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The cost of training DMs

■ COMPUTATIONAL COST

⋆ Stable Diffusion: ≈ 150,000 A100 GPU hours

⋆ DALL-E: 150,000 ∼ 200,000 A100 GPU hours

⋆ Open-Sora: ≈ 28,000 H100 GPU hours
data source: Wikipedia and guess

■ DATA COST



Generalization

Concept composition

image source: arXiv:2004.06030



Unseen environment

Compositional generation

image source: arXiv:2206.01714



Combination of DMs

diffusion
model

imageimage
sampletrain

...
...

diffusion
model

imageimage
sampletrain

x0 ∼ p1(·), . . . , pK(·)

How do we combine several pretrained DMs?
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Energy-based model

Energy function: Eθ(x): Rd → R w/ parameter θ

Energy-based model: pθ(x) ∝ e−Eθ(x)

■ LANGEVIN DYNAMICS

xt = xt−1 − η ∇xEθ(xt−1)︸ ︷︷ ︸
score-like function

+
√
2η ϵt where ϵt ∼ N (0, I)

As t → ∞, dynamics converge to samples xt ∼ pθ(·)

How to Train Your Energy-Based Models: arXiv:2101.03288



Energy model composition: conjunction

K energy-based models: pk(x) ∝ e−Ek(x) for k = 1, . . . ,K

image source: arXiv:2004.06030

■ COMPOSED MODEL

pcompose(x) ∝ p1(x)p2(x) . . . pK(x) ∝ e−
∑K

k=1 E
k(x)

=⇒ xt = xt−1 − η

K∑
k=1

∇xE
k(xt−1) +

√
2η ϵt where ϵt ∼ N (0, I)



Energy model composition: disjunction

K energy-based models: pk(x) ∝ e−Ek(x) for k = 1, . . . ,K

normalization constants are approximately equal

image source: arXiv:2004.06030
■ COMPOSED MODEL

pcompose(x) ∝
K∑

k=1

pk(x) ∝ elog
∑K

k=1 e
−Ek(x)

=⇒ xt = xt−1 + η∇xlog

K∑
k=1

e−Ek(x) +
√
2η ϵt where ϵt ∼ N (0, I)



Energy model composition: negation

K energy-based models: pk(x) ∝ e−Ek(x) for k = 1, . . . ,K

image source: arXiv:2004.06030

■ COMPOSED MODEL

pcompose(x) ∝ p1(x)

p2(x)
∝ e−E1(x)+E2(x)

=⇒ xt = xt−1 − η∇x

(
E1(xt−1)− E2(xt−1)

)
+

√
2η ϵt where ϵt ∼ N (0, I)



Generalization of CelebA dataset

Concept conjunction, disjunction, and negation

image source: arXiv:2004.06030
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Diffusion model

xtxt−1x0 xT

q(xt |xt−1)

p(xt−1 |xt)

data point x0 – image, trajectory, video, protein

■ ANALOGUE W/ VAE

⋆ input and latent
x = x0 and z1:T = x1:T

⋆ noiser (encoder)
q(x1:T |x0) = q(x1 |x0)q(x2 |x1) . . . q(xT |xT−1)

⋆ denoiser (decoder)
p(x0 |x1:T ) = p(xT )p(xT−1 |xT ) . . . p(x0 |x1)



■ GROUND-TRUTH DENOISER

q(xt−1 |xt, x0) = N (xt−1;µq(xt, x0), σ
2(t)I)

q(xt |xt−1) = N (xt;
√
αtxt−1, (1− αt)I)

µq(xt, x0) =
1√
αt
xt +

1−αt√
αt

∇ log p(xt) – score-based mean

σ2
q (t) =

(1−αt)(1−ᾱt−1)
1−ᾱt

– variance

■ APPROXIMATE DENOISER

pθ(xt−1 |xt) = N
(
xt−1;µθ(xt, t), σ

2(t)I
)

where µθ(xt, t) =
1√
αt

xt+
1− αt√

αt
sθ(xt, t)

■ MEAN SQUARE MINIMIZATION

minimize
θ

DKL(q(xt−1 |xt, x0) ∥ pθ(xt−1 |xt)) ⇔ minimize
θ

∥∇ log p(xt)− sθ(xt, t)∥2

Pretrained model ppre
t (xt−1 | xt) = pθ⋆(xt−1 | xt)



Diffusion model as energy-based model

Generative process of diffusion model: xt−1 =
1√
αt
xt +

1−αt√
αt

sθ⋆(xt, t) + σ(t)ϵt

Optimal score function: sθ⋆(xt, t) = ∇ log p(xt)

■ ENERGY-BASED DISTRIBUTION

p(x) ∝ e−E(x) =⇒ ∇ log p(x) = −∇xE(x)

⋆ Langevin dynamics

xt−1 =
1√
αt

xt −
1− αt√

αt
∇xE(xt) + σ(t)ϵt

Score function as negative gradient of energy funciton



Diffusion model composition: conjunction

K diffusion models: xt−1 =
1√
αt
xt +

1−αt√
αt

∇ log pk(xt) + σ(t)ϵt for k = 1, . . . ,K

■ DISTRIBUTION CONJUNCTION

pcompose(x) ∝
K∏

k=1

pk(x) =⇒ ∇ log pcompose(x) =

K∑
k=1

∇ log pk(x)

⋆ composed generative process

xt−1 =
1√
αt

xt +
1− αt√

αt

K∑
k=1

∇ log pk(xt) + σ(t)ϵt

Conjunction via adding up score functions



Diffusion model composition: negation

K diffusion models: xt−1 =
1√
αt
xt +

1−αt√
αt

∇ log pk(xt) + σ(t)ϵt for k = 1, . . . ,K

■ DISTRIBUTION NEGATION

pcompose(x) ∝ p1(x)

p2(x)
=⇒ ∇ log pcompose(x) = ∇ log p1(x)−∇ log p2(x)

⋆ composed generative process

xt−1 =
1√
αt

xt +
1− αt√

αt

(
∇ log p1(xt)−∇ log p2(xt)

)
+ σ(t)ϵt

Negation via subtracting a score function



Controlled generation

image source: arXiv:2206.01714



Diffusion model composition: disjunction

K diffusion models: xt−1 =
1√
αt
xt +

1−αt√
αt

∇ log pk(xt) + σ(t)ϵt for k = 1, . . . ,K

■ DISTRIBUTION CONJUNCTION

pcompose(x) ∝
K∑

k=1

pk(x) =⇒ ∇ log pcompose(x) ̸=
K∑

k=1

∇ log pk(x)

⋆ nomarlization constant matters

∇ log pcompose(x) = ∇ log

K∑
k=1

1

Zk
pk(x)

Disjunction needs mixture weights



Summary

■ MOTIVATION

Training cost, generalization

■ EXAMPLES

Energy-based model composition: conjunction, negation, disjunction

■ DIFFUSION MODEL COMPOSITION

Arithmetic operations for conjunction and negation, but disjunction


