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Introduction: Energy Based Model
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m EBMs have exhibited their flexibility and practicality in a
variety of application scenarios.
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Introduction: Energy Based Model

Ent:y'[‘é”agsed Training energy-based models (EBMs) on high-dimensional

] data can be both challenging and time-consuming. There exists
Cooperative . . .
Diffusion a noticeable gap in sample quality between EBMs and other
ecovery . K i i
Likelihood generative frameworks like GANs and diffusion models.
Models FID |
Introduction EBM based method
NT-EBM (Nijkamp et al . 2022) 7812  Models FID |
LP-EBM (Pang et al . 2020) 70.15 T GAN based method
Adaptive CE (Xiao & Har, 2022) 65.01
EBM-SR (Nijkamp etal , 2019) 4450  WGAN-GP(Gulra al., 2017)
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38.20 BigGAN (Brock et al', 2019)

eGAN2-DiffAu
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CoopNets (Xic et al, 20184) 33.61 StyleGAN2-ADA (Karras et al/, 2020)

Divergence Triangle (Han etal,202¢) ~ 30.10 Score based and Diffusion method

VARA (Grathwohl et al., 2021k) 27.50

EBM-CD (Du et al, 202 25.10 NCSN (Song & Ermon, 2019) 25.32
GEBM (Arbel ot al . 202 1931 NCSN-v2 (Song & Ermon, 2020) 10.87
HAT-EBM (Hill et 1930  NCSN++ (Song etal., 2021) 2.20
CF-EBM (Zhao ¢ 16.71 DDPM Distillation (Luhman & Luhmar, 2021)  9.36
CoopFlow (Xie etal , 7071) 15.80 DDPM++(VP,NLL) (Kim et al’, 2021) 345
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VAEBM (Xiao et al . 2021) 1216  DDPM++(VP.FID) (Kim etal|,2021) 247
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FID Score for CIFAR-10 unconditional Generation



Challenges of Training EBM

Learning
Energy-Based
Models by
Cooperative

Diffusion m The training of EBM requires sampling from the current
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Likelihood estimated distribution

@ @
LO = Epe g0 O B 51O
Framenerk

m Sampling is often achieved through MCMC, which can be
challenging with high-dimensional data;

m Previous work [7] proposed to estimate a sequence of
EBMs defined on increasingly noisy versions of the data

and jointly estimate them by maximizing recovery
likelihood.



Diffusion Recovery Likelihood (DRL)
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m The conditional distribution is given by
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Cooperative Diffusion Recovery Likelihood (CDRL)

En:gyr?li;agsed m Although DRL makes sampling easier by sampling from
C"ggsjgfje 0 (0j0k B, the initialization of MCMC sampling 0 g may still
giffusbn be far from the data manifold of [;.
ecovery
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m We propose to learn an extra initializer model to further close
thisgap 0 (0j0w R NG Owrl);~KA

S m Cooperative Training:

[FETTEELS m Given observation 0 1, initializer [ makes the initial guess 0.

m {1 is then modified by learned recovery-likelihood through
Langevin sampling to get &;.

m Update initialized using modified samples as target:
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Training of CDRL

Learning

Energy-Based Algorithm 1 CDRL Training

Models by Input: (1) observed data Xo ~ paaa(X): (2) Number of noise levels 7°; (3) Number of Langevin sampling steps
Cooperative K per noise level; (4) Langevin step size at each noise level s¢; (5) Learning rate 7o for EBM fp: (6) Learning
Diffusion rate 1) for initializer g4;
Rasevay Output: Parameters 6, ¢
Lielfisegd] Randomly initialize € and ¢.
repeat

Sample noise level ¢ from {0, 1, .
Sample € ~ N(0,I). Let X1
Generate the initial sample y,.
Generate the refined sample y by running /& steps of Langevin dynamics starting from y.
Proposed Update EBM parameter 6.

Framework Update initializer parameter ¢.

until converged
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Qp1X0 + 016 Ye = a1 (@eXo + Gr€E).

observed examples

Update initializer generated examples

MCMC revision
guided by EBM
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Sampling of CDRL

Learning
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Models by
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Diffusion Algorithm 2 CDRL Sampling

Recovery
Likelihcvc;d Input: (1) Number of noise levels 77; (2) Number of Langevin sampling steps /" at each noise level; (3) Langevin

step size at each noise level d¢; (4) Trained EBM fo: (5) Trained initializer g¢;
Output: Samples X
Randomly initialize x7 ~ N(0, I).
fort =7 —1to0do
Generate initial proposal y;.
Update y, to y; by K iterations of Langevin Sampling.
LetX¢ = yi/auq1.
end for

? McMC
output ﬁ updates
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Framework

Initial
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Initial noise
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Other likelihood based method

NT-EBM (Nijkamp et al, 2022)
LP-EBM (Pang et al’,2020)
Adaptive CE (Xiao & Har, 2022)
EBM-SR (Nijkamp et al, 2019)
JEM (Grathwohl et al’, 2020)
EBM-IG (Du & Mordatch, 2019)
EBM-FCE (Gao et al., 202()
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CoopNets (Xie et al, 2018a)
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PixelIQN (Ostrovski et al., 2018)
Residual Flow (Chen et al., 2019)
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‘GAN based method
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EBM-CD (Du etal.. 2021) 25.10
GEBM (Arbel et al , 2021) 19.31
HAT-EBM (Hill et al.. 2022) 19.30
CF-EBM (Zhao et al. 16.71
CoopFlow (Xie et al', 202. 15.80
CLEL-base (Lee et al., 2023) 1527
VAEBM (Xiao et al.. 2021) 12.16
DRL (Gao et al., 2021) 9.58
CLEL-large (Lee et al., 2023) 8.61
EGC (Unsupervised) (Guo et al.2023) ~ 5.36
CDRL (Ours) 431
CDRL-large (Ours) 3.68

StyleGAN2-ADA (Karras et al., 2020) 292 Models ¥ID |
Score based and Diffusion method EBM-IG (Du & Mordateh, 2015) 60.23

PixelCNN (Salimans et al , 2017) 40.51
N Sope & Ermarl 2013 EBM-CD (Du et al , 2021) 3248

N ong &
\ICS\I++ (Sun" etal., 202 )

DDPM Distillation (Luhman & Luhmar,

DDPM++(VP, NLL) (Kim et all, 2021)
DDPM (Ho et al.. 2020)
DDPM-++(VP, FID) (Kim et al, 2021)

2021)

CF-EBM (Zhao et al, 2021) 26
CLEL-base (Lee et al )] 6
DRL (Gao et al|, 2021) - (not converge)
DDPM++(VP,NLL) (Kim et al,, 2021) ~ 8.42

CDRL (Ours) 9.35

FID scores for CIFAR-10 Unconditional Generation

FID scores for ImageNet (32 x 32)
Unconditional Generation



Sampling Acceleration

Learning i _ ni 1 H
ey e We applied post-training techniques to accelerate sampling.
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Cooperatize u LangeVIn Sampllng Step-
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m We decrease the number of sampling steps, and
meanwhile adjust the MCMC sampling step size to be

B peitel inversely proportional to the square root of the number of

Results sampling steps.

Number of noise

Models level x Number FID |
of MCMC steps

DRL (Gao et al;, 2021) 6 x 30 = 180 9.58

CDRL 6 x 15 =90 4.31

CDRL (step 8) 6x8=48 4.58

CDRL (step 5) 6 x5 =30 5.37

CDRL (step 3) 6x3=18 9.67

FID scores for CIFAR-10 with Sampling Adjustment



Conditional Generation

Learning Following [15], we can apply classifier-free guidance to CDRL
Energy-Based b . . . . . . .
Models by y estimating both conditional and unconditional distributions.
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Attribution-Compositional Generation
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Models by, Similar to [5][20], given two energy functions trained on two

RSGUE  conditionally independent concepts 0 rand 0y, we can estimate the

L'?::;?::;Yd energy conditioning on both concepts using:
1 1
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