-030-87193-2_4]

Wang H, Zhu Y, Green B, Adam H, Yuille A and Chen L C. 2020.
Axial-deeplab: Stand-alone axial-attention for panoptic segmenta-
tion//European conference on computer vision. Cham: Springer
International Publishing: 108-126. [DOI: 10.1007/978-3-030-
58548-8_7]

Wu J, Fu R, Fang H, Zhang Y, Yang Y, Xiong H, et al. 2024. Med-
segdiff: Medical image segmentation with diffusion probabilistic
model//Medical imaging with deep learning. PMLR: 1623-1639.
[DOI: 10.48550/arXiv.2211.00611 |

Zeng H, Shan X, Feng Y and Wen Y. 2023. Msaanet: Multi-scale axial
attention network for medical image segmentation//2023 TEEE Inter-
national Conference on Multimedia and Expo (ICME). IEEE:
2291-2296.[ DOI: 10.1109/ICME55011.2023.00391

Zhang W, Lian J and Dong B. 2024. Multi-Scale Position-Aware Cell

© h[E KR KL AR



13
FEF, RE, TRR
WE S BUR B ) 7 22 1 4B B A% 53 &

Nucleus Mask Attention for Tumor Budding Detection [ C /2024 applications in medical image segmentation: a review. Journal of
IEEE International Conference on Multimedia and Expo (ICME). Image and Graphics, 26(9) : 2058-2077 (Ji ¥, &EHEWN , & &
IEEE: 1-6.[DOI: 10.1109/ICME57554.2024.10688170] S, XU, HHORAL. 20210 U-Net 4% B2 25 G 53 BB 453& . oh

Zhang X F, Zhang S, Zhang D H and Liu R. 2023. Group attention [ B 4 B 24 4, 26 (9) : 2058-2077) [DOL: 10.11834/jig.
based medical image segmentation model. Journal of Image and 200704 ]

Graphics, 28(10) : 3231-3242 (k06 , 5Kk, TR AME, X %y .
2023. BIA ST 7 0 B 2 G A TR vl ] 1B 2 JR1 T 27 e/
2, 28(10): 3231-3242) [ DOT: 10.11834/jig.220748 | . e . . .
e EAET BRI E BRSO 16 B (R
Zhao Y, Liu H, Yan J, Tian Y and Han X. 2025. Hypergraph Self- . N .
P OIRPEE] . E-mail: 1048685115@qq.com
R R T RUBCE, S0 BRI )
Images//2025 IEEE International Conference on Multimedia and * ﬁ'fn’f/;%‘ P RIBEE, LRI 1o IR BESE ) L)
T o .
Expo (ICME). IEEE: 1-6, [DOI: 10.1109/ICME59968.2025. BRI . E-mail: j.song0041@gmail.com
1209597 SR N PGy DN Pl YIS R e
Zhou T, Dong Y L, Huo B Q. Liu S and Ma Z J. 2021. U-Net and its Bl ] GHRHLISE . E-mail: wangel@njupt.edu.cn

Supervised Learning for Survival Prediction on Whole Slide

© h[E KR KL AR



