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A nice property of the above process is that we can sample x; at any arbitrary time step tin a

closed form using reparameterization trick. Leta; = 1 — 8; and @; = H2=1 Q;:
Diffusion models: X0 X %o . Xt = VX 1+ V1 —are ;where €;_1,€; 3, ~ N(0,I)
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Fig. 2. The Markov chain of forward (reverse) diffusion process of generating a & - .
sample by slowly adding (removing) noise. (Image source: Ho et al. 2020 with a == vt X; + _t'l X E af‘l - By
few additional annotations) B 1—ai 1-ay
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class DDIMSampler:
@rorch.no_grad()

sample(S):

£ S fw DDIM A L%

samples, intermediates = ddim_sampling(S)
return samples, intermediates

@torch.no_grad()

ddim_sampling(S):

img = torch.randn((B, C, H, W))

intermediates - |[]

for step in [S - 1, ..., @]:
img, pred_x@ = p_sample_ddim(img, step) # DDIM & H il #
intermediates . append(pred_x0) & H o

return img, intermediates

@torch.no_grad()

p_sample_ddim(x, t):

sigma_t, a_t, a_prev = make_ddim_sampling_parameters(eta=0.8) # £ o, 01 iy
o_t = UNet(x, t) # MAHERN o (n)

" -,{l_:'-‘.:"_’_x::n

pred_x® = (x - sqrt_one_minus_at » e_t) / a_t.sqrt() # -
dir_xt = (1. - a_prev - sigma_t+=2).sqrt() » e_t # /1 —a,—of -« (=)
noise = sigma_t « noise_like(x.shape) # o,

ve—VT=myey led )
¥ Feai= m(ﬂr’—) . ‘f] T ] —W?vI. (de) 4+ ey
x_prev » a_prev.sqrt() « pred_x@ » dir_xt + noise
return x_prev, pred_x0

make_ddim_sampling_parameters(eta=0.0):

R my{n)= '7\/(1 =iy ) I =ar )\ = o Jon,
sigmas = eta « sqrt((1 - alphas_prev) / (1 - alphas) = (1 - alphas / j:’-es srov)).
=

i e 2 sk s
return sigmas, alphas, alphas_prev Sl 2 —@ i‘l‘Eﬂ Vi e

S
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S (xta ) vXt log q(xt) — q(xn) [Vth(thxo) q(xo)[ \/ﬁ m
— — ¢

Vi log q(x:,y) = Vx, logq(x¢) + Vx,log q(y|x:)
1
—Feo(xt, ) + Vi, log f(yix:) Eo(xs,t) = €p(@s,t) — V1 — @y wVy, log fa(ylx:)

1——0:

I

et

— —1— Gg(xt,t) vV1-— vax, log f¢ y|xt))

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (pg(x;), So (), clafel-
fier f,(y|x¢), and gradient scale s.

Input: class label y, gradient scale s
z7 4 sample from A(0, 1)
for all ¢ from 7" to 1 do
1y 5 pg(ze), Eo(z:)
x¢1 + sample from N (u + sX V,, log f4 (y|z:), X)
end for
return rg

Algorithm 2 Classifier guided DDIM sampling, given a diffusion model €4 (z; ), classifier fu(y|z),
and gradient scale s.

Input: class label y, gradient scale s
zp 4 sample from N(0,I)
for all ¢ from 7" to 1 do
€ + eg(xt) — /1 —ay Vi, log fu (ylae)

Ti1 /O (—?)4- —

end for
return g
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Troubles in Current Diffusion Model:
1. Generate those images lying in the high-density region with high pr

2. Those who wanna generate low-density images will

(1) Low density

(a) Real (b) BigGAN-deep (c) DDPM (d) DDPM (Ours)
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H(x,y) = 5 [(F(0) = 1) T, (£(%) — 1)

+ In(det(S,)) + k h1(27r)]

b2 =

(3)

exp(H (x;,y;)/7
L‘ll i i I )
a1 (Xi. yi) = log [ZJ exp(H(x;, J)/T):|

L, (x;) = —1 exp(H' (xi,1)/7) 6
g2 (Xi) <& [ijo exp(H'(x;,7)/7) ()

Xp—1 = pg(X¢, 1 )+2”2( 1)z
+020(x,,t)V'Lgl(xt,y) (7)
+ B3g(x4, 1) V' Ly, (x4)
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Algorithm 1: Sampling from low-density regions.

Input : Class label (y).a. 3
Function : Normalize (u) : return u/||ul|
X1 ~ N(0~I)
fori < T'to1do
if / > | then
| z~N(0,I),s 1
else
| 2z 0.8+0

end

u; = a Xg(x¢,t) Normalize (VLg, (x¢,y))
us = 384(x¢, t) Normalize (VLg, (x¢))
X1 = po(Xe.t) + By (xp, t) 2+ 5(u; + 1)

end
return xg
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Figure 7. Comparing neighborhood density. We measure the density in the neighborhood of a given set of instances using three different
metrics. All three metrics share a common trend: while baseline sampling generates synthetic samples that have similar density distribution
as real data, our sampling process generates samples from low density neighborhoods with higher probability.

Score-range 200 — 240 240 — 280 280 — 320

Baseline 1.99 .74 16.79
Ours 1.88 (x1.1y  2.03 (x28) 2.78 (x6.0)
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Figure 17. Comparing neighborhood density across different choices of feature extractors. We use two additional feature extractors,

namely Inception-v3 and VGG 19.
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Figure 11. Is NLL an effective measure of neighborhood den-

sity? We compare the negative log-likelihood (NLL) estimates sed 8T
from the diffusion model with other commonly used metrics to o g
measure data density. We find that NLL is poorly correlated with §
both of these metrics. Since NLL is computationally expensive % ol
to calculate for each image, we use 2K random images from the = =2
validation set of the ImageNet dataset for this analysis. 811
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(a) Water tower (b) Academic robe (c) Tiger beetle

Figure 5. Comparing samples from proposed and baseline sampling process. We compare synthetic images from our proposed
sampling approach (top) with the baseline sampling process (bottom) on the ImageNet dataset. We use identical random seed for both
stochastic sampling processes. Therefore, generation of each pair of images among the two approaches starts from the identical latent
vectors and the only difference is the additional guidance terms in our approach.
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