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Background

–

Overview Composition of probability distributions: “Compositional Sculpting” operations

Composition of iterative processes: sampling via mixtures and classifier guidance 

Ω

Classifier training

Experiments: GFlowNets

Experiments: Diffusion models

SEH low high

SA low high low high

QED low high low high low high low high

pSEH 0 0 0 0 62 9 24 5
pSA 0 0 73 4 0 0 18 5
pQED 0 40 0 26 0 21 0 13
(a) y={SEH, SA} 1 0 16 2 6 3 54 18
(b) y={SEH, QED} 0 11 0 4 1 48 4 32
(c) y={SA, QED} 0 15 1 42 0 8 2 32
(d) y={SEH, SA, QED} 0 7 2 11 2 19 10 49
(e) y={SEH, SEH, SEH} 0 0 0 0 63 9 24 4

(f) y={SA, SA, SA} 0 0 74 5 0 0 17 4

(g) y={QED, QED, QED} 0 40 0 23 0 23 0 14
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Focus: composition of pre-trained generative models (Diffusion & GFlowNets) 

Motivation 

• Large-scale general-purpose pre-training is becoming ubiquitous


• Need to re-use and combine pre-trained models 

• Need tools for control of sampling distribution


• Applications in multi-objective generation tasks

Contributions 

• New method for composing  
diffusion models or GFlowNets


• Operations on probability distributions

Binary: “Harmonic Mean” and “Contrast”

Generalized: N-ary, parameterized, chained


• Controllable compositions through inference: 
base models  (prior, observations)  posterior 

• Tractable sampling from compositions using 
classifier guidance on mixtures of base models


→ →

GitHub

Models Composition Operations Sampling Algorithm

Energy-based models (EBMs)

pi(x) ~ exp(*Ei(x; ✓))

Principle: energy-function arithmetic

Product: 1
Z

p1(x) p2(x) Negation: 1
Z

p1(x)�
p2(x)

��
MCMC

Langevin dynamics

Challenge: iterative generative processes (Di�usion models & GFlowNets) impose delicate balance conditions

Di�usion models

pi(x): si,t(xt; ✓) ˘ (xt log pi,t(xt)

Principle: score-function arithmetic

Product: 1
Z

p1(x) p2(x) Negation: 1
Z

p1(x)�
p2(x)

��
Di�usion sampling

+ annealed MCMC

Di�usion models

pi(x): si,t(xt; ✓) ˘ (xt log pi,t(xt)

GFlowNets

pi(x): pi,F (st+1st; ✓)

Principle: mixture & conditional generative processes

Harmonic

Mean
: 1

Z
p1(x) p2(x)
p1(x) + p2(x)

Contrast: 1
Z

�
p1(x)

�2

p1(x) + p2(x)

(+) other operations in the paper

Di�usion mixture

+ classifier guidance

GFlowNet mixture

+ classifier guidance

t = T t = 0

öx1, 0öx1, T
öx1, t

öx2, 0

öx2, T

öx2, t

(I) öy1 Ì õp(y1)

öy1 = 1

õp = 1
2

(II)
õp({xt}Tt=0  y1 =1) = p1({xt}Tt=0)

õp = 1
2

öy1 = 2

õp({xt}Tt=0  y1 =2) = p2({xt}Tt=0)
(II)

(öx0, öxt, öy1, öy2)

(öx1, 0, öx1, t, öy1 = 1, öy2)

(öx2, 0, öx2, t, öy1 = 2, öy2)

(III)

öy2 Ì

˘ õp(y  x0=öx1, 0)
©≠≠≠≠≠≠≠≠≠Æ≠≠≠≠≠≠≠≠≠™
õQ�(y  x0 = öx1, 0)

öy2 Ì õQ�(y  x0 = öx2, 0)
≠́≠≠≠≠≠≠≠≠Ø≠≠≠≠≠≠≠≠≠̈
˘ õp(y  x0=öx2, 0)(III)

Full probabilistic model õp({xt}Tt=0)õp(y1x0)õp(y2x0)

Compositions õp(xy1 = i, y2 =j)

Mixtures & guidance require õp(yxt), (xt log õp(y1, y2xt)

Method: train classifier õQ�(y1, y2xt) ˘ õp(y1, y2xt)

Terminal classifier (t = 0) õQ�(yx0) ˘ õp(yx0)

Training data (öx0, öy1) Ì õp(x0, y1)

Non-terminal classifier (t > 0) õQ�(y1, y2xt) ˘ õp(y1, y2xt)

Training data (öxt, öy1, öy2) Ì õp(xt, y1, y2)

Experimental Validation  

• GFlowNets, 2D grid


• GFlowNets, molecule generation


• Diffusions models, colored MNIST

[Hinton, Neural Computation 2002]   
[Du et al, NeurIPS 2020]

[Liu et al, ECCV 2022]

[Du et al, ICML 2023]

Compositional sculpting 
(ours)

Paper

Di�usion model generates trajectories ⌧ =
�
xT ô {xt}Tt=0 ô x0

�

with terminal state distribution p(x0) by following a backward SDE

dxt =
⌅
ft(xt) * g2t st(xt; ✓)´Ø¨

˘

(xt log pt(xt)

⇧
dt + gt dwt,

corresponding to a forward noising process dxt = ft(xt) dt+ gt dwt

GFlowNet generates trajectories ⌧ =
�
s0 ô … ô sn*1 ô x

�

with terminal distribution p(x) = R(x)
Z by following a forward policy

pF (st  st*1; ✓)
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E
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Training step

öLT (�) = * 1
2 log õQ�(y=1x0 =öx1, 0) *

1
2 log õQ�(y=2  x0 =öx2, 0)

öLN (�,�) = * 1
2

…
öy2 À {1,2}

õQ�(y=öy2  x0 =öx1, 0) � log õQ�(y1 =1, y2 =öy2  xt=öx1, t)

* 1
2

…
öy2 À {1,2}

õQ�(y=öy2  x0 =öx2, 0) � log õQ�(y1 =2, y2 =öy2  xt=öx2, t)

� } � * optimizer_step
⇠
(�

� öLT (�) + öLN (�,�)
�⇡

� } � � + (1 * �)�

Three di�usion models trained on ColorMNIST, sampling from p1, p2, p3.
Iterative composition based on observations y1, y2, y3:

õp(xy1,y2, y3)◊õp(x)õp(y1,y2x)≠́≠≠≠≠≠Ø≠≠≠≠≠≠̈
◊õp(xy1,y2)

õp(y3x,y1,y2)

Three di�usion models trained on ColorMNIST, sampling from p1, p2, p3.
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Composing multiple distributions

Base distributions
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GFlowNet, 2D grid task

GFlowNet, molecule generation task

Molecule generation trajectories ⌧ = (s0 ô … ô sn*1 ô x)

÷ Terminal states: x À X — molecules represented as 2D graphs

÷ Non-terminal states: s À S ‰ X — (incomplete) 2D molecular graphs

÷ Actions: (s ô s®) À A :

a) attach one molecular fragment to the current molecular graph

b) “stop-action”: terminate generation (only if current graph is valid)

GFlowNet target distribution (at pre-training stage): p(x) ~ �
R(x)

��

÷ R(�) : X ô [0,ÿ) — reward function

÷ � > 0 — reward exponent

Rewards

÷ SEH — learned proxy of a protein binding score (soluble epoxide hydrolase)

÷ SA — synthetic availability score

÷ QED — quantitative estimate of drug-likeness
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