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I Diffusion for Segmmentadion

B Why diffusion is suitable for segmentation

» Shape Structure Emerges through Reverse Diffusion =>» Acting on Feature Space (Intermediate convolutional features)
» Semantic Boundaries Form without Explicit Supervision=>»Acting on Image Space (Pixel-level edge)

» Noise-Induced Diversity Enhances Category Separation =»Acting on Latent Space (Latent after encoder compression)

(b) Counter-diffusion process at the tissue level
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I Aelvanizges of Laplace Distrovilon

B Why laplace distribution is suitable for segmentation

£ A il ﬂﬂ i h ﬁ T T T » The sharpness of the Laplace prior promotes clearer
£ p ﬁ ﬁ i Inter-class separation in pixel-wise prediction tasks.
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Figure 1. A comparative analysis of latent feature distributions Figure 2. lllustration of Laplace and Gaussian distributions. The purple curve
between standard diffusion (a) and L-Diffusion (b). The latent feature represents the Laplace distribution with means of —1 and 1, respectively, and a
distributions for individual components across various diffusion steps scale parameter of 0.25, while the pink curve depicts the Gaussian distribution with
are denoted by violin plots in green, yellow, and cyan color. means of —1 and 1 and a variance of 0.5.
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I Derivation of Laplace Dififusion
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B How to get distribution from counter-diffusion

q(Zi_1|zy) = e R (T (1) q(X.1 | X represents the probability
o q(xe) . .

ooy = QBT aGle) p Coibution of fhe image & e
R 4(@¢|o) previous moment when the noisy

(ze|F1-1, o) - q(Fe—1]x0) Image at the current moment is known.

@(Fe—1|ze, 20) = L

q(z+|zo)
= — i (‘Tt - \/mi‘t—ll + |:Et_1 B mﬂfﬂ‘ - ‘IE . mxol) . (3) Th d b f h I
n=1 \/m \/1 — (j-('n.,!—'lj m ° I e TR to t o

parameter of the Laplace distribution,

while the blue box refers to the mean

N - - - -
- |It - \r‘o-" mn,t J:L—ll |ml—1 BERY O t—1 *Tl'l| “Tf R Y Qg t H:Dl
q(T—1|xy, 20) = — E ( Y + (nt—1) — (n.t) 1
n=1

n— \/ ﬁ{n,t) \/1 - ﬁ'(n,t—lj \/ I - (_l'(n,t)
o i (ﬂft — /O(n)Tt-1 . Ti—1 = /Ame-nTo Tt = mrn) value of the Laplace distribution. The
vt VBt VAR TUTY GO data distribution for category n can be
N
[Enb) 1 ; btained after transformati
_ _ n i 2@zl obtained after transformation
n.g (( ﬁ(n,t) v 1- an,t—l ) - ( ? D) ) (4)

Weihan Li, Linyun Zhou, Zunlei Feng*, et al. L-Diffusion: Laplace Diffusion for Efficient Pathology Image Segmentation, ICML, 2025



I Impact of Different Mecdules

B How to introduce supervised signals for Training

» Keep the error between the generated image and the original
image low.

» Using contrastive learning, the same class is a positive sample,
and different classes are negative samples.
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Cepzioilities of L-Diffusion

H Performance of L-Diffusion at the tissue and cell level

» L-Diffusion demonstrates strong performance in multi-category segmentation tasks
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Table 1. Quantitative tissue segmentation performance (%) comparison. Bold and underling indicate the best and second-best performance.

MODEL CRCD \ PUMA BCSS

DICE MPA wmloU leoU[ DICE MPA wmIoU FwioU| DICE MPA wMlIoU FwloU
FASTFCN 4523 44.68 46.11 76.20 | 48.77 45.09 50.72 67.60| 45.41 51.53 46.78 71.96
U-NET++ 73.02 51.12 66.18 79.11| 78.07 53.46 66.51 82.26| 76.04 53.31 61.23 7491
SWIN-UNET 70.08 52.22 63.27 84.11| 69.46 52.39 5540 80.42| 66.24 5285 61.54 84.32
SAMUS 63.94 62.45 55.82 77.93| 61.24 61.29 53.92 8291 | 62.68 39.26 53.34 79.58
SAMED 70.63 50.38 58.38 7B8.08 | 62.56 57.39 64.48 70.74| 67.51 51.71 56.48 75.79
SAMPATH 77.54 66.70 63.65 86.28 | 84.95 57.79 66.30 83.92| 78.10 62.83 67.44 87.12
UN-SAM 75.69 66.30 62.71 83.57| 80.49 56.63 65.19 B85.73| 80.89 65.80 70.44 85.38
DEEPLABV3 73.12 58.49 49.18 82.26| 73.36 53.00 53.51 81.43| 67.75 52.76 57.83 87.62
DEeEepLABV3+ 77.04 58.14 52.80 81.88 | 80.85 58.41 48.01 88.55| 86.31 56.53 50.19 84.30
DENSEASPP  76.18 67.39 60.50 77.71| 76.24 60.02 59.33 72.77| 70.88 64.53 54.68 81.35
BoNUS 75.22 71.69 64.59 80.30| 72.13 60.64 68.77 83.14| 75.07 70.19 60.31 86.73
L-DirrusioNn  82.38 80.19 80.17 86.47 | 92.11 88.03 81.62 91.77 | 89.24 82.33 83.49 91.17
Improvement +4.84 +12.80 +16.52 +0.19 | +7.16 +26.74 +1511 +3.22 | +2.93 +17.80 +16.05 +3.55

Table 2. Quantitative evaluation of cellular segmentation performance

(%). Metric calculations are only performed on foreground cells.

MODEL CRCD \ PUMA PANNUKE

DICE MPA wmloU leoU[ DICE MPA wmIoU FwioU| DICE MPA wMlIoU FwloU
FASTFCN 43.04 60.25 32.86 73.41| 39.03 62.87 31.28 74.15| 44.51 68.73 30.58 66.52
U-NET++ 73.73 82.17 30.06 65.93| 74.02 7534 34.68 75.17| 36.88 81.96 2589 71.09
SWIN-UNET 46.70 27.70 31.54 86.12| 40.05 29.89 30.94 80.47| 47.08 3294 75.76 79.71
SAMUS 34.53 75.50 37.72 75.34| 3226 77.10 37.52 72.04| 30.11 70.17 37.27 68.66
SAMED 70.85 61.21 3493 69.66 | 66.88 64.57 31.93 73.02| 72.60 61.33 26.59 67.95
SAMPATH 79.02 87.97 82.03 81.23| 81.62 80.79 74.50 80.68| 72.33 82.79 38.08 80.46
UN-SAM 78.53 85.27 81.79 80.36| 79.57 74.99 68.81 79.12| 70.48 80.77 75.42 84.57
DEEPLABV3 54.65 52.12 52.54 84.93| 56.19 55.55 45.07 81.83| 53.98 60.82 52.45 82.93
DEEPLABV3+ 63.43 59.01 71.66 79.38 | 65.99 5592 75.00 82.59| 71.46 55.17 72.41 87.30
DENSEASPP  37.35 48.09 51.09 84.41| 3890 52.33 51.47 81.66| 81.00 5495 4546 77.54
BoNuUS 75.33 68.67 60.42 79.84| 78.44 7549 64.53 82.14| 80.33 60.58 69.22 85.97
L-DirrusioNn  96.11 94.94 92.62 95.34 | 88.57 90.38 86.19 83.13 | 94.78 93.46 90.18 92.18
Improvement +20.09 +6.97 +10.59 +10.41 +6.95 +9.359 +11.19 +0.54 | +13.78 +10.67 +14.42 +4.88
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Thanks for watching!
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