A Diffusive Classification Loss
for Learning Energy-based
Generative Models

RuiKang OuYang*1, Louis Grenioux*2:3
José Miguel Hernandez-Lobato1

*Equal Contribution, order assigned randomly.

] FLATIROR

mH UNIVERSITYOF (7 Vg,
<% CAMBRIDGE 2 \gjiAp 2




Learning energy-based generative models
Task




Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)




Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)

. pA(y) = exp(—=Ud(y))/1Z!



Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)

. pA(y) = exp(—=Ud(y))/1Z!

., intractable normalising constant: Zf = Jexp(— Uf(y))dy



Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)

. pA(y) = exp(—=Ud(y))/1Z!

., intractable normalising constant: Zf = Jexp(— Uf(y))dy

* |nference-time Application



Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)

. pA(y) = exp(—=Ud(y))/1Z!

., intractable normalising constant: Zf = Jexp(— Uf(y))dy

* |nference-time Application

 Model composition



Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)

. pA(y) = exp(—=Ud(y))/1Z!

., intractable normalising constant: Zf = Jexp(— Uf(y))dy

* |nference-time Application
 Model composition

e Boltzmann Generation



Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)
+ p{(y) = exp(=U/(»)/Z]
., intractable normalising constant: Zf = Jexp(— Uf(y))dy

* |nference-time Application
 Model composition
e Boltzmann Generation

* Free energy difference estimation



Learning energy-based generative models
Task

* We would like to train time-dependent energy-based models (EBMs)
+ p{(y) = exp(=U/(»)/Z]
., intractable normalising constant: Zf = Jexp(— Uf(y))dy

* |nference-time Application
 Model composition
e Boltzmann Generation

* Free energy difference estimation



Standard Methods

Maximum Likelihood Estimation

e Setup



Standard Methods

Maximum Likelihood Estimation

e Setup
e Y. =X +y(8)z



Standard Methods

Maximum Likelihood Estimation

e Setup
e Y. =X +y(8)z

» X,: o, Xy + P X, for Stochastic Interpolants; or a, X, for Diffusion Models



Standard Methods

Maximum Likelihood Estimation

e Setup
» ¥, =X, +y()z
» X,: o, Xy + P X, for Stochastic Interpolants; or a, X, for Diffusion Models

e« 7~ WN(0,])



Standard Methods

Maximum Likelihood Estimation

e Setup
» ¥, =X, +y()z
» X,: o, Xy + P X, for Stochastic Interpolants; or a, X, for Diffusion Models

e« 7~ WN(0,])

» Contrastive Divergence



Standard Methods

Maximum Likelihood Estimation

e Setup
» ¥, =X, +y()z
» X,: o, Xy + P X, for Stochastic Interpolants; or a, X, for Diffusion Models

e« 7~ WN(0,])

» Contrastive Divergence

. VoZ(0) = E,[E,[V,UA(Y)] — E [V, UAY)]]




Standard Methods

Maximum Likelihood Estimation

e Setup
» ¥, =X, +y()z
» X,: o, Xy + P X, for Stochastic Interpolants; or a, X, for Diffusion Models

e« 7~ WN(0,])

» Contrastive Divergence

. VoZ(0) = E,[E,[V,UA(Y)] — E [V, UAY)]]

- Requires sample from the p’ X —> Difficult



Standard Methods

Maximum Likelihood Estimation

e Setup
» ¥, =X, +y()z
» X,: o, Xy + P X, for Stochastic Interpolants; or a, X, for Diffusion Models

e« 7~ WN(0,])

» Contrastive Divergence

. VoZ(0) = E,[E,[V,UA(Y)] — E [V, UAY)]]

- Requires sample from the p’ X —> Difficult



Standard Methods

Score Matching

e Setup
e Y, =X, +y()z
- X,:a,Xy+ p, X, for Stochastic Interpolants; or a, X, for Diffusion Models
« 7~ N(0,]I)

* Denoising Score Matching



Standard Methods

Score Matching

e Setup
e Y, =X, +y()z
- X,:a,Xy+ p, X, for Stochastic Interpolants; or a, X, for Diffusion Models
« 7~ N(0,]I)

* Denoising Score Matching

|

o [ ” V]ogpte(Yt) — Vlogpt(Yt\Xt)



Standard Methods

Score Matching

e Setup
e Y, =X, +y()z
- X,:a,Xy+ p, X, for Stochastic Interpolants; or a, X, for Diffusion Models
« 7~ N(0,]I)

* Denoising Score Matching

A

o [ ” V]ogpte(Yt) — Vlogpt(Yt\Xt)

» High variance y(f) - 0 X



Standard Methods

Score Matching

e Setup
° Yz — Xt + }/(t)Z
« X, : a,Xy+ p,X, for Stochastic Interpolants; or a, X, for Diffusion Models

e 7~ N(0,])

* Denoising Score Matching

A

E [ | Viogpf(¥) - Viogp(Y,|X,)

e High variance y(1) = 0 X
e blindness X



Standard Methods

Score Matching

Blindness of score



Standard Methods

Score Matching

Blindness of score

Densities Scores

Scores are indistinguishable among
different mode weights



Diffusive CLassiFication

A general expression

 Setup
. Y. =X +y(1)z * A classification loss
¢ X, :
o aXy+ p.X, for
Stochastic Interpolants;

« a,X, for Diffusion
Models

e« 7~ N(0,])



Diffusive CLassiFication

A general expression

 Setup
e Y, =X + 70z * A classification loss
¢ X :
t » Zuf(O;N) =E, [ZLd0;11.5)]

® atXO + ﬁfXI fOr
Stochastic Interpolants;

« a,X, for Diffusion
Models

e« 7~ N(0,])



Diffusive CLassiFication

A general expression

e Setup

e Y, =X + 70z * A classification loss
P . LaO:N) = E, [L(0;1

Xy + X, for (03 N) fl:N[ a0 1:3)]

Stochastic Interpolants;
. K/Icth flor Diffusion 7 (6 ) 1 & 1 pg(Yt,-)
odels ) =—— ) 0g ——
. clf\"» *1:N pti N

« 2~ N0 N 2, P



Diffusive CLassiFication

A general expression

 Setup
e Y, =X + 70z * A classification loss
¢ X :
t » Zuf(O;N) =E, [ZLd0;11.5)]

® atXO + ﬁfXI fOr
Stochastic Interpolants;

. K/Icth flor Diffusion & (9 t ) 1 i I pg(Yti)
odels af\Us li.y) = — 3 p. |98 SN
e 7z~ WN(0,]) ° N i=1 | ijlpg(Ytl)

* Cross Entropy!!



Diffusive CLassiFication

A general expression

 Setup
e Y, =X + 70z * A classification loss
¢ X :
t » Zuf(O;N) =E, [ZLd0;11.5)]

® atXO + ﬁfXI fOr
Stochastic Interpolants;

o K/Icth flor Diffusion o (9 t ) ] i | (Yt-)
odels I\ hy) = — t. og—
« 2~ N, . N& Z _ PUY)

* Cross Entropy!!

P p;(y)
SV I po

Optimum:



Diffusive CLassiFication

A binary case Illustration

 The binary case
|

t

time t




Diffusive CLassiFication

A binary case Illustration

 The binary case

« randomly sample (t, t')

t

time t

Ptarget /\
T~

from p; ?

from p¢ 7?

—_

Psource \




Diffusive CLassiFication

A binary case Illustration

* The binary case o o /\
! arge
/ \

t

« randomly sample (t, t')

« sample x, ~ p, and classify
if it comes from pt@ or pf

time t

— \
4!’ psource \ /




Diffusive CLassiFication

A binary case Illustration

* The binary case o o /\
! arge
/ \

t

« randomly sample (t, t')

« sample x, ~ p, and classify
if it comes from pf or pf

time t

« sample x,, ~ p, and classify

P 9 H — \
Iif it comes from p,” or p /
J ! 4!: Psource \




DIff CLF + DSM

Improved energy-based generative model training




DIff CLF + DSM

Improved energy-based generative model training

* We train jointly with Diff CLF and DSM



DIff CLF + DSM

Improved energy-based generative model training

* We train jointly with Diff CLF and DSM

 DiffCLF+DSM —> unique optimum: pf*(y) = p[y), Vi



DIff CLF + DSM

Improved energy-based generative model training

* We train jointly with Diff CLF and DSM

 DiffCLF+DSM —> unique optimum: pf*(y) = p[y), Vi

 DIffCLF+DSM —> consistent optimisation problem (convergence guarantee)



DIff CLF + DSM

Improved energy-based generative model training

* We train jointly with Diff CLF and DSM

 DiffCLF+DSM —> unique optimum: pf*(y) = p[y), Vi

 DIffCLF+DSM —> consistent optimisation problem (convergence guarantee)

* Infinitesimal behaviour of binary DIiffCLF



DIff CLF + DSM

Improved energy-based generative model training

* We train jointly with Diff CLF and DSM

 DiffCLF+DSM —> unique optimum: pf*(y) = p[y), Vi

 DIffCLF+DSM —> consistent optimisation problem (convergence guarantee)

* Infinitesimal behaviour of binary DIiffCLF

I 2
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Experiments

True D1ffCLF CtSM

R2 over time

—— DiffCLF N=2
—— DiffCLF N=4

— DiffCLF N=8
— DiffCLF N=16
— CtSM
DSM
T N T

Boltzmann Generator

B DiffCLF

02 04 06 08 1.0
Time t

AND composition

OR composition

Sliced W5 |

ik

Dimensionali’[y>

pa or pgp Classif.

DSM

B CtSM

BN DSM

0.75

0.50 -

0.25 -

0.00

Sliced KS |




Experiments

4. Molecules estimation

Train time
(GPU hrs)
DSM 0.0081+0.0003 0.0695+0.0517 0.095+0.003 1.047+0.924 3.3

FPE 0.0082+0.0002 0.0090+0.0006 0.098+0.003 0.104+0.004 8.1
DiffCLF 0.0068+0.0001 0.0092+0.0002 0.070+0.002 0.094+0.001 5.6

DSM 0.0036+0.0001  0.4351+0.0141  0.027+0.000 63.804+0.372 8.7 Free energy dlﬁerence eStlmathn

Chignolin FPE 0.0048+0.0001  0.0050+0.0001  0.037+0.000 0.039+0.001 49.6
DiffCLF 0.0073+0.0019 0.0181+0.0055 0.060+0.015 0.162+0.053 18.9

Method IID JS Langevin JS IID PMF Langevin PMF

Table 2. ALDP solvation free energy estimated with thermody-
namic integration.

Reference Baseline Baseline DiffCLF DiffCLF
Simulation Diffusion Simulation

Method Estimation
Mueller-Browne

Reference 29.43+0.01
TI w/ Ly, (Maté et al., 2025) 27.30+0.45

TI w/ Lyace + Leogp (OUrs) 29.02+0.41

Alanine dipeptide

Chignolin
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Diff CLF

. Efficient

- Unique optimum

- Consistent optimization

- Non-blind to mode weights

« Improvement across different applications
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DIff CLF Future works

» Large scale experiments
* Images
* proteins

» Other data space
» discrete

 Riemanian manifold



