
*Equal Contribution, order assigned randomly.

A Diffusive Classification Loss 
for Learning Energy-based 

Generative Models
RuiKang OuYang*  , Louis Grenioux* 

José Miguel Hernández-Lobato
1 2,3

1

1 2 3



Learning energy-based generative models
Task
• We would like to train time-dependent energy-based models (EBMs)


• 


• intractable normalising constant: 


• Inference-time Application


• Model composition [1, 2]


• Boltzmann Generation [3]


• Free energy difference estimation [4, 5]

pθ
t (y) = exp(−Ut(y))/Zθ

t

Zθ
t = ∫ exp(−Uθ

t (y))dy
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Standard Methods
Maximum Likelihood Estimation

• Setup


• 


•  any stochastic process 


• 


• Contrastive Divergence 


• 


• Requires sample from the   —> Difficult [1, 2]

Yt = Xt + γ(t)z

(Xt)t

z ∼ 𝒩(0,I)

∇θℒ(θ) = 𝔼t[𝔼pt
[∇θUθ

t (Yt)] − 𝔼pθ
t
[∇θUθ

t (Yt)]]
pθ

t
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Standard Methods
Score Matching
• Setup


• 


•  :  for Stochastic Interpolants; or  for Diffusion Models


• 


• Denoising Score Matching


• 


• blindness 


• High variance  

Yt = Xt + γ(t)z

Xt αtX0 + βtX1 αtX0

z ∼ 𝒩(0,I)

𝔼 [ ∇log pθ
t (Yt) − ∇log pt(Yt |Xt)

2]
γ(t) → 0
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Scores are indistinguishable among 
different mode weights



Diffusive CLassiFication
A general expression

• A classification loss


• 


•



• Cross Entropy!!


•
Optimum: 

ℒclf(θ; N) = 𝔼t1:N
[ℒclf(θ; t1:N)]

ℒclf(θ; t1:N) = −
1
N

N

∑
i=1

𝔼pti
log

pθ
ti (Yti)

∑N
j=1 pθ

tj(Yti)

pθ
ti (y)

∑N
j=1 pθ

tJ(y)
=

pti(y)

∑N
j=1 ptJ(y)

• Setup

• 

•  : 


•  for 
Stochastic Interpolants; 


•  for Diffusion 
Models
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Diffusive CLassiFication
A binary case illustration

• The binary case


• randomly sample 


• sample  and classify 
if it comes from  or 


• sample  and classify 
if it comes from  or 

(t, t′￼)

xt ∼ pt
pθ

t pθ
t′￼

xt′￼
∼ pt′￼

pθ
t pθ

t′￼
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DiffCLF + DSM
Improved energy-based generative model training

• We train jointly with DiffCLF and DSM


• DiffCLF+DSM —> unique optimum: 


• DiffCLF+DSM —> consistent optimisation problem (convergence guarantee)


• Infinitesimal behaviour of binary DiffCLF


•

pθ*
t (y) = pt(y), ∀t

lim
δ→0+

8
δ2 (ℒclf(θ; t, t + δ) − log 2) = 𝔼 [(∂t log pθ

t (Yt) − ∂t log pt(Yt))2] + C
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Experiments

• Target 0: 40-mixture of Gaussians


• Target 1: 2-mixture of Gaussians

Boltzmann Generator

AND composition

OR composition



Experiments
4. Molecules estimation

Mueller-Browne

Alanine dipeptide

Chignolin

Free energy difference estimation



Conclusion



Conclusion

DiffCLF
• Efficient ✅


• Unique optimum ✅


• Consistent optimization ✅


• Non-blind to mode weights ✅


• Improvement across different applications ✅



Conclusion

DiffCLF Future works
• Large scale experiments

• Images

• proteins


• Other data space

• discrete

• Riemanian manifold


