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Outline

➢ Background: diffusion model

➢ Motivation: molecular substructure

➢ SubgDiff: a subgraph diffusion model for molecular graph learning
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Diffusion model (DDPM)

(injects noise 𝜖𝑡−1 ∈ 𝒩(0,1))

𝑥𝑡 = 1 − 𝛽𝑡𝑥𝑡−1 + 𝛽𝑡𝝐𝒕−𝟏

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurIPS20
Figure from Song, Yang, et al. "Score-Based Generative Modeling through Stochastic Differential Equations." International Conference on Learning Representations.

Forward Process (data→ noise)

Reverse Process (noise → data )

ℒ𝑠𝑖𝑚𝑝𝑙𝑒 = 𝔼𝑡,𝑥0,ϵ [|ϵ − ϵθ 𝑥𝑡, t |
2, 𝜖 ∼ 𝒩(0,1)

(denoising objective)
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Diffusion model

(injects noise 𝜖𝑡−1 ∈ 𝒩(0,1))

𝑥𝑡 = 1 − 𝛽𝑡𝑥𝑡−1 + 𝛽𝑡𝝐𝒕−𝟏

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurIPS20

Forward Process (data→ noise)

Sampling (noise 𝒙𝑻 → data )

𝑥𝑖−1 =
1

𝛼𝑡
𝑥𝑖 −

1 − 𝛼𝑡

1 − ത𝛼𝑡
𝝐𝜽 𝑥𝑡, 𝑡 + 𝜎𝑡𝑧, 𝑧 ∈ 𝒩(0,1)

𝛼𝑡 = 1 − 𝛽𝑡, ത𝛼𝑡 = Π𝑖=1
𝑡 𝛼𝑖, 𝜖𝜃 𝑥𝑡, 𝑡 is the noise predictor.



Diffusion model (DDPM) on 3D Molecules

𝐑1𝐑0∈ ℝ14×3 𝐑2

𝝐1 𝝐3 𝝐𝑇𝝐2

𝐑𝑇

𝐑𝒊: Atomic coordinates of 3D molecule

Independently inject Gaussian noise 

into original 3D atomic position 

Original 3D

𝐑𝑡 = 1 − 𝛽𝑡𝐑
𝑡−1 + 𝛽𝑡𝛜t

=  ത𝛼𝑡𝐑
𝟎 + 1 − ത𝛼𝑡𝛜t

where 𝛼𝑡 = 1 − 𝛽𝑡 , ത𝛼𝑡 = ς𝑖=1
𝑡 1 − 𝛽𝑖 .

ℒ𝑠𝑖𝑚𝑝𝑙𝑒 = 𝔼𝑡,R0,ϵ [|ϵ − ϵθ 𝐑𝑡 , t |2, 𝜖 ∼ 𝒩(0,1)➢ Training (denoising) objective:

➢ Forward process:

*Ho J, Jain A, Abbeel P. Denaoising Diffusion Probabilistic Models[J]. NeurIPS, 2020, 5

where ϵθ 𝐑𝑡 , t is denoising networks, which can be used as molecule encoder.

➢ Sampling:

Adding the noise to the position 
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Molecular Representation Learning with Denoising

➢ Conformation Generation: get the 3D atomic Cartesian

coordinates from the 2D molecular graph 𝐑𝑡 = 1 − 𝛽𝑡𝐑
𝑡−1 + 𝛽𝑡𝛜t

=  ത𝛼𝑡𝐑
𝟎 + 1 − ത𝛼𝑡𝛜t

where 𝛼𝑡 = 1 − 𝛽𝑡 , ത𝛼𝑡 = ς𝑖=1
𝑡 1 − 𝛽𝑖 .

ℒ𝑠𝑖𝑚𝑝𝑙𝑒 = 𝔼𝑡,R0,ϵ [|𝝐 − ϵθ 𝐑𝑡 , 𝒢, t |2, 𝝐 ∼ 𝒩(0,1)

Observation: Independently inject Gaussian noise into original

3D atomic positions, neglecting the substructure in the 

molecules.

Pre-training:

Fine-tuning:

𝑙𝑜𝑠𝑠 𝑓θ′(𝜖θ 𝐑𝑡, 𝒢, t , 𝑦)

Where 𝑓θ′ denotes the prediction header.

where ϵθ 𝐑𝑡 , 𝒢, t is the denoising network, 

which can be used as a molecular encoder.
2D molecular graph 3D molecular conformation

Diffusion model[1]

𝒢

[1] Xu, Minkai, et al. "GeoDiff: A Geometric Diffusion Model for Molecular Conformation Generation." ICLR. 2021.
[2] Zaidi S, Schaarschmidt M, Martens J, et al. Pre-training via denoising for molecular property prediction[J]. ICLR, 2023.
[3] Liu, Shengchao, et al. "A group symmetric stochastic differential equation model for molecule multi-modal pretraining." ICML, 2023.

➢ Recent works[1,2] use this task as a pretraining technique for 

molecular representation learning.



Torsion angle

Molecular Substructure
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Three substructures

➢ Observation: 3D substructure substructures are closely 
related to molecular properties.

➢ Decomposition approach[1]: Torsional-based 
decomposition method

The equilibrium probability (𝑝𝑒𝑞) distribution of six different 

conformations (c1 to c6) of the Ibuprofen molecule in various 
environments (solution, adsorbed, surface, and solid)[2].

[1] Jing, Bowen, et al. "Torsional diffusion for molecular conformer generation." Advances in Neural Information Processing Systems 35 (2022): 24240-24253.
[2] Marinova, Veselina, et al. "Dynamics and thermodynamics of ibuprofen conformational isomerism at the crystal/solution interface." Journal of chemical theory and computation (2018)

Benzophenone

Ibuprofen

various torsion angles have different properties.



Motivation
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➢ Existing diffusion models on molecules independently inject Gaussian noise into atomic coordinates during

the forward process, neglecting the substructure in the molecules which plays a significant role in molecular 

representation learning

2D molecular

separate point
3D molecular

conformation

diffusion model diffusion model with

substructure (subgraph)

2D molecular subgraph

➢ Contribution：
• Incorporate the substructure information into diffusion models to improve molecular 

representation learning; 
• Propose a new diffusion model SubgDiff that adopts subgraph prediction, expectation state and 

k-step same-subgraph diffusion to improve its sampling and training;

It remains open to exploring the molecular substructure in Diffusion model, to improve the 
denoising network for representation learning.
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𝝐1 𝝐3 𝝐𝑇 , 𝒔𝑇𝝐2

𝐑0 𝐑1 𝐑1 𝐑2 𝐑2 𝐑𝑇

Subgraph Diffusion

𝐑1𝐑0 𝐑2

𝝐1 𝝐3 𝝐𝑇𝝐2

𝐑𝑇

DDPM

: Subgraph selected by 𝐬𝒊

𝐬𝑖: Mask vector

𝝐𝑖: Gaussian noise;  

𝐑𝒊: Atomic coordinates of 3D molecule

*Ho J, Jain A, Abbeel P. Denoising Diffusion Probabilistic Models[J]. NeurIPS, 2020, 

original 3D

fixed

Forward process: SubgDIFF vs DDPM
Independently inject Gaussian noise into original 3D atomic position 

Select a subgraph and then inject Gaussian noise into the corresponding substructure position 

selected

selected
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𝝐1 𝝐3 𝝐𝑇 , 𝒔𝑇

𝐬1

𝝐2

𝐑0 𝐑1 𝐑1 𝐑2 𝐑2 𝐑𝑇

𝐑1𝐑0 𝐑2

𝝐1 𝝐3 𝝐𝑇𝝐2

𝐑𝑇

DDPM

: Subgraph selected by 𝐬𝒊

𝐬𝑖: Mask vector

𝝐𝑖: Gaussian noise;  

𝐑𝒊: Atomic coordinates of 3D molecule

*Ho J, Jain A, Abbeel P. Denoising Diffusion Probabilistic Models[J]. NeurIPS, 2020, 

𝒔1 ∼ 𝑝(𝑠) 𝒔3 ∼ 𝑝(𝑠)

original 3D

fixed

Subgraph Diffusion

Forward process: SubgDiff vs DDPM
independently inject Gaussian noise into atoms 



Forward process: SubgDiff vs DDPM
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𝝐1

𝐬2

𝝐3 𝝐𝑇 , 𝒔𝑇

𝐬1

𝝐2

𝐑0 𝐑1 𝐑1 𝐑2 𝐑2 𝐑𝑇

𝐑1𝐑0 𝐑2

𝝐1 𝝐3 𝝐𝑇𝝐2

𝐑𝑇

DDPM

0
: Subgraph selected by 𝐬𝒊

𝐬𝑖: Mask vector

𝝐𝑖: Gaussian noise;  

𝐑𝒊: Atomic coordinates of 3D molecule

independently inject Gaussian noise into atoms 

*Ho J, Jain A, Abbeel P. Denoising Diffusion Probabilistic Models[J]. NeurIPS, 2020, 

𝒔1 ∼ 𝑝(𝑠) 𝒔2 ∼ 𝑝(𝑠)

fixed

Subgraph Diffusion



Forward process: SubgDiff vs DDPM
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𝝐1

𝐬2

𝝐3 𝝐𝑇 , 𝒔𝑇

𝐬1

𝝐2
𝐬3

𝐑0 𝐑1 𝐑1 𝐑2 𝐑2 𝐑𝑇

Subgraph Diffusion

𝐑1𝐑0 𝐑2

𝝐1 𝝐3 𝝐𝑇𝝐2

𝐑𝑇

DDPM

𝐬𝑖: Mask vector

𝝐𝑖: Gaussian noise;  

𝐑𝒊: Atomic coordinates of 3D molecule

independently inject Gaussian noise into atoms 

*Ho J, Jain A, Abbeel P. Denoising Diffusion Probabilistic Models[J]. NeurIPS, 2020, 

𝒔3 ∼ 𝑝(𝑠)
𝒔2 ∼ 𝑝(𝑠)𝒔1 ∼ 𝑝(𝑠)

0
: Subgraph selected by 𝐬𝒊



Training objective

13

3D Molecules

Adding noise

Molecular Encoder
𝜖𝜃: Noise prediction; 𝑠𝜗: Mask prediction

𝐑0

𝑠𝜗

𝜖𝜃
Noise head

Mask head

𝐑𝑡

ℒ2

ℒ1

Challenge: subgraph prediction loss 𝓛𝟐 is difficult to converge.
1. Expectation state

2. k-step same subgraph diffusion

𝝐1 𝝐t+1 𝝐𝑇 , 𝒔𝑇

𝐬1

𝝐t
𝐬𝑡+1

𝐑0 𝐑1 𝐑𝑡−1 𝐑𝑡

𝐑𝑡
𝐑𝑇

𝐬𝑡

ℒ𝑠𝑖𝑚𝑝𝑙𝑒(𝜃, 𝜗) = 𝔼𝑡,𝐑0,𝐬𝑡,𝜖[∥ diag(𝐬𝑡)(𝜖 − 𝜖𝜃(𝒢, 𝐑
𝑡 , 𝑡) ∥2

ℒ1 noise prediction loss

+ 𝜆BCE(𝐬𝑡 , 𝑠𝜗(𝒢, 𝐑
𝑡, 𝑡))

𝓛𝟐 subgraph prediction loss

]

0
0
0

1
1
1
1
1
1

0
0
0

For finetuning

…

Challenging

𝒔𝑡+1 ∼ 𝑝(𝑠)



Expectation State
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𝝐1

𝒔2

𝝐2𝑘+1:3𝑘

𝝐𝑇 , 𝒔𝑇

𝒔1 𝒔2𝑘+1

𝐑0 𝐑1 𝐑2 𝐑3 𝐑𝑇 𝐑𝑇

Forward Process

𝝐2

𝒔1 ∼ 𝑝(𝑠) 𝒔2 ∼ 𝑝(𝑠) 𝒔3 ∼ 𝑝(𝑠)

𝐑0

𝝐1

𝔼𝐬1 𝐑
1

𝐬1 ∼ 𝑝(𝑠)

𝔼𝐬1:𝑡−1 𝐑
𝑡−1

𝝐𝑘

𝐬𝑘 ∼ 𝑝(𝑠)

𝝐2

𝐬2 ∼ 𝑝(𝑠)

Phase II: one subgraph state

𝐬𝑖: mask vector; 𝝐𝑖: Gaussian noise; 𝔼𝒔𝐑: the expectation of the coordinates 𝐑 w.r.t 𝐬 : subgraph selected by vector 𝐬𝑡

𝐑𝑡

𝝐𝑡

𝐬𝒕 ∼ 𝑝(𝑠)

𝔼𝐬1:𝑡−1 𝐑
𝑡−1

Phase I: Expectation state



SubgDiff with 𝑘-step same subgraph diffusion

𝝐1:𝑘

𝒔𝑘+1

𝝐2𝑘+1:3𝑘

𝝐𝑇 , 𝒔𝑇

𝒔1

𝝐𝑘+1:2𝑘

𝒔2𝑘+1

𝐑0 𝐑𝑘 𝐑𝑘 𝐑2𝑘 𝐑2𝑘 𝐑𝑇

Forward Process

𝝐1:𝑘

𝒔𝑘+1

𝝐2𝑘+1:3𝑘

𝝐𝑇 , 𝒔𝑇

𝒔1

𝝐𝑘+1:2𝑘

𝒔2𝑘+1

𝐑0 𝐑𝑘 𝐑𝑘 𝐑2𝑘 𝐑2𝑘 𝐑𝑇

Reverse Process

15



SubgDiff state transition

𝝐 𝑘−1 𝑚+1:𝑘𝑚

𝐑0

(𝑡 − 𝑘𝑚)-step same subgraph diffusion

𝝐1:𝑘

𝔼𝐬1:𝒌 𝐑
𝑘

𝐬𝑖 = 𝐬1 𝑖=𝟏
𝒌

𝐬𝑖 = 𝐬 𝑘−1 𝑚+1 𝑖=𝟏

𝒌

𝔼𝐬1:𝑘𝑚 𝐑𝑘m

𝝐𝑘+1:2𝑘

𝐬𝑖 = 𝐬𝑘+1 𝑖=k+𝟏
𝟐𝒌

𝐑𝑡

𝝐𝑘𝑚+1:𝑡

𝐬𝑖 = 𝐬𝑘𝑚+1 𝑖=𝑘𝑚+1
𝑡

Expectation state

𝐬𝑘𝑚+1

𝔼𝐬1:𝑘𝑚 𝐑𝑘m

𝐬𝑖: mask vector; 𝝐𝑖: Gaussian noise; 𝔼𝒔𝐑: the expectation of the coordinates 𝐑 w.r.t 𝐬 : subgraph selected by vector 𝐬𝑘𝑚+1

Phase I Phase II
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m:= (𝑡 − 1)/𝑘

Rt = ς𝑖=𝑘𝑚+1
𝑡 1 − 𝛽𝑖𝑠𝑘𝑚+1 𝔼s1:kmR

𝑘𝑚 + 1 − ς𝑖=𝑘𝑚+1
𝑡 1 − 𝛽𝑖𝑠𝑘𝑚+1 𝜖𝑘𝑚.

where αj = p ς
i= j−1 k+1
k=j

1 − βi + 1 − p

2

.Phase I: 𝔼s1:km Rkm = ത𝛼𝑚 R0 +   p σ𝑙=1
𝑚 ഥ𝛼𝑚

𝛼𝑙
1 − ς𝑖= 𝑙−1 𝑘+1

𝑘𝑙 1 − 𝛽𝑖 𝜖0,

Phase II:

𝑞 𝑅𝑡 𝑅0, 𝑠𝑘𝑚+1 = 𝒩 𝑅𝑡;
ഥ𝛾𝑡ഥ𝛼𝑚

ഥ𝛾𝑘𝑚
𝑅0,

ഥ𝛾𝑡

ഥ𝛾𝑘𝑚
𝑝2σ𝑙=1

𝑚 ഥ𝛼𝑚

ഥ𝛼𝑙
1 −

ഥ𝛽𝑘𝑙
ഥ𝛽(𝑙−1)𝑘

+ 1 −
ഥ𝛾𝑡

ഥ𝛾𝑘𝑚
𝐼 , 

where 𝑝 is the selection probability of each node, 𝛾𝑖 = 1 − 𝛽𝑖𝑠𝑘𝑚+1, ҧ𝛾𝑡 = ς𝑖=1
𝑡 𝛾𝑖 , and ҧ𝛽𝑡 = ς𝑖=1

𝑡 (1 − 𝛽𝑖)}

𝑅0 → 𝑅𝑡 :

m:= ⌊𝑡/𝑘⌋ applies the floor function to the quotient 𝑡/𝑘, rounding it down to the nearest integer.



Sampling
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𝝐1:𝑘

ො𝒔2𝑘

𝝐2𝑘+1:3𝑘

𝝐𝑇 , 𝒔𝑇

𝒔1 = ො𝒔𝑘

𝝐𝑘+1:2𝑘

ො𝒔2𝑘+1 = ො𝒔3𝑘

𝐑0 𝐑𝑘 𝐑𝑘 𝐑2𝑘 𝐑2𝑘 𝐑𝑇

Reverse Process
ො𝒔𝑘

ො𝒔𝑘+1 = ො𝒔2𝑘

ො𝒔𝑘𝑚+1 = ො𝒔𝑇



SubgDiff Framework
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SubgDiff Conformation generation
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SubgDiff finetuning on MD17 (3D)
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Pretrain on PCQM4Mv2. The backbone is SchNet.



SubgDIFF finetuning on MoleculeNet (2D)
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Pretrain on PCQM4Mv2. The backbone is GIN.
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