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Algorithm 1 Training algorithm for cDAL

Definitions:
xg¢: Diffusion Model (generator), D: Discriminator, zo: GT-Label, I: Image, T: Num-
ber of time steps, Ap: Attention Map
for batch of (I, z0) in Dataset do
Sample € ~ N(0,1), 2 ~ N(0,1)
Bmin = 017 Bmax = 20, 615 =1 e_ﬁmin(%)_%(ﬁmax—ﬁmm)%
oy = 1 7ﬁt7 ap = Hi:l s
t ~ Uniform({1,2,...,T}); ¢+ = q(zo,t,¢€)
Take gradient step on D(w¢, x1—1,t) where, z1—1 = q(xo,t — 1,¢€) & x¢ frozen
Zo = xo(we,t, 2, 1)
Take gradient step on D(z¢, £:—1,t) where, £:—1 = q(Zo,t — 1,€) & x¢ frozen
Ap = (L1 F)/C
178“ =x00® Ap
Take gradient step Val||zo — ze(zf,t, 2, I)||%; 28" = q(x§,t,¢) & D frozen
end for

Algorithm 2 Sampling/Inference algorithm for ¢cDAL

Input 7: number of timestemps, I: Images
T ~ N(O, H)
fort < T to 1l do
Bmin = 017 Bmax = 207 Bt =1- e*Bmin(%)*%(Bmax*ﬂmin)2;51
Q= 1- 6157 ap = HZ:O Us, Bt = 1;fgzlﬁt
To1 = mgl:&i“l)xt + ¥ lai;ﬁt zg(z¢,t, 2, 1), where z ~ N(0,1)
end for

return zo

* Equal contribution
** Corresponding author



2 B. Hejrati, S. Banerjee et. al.

Fig. 1: Visualization of the Image, ground-truth (GT) and predictions with dif-
ferent models for MoNuSeg dataset, where the zoomed figures demonstrate the
mispredictions of SegDiff, cDAL without the attention map Ap and cDAL with-
out the random latent z.

Fig. 2: Visualization of the Image, ground-truth (GT) and predictions with dif-
ferent models for the CXR dataset, where the zoomed figures demonstrate the
mispredictions with other models.

Fig. 3: Visualization of the Image, ground-truth (GT) and predictions with dif-
ferent models for Hippocampus dataset, where the zoomed figures demonstrate
the mispredictions with other models.



