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l EBMs... Yes! ... But!

Pros: Appealing for modeling and interpretability applications

Cons: Very hard to train :
* The quality of the training is hard to control
e Sampling are unstable
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l Generating samples : what one expects

Markov Chain Monte Carlo

Empirical Model Dominated minimum Langevin dynamics
e—Fo () free-energy
( ) ~ configurations —>  Generate new samples
Pdata\L Zg o s
data o
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l Generating samples : what one expects

72

é— Trained model EQ (CE)
£ :

c_gs- (some time to equilibrate/converge) Generate samples with Dg (CE)
- (5) = ()
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l Generating samples : what one expects...

Markov Chain Monte Carlo
Langevin dynamics

‘cq? ,'?*” 55'5 -+.-=; 7 EA :4' !:'éi {ﬁ- ﬂ Generate new samples
g wﬂﬁﬁﬁﬁﬂﬁwﬁ%mﬁam <%> _@% v,
s PERERAERE LAY XY  \0i/,,.. \% @
£l @ : >
’ 596b0¢<
)
5 3532(4732,%@?!7 D+1o4steps
gV
+10* steps
+10* steps
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l But this is not what one typically observes...
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l What's going wrong?
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l The sampling problem

VL =

(—=V Ep)

Pdata

(=VEjp),,

Easy

Hard = Markov Chain MC sampling
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l The sampling problem

VL =

(—=V Ep)

Pdata

(~VEq),

Easy

Hard = Markov
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l The sampling problem

V£ — <_VE9>pdata o <_VE9>p6
Easy Hard = Markov!
m
méen) m = 17 .+« y Nchains

Via a Markov Chain Monte
Xgen ~ Py Carlo process

Nchains

VE(z(™)

gen

—VEQ ~
< >p9 Tlchains m—1
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l The sampling problem o

g~ \Tiltalp, = (Tilta) e
0L  (hay, — (ha)
VL = <_VE9>pdata — <_VE9>pe ONg, V% pp ale
oL
Easy Hard = Markov| 3@' — <55i>p73 - <$z>5

Alternating/Block Gibbs sampling

COCO0O®
Initial
configuration plhy = 1jv) = > P D) _ igmoid (b,, - Z’inw)
h_ 7

00000 00060
Vi Vo

p(v)
Glauber dynamics (B w
p(v; = 1|h) = Z % = sigmoid (ai + wahM

s
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l The sampling problem

VL=/(-VEo), |—(-VEp)

Pdata

Easy Hard = Markov Chain MC sampling

k MCMC steps >

thermalization/convergence time

po(x)

/

But if you wait long enough...
t >
‘: 1I[} 'HZIJD 1CI|[]{] 1[}[IJCI[} 12 / 60




l Gibbs sampling + learning

MCMC steps k

Xgen — {ZCS), e ,xéM)}

Learning
: | i : : : | —
L) Parameter updates t,
o8t 4 g@ﬁ Repeat this process
“lo=0;" ~10°-10¢ times
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l Gibbs sampling + learning

MCMC steps k 1)Use alternate/block sampling (Glauber) dynamics
Standard 2)Use some few MCMC steps k~O(1)
approaCh 3)Choose “good” initializations

Parameter updates t

age

>
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Gibbs sampling + learning

MCMC steps k 1)Use alternate/block sampling (Glauber) dynamics

Standard
approach

2)Use some few MCMC steps k~O(1)

3)Choose “good” initializations

age

Parameter updates t

Persistence CD (PCD) rrieeman acmt 2007 Init — previous end point

Other SOIUtlonS TAP fixed pOInts [Gabrié, Tramel, and Krzakala (NeurIPS 2015)],
optimized sampling techniques (Parallel tempering, Simulated annealing, the Tethered MC method]

[Nijkamp, Hill, Han, Wu, Zhu., (NeurIPS 2019 15/ 60

Random initialization

Decelle, Furtlehner, Seoane (NeurIPS 2021)]



l Gibbs sampling + learning

MCMC steps k 1)Use alternate/block sampling (Glauber) dynamics

Standard
approach

2)Use some few MCMC steps k~O(1)

3)Choose “good” initializations

Parameter updates t

age

1 1 1 1 1 1 >

* Persistence CD (PCD) trieleman acmi 2008y Init — previous end point

* Other SOIUtionS : TAP fixed points rGabrié. Tramel. and Krzakala (NeurIPS 2015)1.

Total disinterest in controlling whether k was long enough to ensure a proper sampling

FENAI I A WIIE EFN NS IWAIISaWiI W EWER

Decelle, Furtlehner, Seoane (NeurIPS 2021)]




Generating new samples
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typical situation

The typical measures used to control the
learning are not a good estimator of the
guality of the generator
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Decelle, Furtlehner, Seoane

l Equilibrium vs. Non-eq. regimes  “ . o0,

/ Training \ / Sampling \

i /’f\qﬂw& e
N
;/ g . e Lo (:13)
k pdata(x) ~ pg(ﬂf) — 7
* Equilibrium k > tiherm » + Learns a good model for
(Convergent MCMC) the data

pda,ta(x) ~ p(ka Do, 'T)

* Non-equilibrium £k < tiherm » « “Learns the dynamics”
(Non-convergent MCMC) \ Memory effects 19/ 60




l Equilibrium vs. Non-eq. regimes

-

Vel

Tralnlng \

/

i

/V J\/R"M b

* Equilibrium
(Convergent MCMC)

aaaaa

Decelle, Furtlehner, Seoane
ArXiv:2105.13889

(NeurIPS2021)

k > ttherm

(Non-convergent MCMC)

Qon-equilibrium k < ttherm

Sampllng

pdata(x) ~ pe(ﬂi) —
* Learns a good model for
he data

Optimal for generation

pdata( ) p(kap()v )

‘I “Learns the dynamics”
Memory effects




Out-of-equilibrium regime

Gibbs sampling <
MCMC steps k wia| YO
j‘lﬁ"w N e

NN Learning

Good images 4 *.,

‘5
XQ
.
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Rdm-100 random start
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Out-of-equilibrium regime
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Non-equilibrium regime : generation

Rdm10 (k=10) Rdm100 (k=100) Rdm103 (k=103) Rdm10* (k=10%)
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Best quality samples are obtained at ¢, .,,. ~ k
[Decelle, Furtlehner, Seoane 24 /60

NeurIPS (2021)]




l Equilibrium regime

Rdm-104 VBABLANGONLHEAD
UF923046263372060¢

Memory effects are 104
caused by the lack of ]
convergence of the
Markov chains

£

_._ttherrn(kzso) +ttherm(k:103) ]
J
ttherrn(kzlOO)_._tthenn(k:lo4) ]

%)
fhem (k=500) Ftq (k= 10%) 10° < .
: & Dynamics are much faster

H
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t [IMCMC steps]
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102 105 10 10° L, . . . . .
foge [updates] 10 10 10> 10° 10* 10° 25 / 60

tmemc [MCMC steps]




Non-equilibrium regime : generation

[Decelle, Furtlehner, Seoane
NeurlPS (2021)]

Rdm10 (k=10) Rdm100 (k=100)
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t [IMCMC steps]
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l Dangers of Contrastive Divergence (CD)

Hinton, “A practical guide to training restricted Boltzmann machines” (2012) k=1
Gibbs sampling
k MCMC steps

Learning

Parameter updates ¢,

Contrastive
Divergence (CD)

"%, 27 /60



l Dangers of Contrastive Divergence (CD)

Hinton, “A practical guide to training restricted Boltzmann machines” (2012) k=1

CD-10

Gibbs sampling
k MCMC steps

E | =

N

Ry S e
D Ao

Learning

Parameter updates ¢, \
Contrastive T :
Divergence (CD) \ R
B —— Rdml10* el
:3) —1007 ----- Rdm10 4
Salakhutdinov, R., & Murray, 1. ICML (2008) £ 1o D10 .
i = alakhutdinov, R., & Murray, |. T -1501 .
CD ISa Very bad rec'pe I Desjardins, Courville, Bengio, Vincent, Delalleau, fn PCDIO /
AISTATS, 2010 2 =200 e

S ‘ : he
R U (VL (LS (VR (S (A (Y
tage [parameter updates]




l Out-of-equilibrium regime

F%hmnMNIST

M
'*ffﬁﬂ?‘t L Tﬁ*e '
_

., } Characteristics out-of-equilibrium RBMs

T

w1 * Dataset-like samples are obtained when the same dynamics

of the training are repeated -~ memory effects
* Long-time configurations are biased and lack diversity

* Extremely slow dynamics — frozen states
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0 Ut'Of'eq u i I i b ri u m reg i m e : [Decelle, Furtlehner, Seoane
. NeurIPS (2021)]
best for sample generation
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Deep Convnets: Nijkamp, Hill, Han, Wu, Zhu. NeurlPS 2019, AAAI 2020. Boltzmann Machines: Muntoni, Pagnani, Martin Weigt, Zamponi BMC (2021)



l Explanation effects

Agoritsas, Catania, Decelle, Seoane ICML (2023)
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l Gibbs sampling + learning

Convergent MCMC

Learning
. : : : : : . >
- J Parameter updates t,
O(t+1) < O(t) +yVL(L
V£ — <_VE>pdata <_VE>p9

32/60



U g : stochastic matrix

l Gibbs sampling + learning
MCMC steps k p(k,po) = ng Po

—————

I p(k,po) = Po + E Ca(Po) €_k/'€“ua
a>0
po)

-Nijkamp, Hill, Han, Wu, Zhu. NeurlPS 2019, AAAI (2020)
-Agoritsas, Catania, Decelle, Seoane ICML (2023)




U g : stochastic matrix

l Gibbs sampling + learning
MCMC steps k p(k,po) = Ug po

—————

L\ ! I p(k,po) = pe + Z Ca(Po) e F/Faqy,
pO) a>0

| | ji: | | <_VE9>pe7é<_VE9>p(k,po)

/ VL= (—VEg) —(—VEpg)

Walaim p(k,po)
- (#B),

-Nijkamp, Hill, Han, Wu, Zhu. NeurlPS 2019, AAAI (2020)
-Agoritsas, Catania, Decelle, Seoane ICML (2023)




. . . . \(a\ec"m
l Gibbs sampling + learning ool /\L

MCMC stepsk L
i p(k,po) = Ug po

<_VE9>pe 7 <_VE9>p(/<,po)

Fixed point : VLQ* — 0

<VE9*WEO*>pO* VL = (=VE6) o ==V EO) (i p0)

(VEo:) o = VE6) 1 o)

Pdata -Nijkamp, Hill, Han, Wu, Zhu. NeurlPS 2019, AAAI (2020)

-Agoritsas, Catania, Decelle, Seoane ICML (2023)




l Gibbs sampling + learning

—Fox (CB) (k
e p
po+(2) = ———— 5% Paata ()
6*
Trainings with non-convergent
MCMC fit bad models for the data <—VE3> 75 <—VE9> (k.p0)
Po P\R,Po

~

VE — <_VE9>pdata - <_VE9>p(kapO)

(VEg-)

= (VEpg+)

p(k,po) -Nijkamp, Hill, Han, Wu, Zhu. NeurlPS 2019, AAAI (2020)
-Agoritsas, Catania, Decelle, Seoane ICML (2023)

Pdata




l Gibbs sampling + learning

Similarly:

e_EG* (x)

Po~ (33) — %pdata(x)

Zo-

Trainings with non-convergent
MCMC fit bad models for the data

But they still can be used as very
good generative models

(VEg+) = (VEg+)

Pdata

p(kapO)

(=VEe),, # =V E0),.p)

A~

VL= (-VEg)  —(—VEg)

Pdata p(kapO)

-Nijkamp, Hill, Han, Wu, Zhu. NeurlPS 2019, AAAI (2020)
-Agoritsas, Catania, Decelle, Seoane ICML (2023)



Rdm-100 random start
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Decelle, Furtlehner, Seoane ArXiv:2105.13889 NeurIPS (2021) equilibrium




CD-100 random start
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l Change initial conditions

Gibbs sampling
MCMC steps k=100
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l Changing the sampling process...

CD10
AREGGRBENS
R KRR T R
EROGEBRAY
MELALTIHRINE

Change the initial conditions :

Change the update rules:

E

Gibbs sampling
MCMC ster k=10

RBM trained using

Gabrié, M., Tramel, E. W., &
Krzakala, F. (2015). NeurlPS

40/ 60



Out-of-equilibrium regime
best forsample generation

EEXXTAANY oo

NeurlPS 2019, AAAI 2020.

GAUSSIAN-BERNOULLI RBMS WITHOUT TEARS

Renjie Liao* !, Simon Kornblith?, Mengye Ren?, David J. Fleet>*->, Geoffrey Hinton*1°
University of British Columbia', Google Research, Brain Team?,

New York University®, University of Toronto*, Vector Institute® ArXiv: 2210.10318 (2022)
rjliaoGece.ubc.ca, mengye@cs.nyu.edu

{skornblith, davidfleet, geoffhinton}lgoogle.com

Published as a conference paper at ICLR 2022

Figure 2: Intermediate samples from Gibbs-

Langevin sampling, A TALE OF TWO FLOWS: COOPERATIVE LEARNING
OF LANGEVIN FLOW AND NORMALIZING FLOW
TOWARD ENERGY-BASED MODEL

Jianwen Xie, Yaxuan Zhu, Jun Li, Ping Li



Fixed point

Consequences (VEg.), = (VEg:)
(theorem)

p(k,po)

[ Agoritsas, Catania, Decelle, Seoane ICML (2023) ]
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l 1) Very good quality generation

Fixed point
EQ training (VE3*>pD — <VE9*>p9

OQE training <VE9*>pD — <VE9*>p(k,po)
A

We reproduce
the same set of
statistics!

43 /60



l 1) Very good quality generation

Fixed point
EQ training (VEg+), = (VEg),

OOE training <VE9*>pD — <VE9*>p(k,po)
A

We reproduce
the same set of
statistics!

Samples generated using the OOE
strategy should be as good as if the

EBM was trained in EQ !
44/ 60



High quality
Highly diverse
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l 2) Fast generators

Fixed point

We need to thermalize first !

EQ training (V Eg+ >pD = (V Eg-~ >p9 ~ Typically very long...

OOE training <VE9*>pD — <VE9*>P(’%PO)‘\

We just néed k steps !

The quality does not depend on
° k’
° pO’
* the dynamic rules
used for sampling

46 / 60



l 2) Fast generators : Inverse Ising ;

Training set : Equilibrium samples of the Ising model

{ng)}m 1,...,M ~ p( ) 1 e’BZi<j Jijsisj+B2 2 hisi

Z(B)

Infer J by training a Boltzmann Machine (Ising model)

= — E Jz'jiliz'il?j— E hziﬂz
17 7

. (VEo.),,.. = (VEo.)
(S0 k)




ast generators : Inverse Ising
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l 2) Fast generators : Inverse Ising

[r—
*
*
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2) Fast generators : Inverse Ising

Describe these curves
analytically at high
temperatures or in the
Gaussian model...

Even at

-Agoritsas, Catania, Decelle, k=1
Seoane ICML (2023)
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2) Fast generators : The RBM

X1 | T2 | T3 T4 | T5

4 |

Rdm10 (k=10)

Rdm100 (k=100)

Same

Rdm103 (k=103)

quality

Rdm10* (k=10%)

2

tmemce [MCMC steps]

tmemce [MCMC steps]

100 100 102 10° 10* 10%0° 10' 102 103 10* 10°10° 10' 10> 10° 10 10%0° 10' 10> 10° 10* 10°
tveme [MCMC steps]

tvemc [MCMC steps]
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l 3) This effect is present in any EBM

Frechet Inception

CIFAR-10

L k=150
S
O] — B0
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(0p)] 50500
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CIFAR-10
ConvNet EBM
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l4) and any dataset: Multimodal distributions

A) |

0.2 1

0.1

—0.11

—(.2 4

MNIST - Handwritten digits

e 0 & 4 e 7
e 1 e 5 o 8
e 2 & 6 @ 9
e 3

e data
o generated

0.0 0.2 0.4
1PC

—i.1 A

@
L
-

(GH30 - Protemn family
o GII30.1 e GI306
HGIY - Human gename e GH302 e GH3D7 SAM - RNA domain
African @  FEuwopean e GH303 o GH30 8 ®  Actinomycetota e  Chloroflexi
Ammnerican #  South Asian o GH304 e GH3n9 e  Bacillota ®  Pscudomonadota
East Asian o  GH30 5 ®  DBacteroidota

0.3 1

0.2 1

0.1

0.0 1

025 000 0.25
1PC

—0.2 0.0 0.2

Fast generation of multimodal data : k=10
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Sohl-Dickstein,

l Ve ry Si m i Ia Y to d iffu Sio N ! Weiss, Maheswaranathan,

Ganguli, PMLR (2015)

q(x¢|xe-1) = N(x¢; /1 — Bixg—1, ) Encoder (Gaussian model)

=

rd

Data Noise

po(x¢—1|%¢) = N (x¢—1; pg(xt, 1), 071) Decoder
Diffused Data Distributions
Data Noise
X,
a(xo) q(xq) q(x;) q(x3) q(xy)

- K. Kreis, R. Gao, and A. Vahdat. Denoising diffusion-based generative modeling: foundations and applications. CVPR Tutorial. 2022.

- H. Cao, C. Tan, Z. Gao, G. Chen, P.-A. Heng, and S. Z. Li. “A Survey on Generative Diffusion Model". ArXiv: 2209.02646 (2022).

- T. Karras, M. Aittala, T. Aila, and S. Laine. “Elucidating the Design Space of Diffusion-Based Generative Models”. In: NeurlPS (2022) 54 /60
- Gao, R, Song, Y., Poole, B., Wu, Y. N., & Kingma, D. P. Learning energy-based models by diffusion recovery likelihood. ICLR (2021)



l Summary

* If the goal is to generate samples statistically similar to the data:
No point of trying to equilibrate (long training, long generation)
Go for out-of-equilibrium training !!

e But...
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l Summary

* If the goal is to generate samples statistically similar to the data:
No point of trying to equilibrate (long training, long generation)
Go for out-of-equilibrium training !!
* But...
e_EB* (:E)
pe+(x) = 7 Ddata(T)
Z o+

Is this OOE energy function useful for interpretability ?
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- | Inverse Ising case : (J

- )2
learned true

RDM(k=1)
RDM(k=2)
—— RDM(k=3)
i —— RDM(k=5)
—— RDM(k=10)
e —— RDM(k=50)
----- PCD(k=50)

/_\Ja
|

Very bad model

10! 10° 10°

e—Eox ()

pe+(T) = 7o % Pdata(T)

Is this OOE energy function useful for interpretability ?
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Coupling Matrix

0.4
| . _ )
I RBM Effective model : (J__ - J...)
- ().2
0.0
2 More interactions that
what it should !
—0.4
0 2() 40
6_E9* (CB)
Po~ (x) — %pdata(x)
Zo-

Is this OOE energy function useful for interpretability ?
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Coupling Matrix

0
0.4
| : ; ) 2
RBM Effective model : (3., - J,..)
- ().2
L 0.0 Poor clustering
0.2 o
Qz
Qs
.4
—0.4 Os
Qe
’7
Qs
.9
e_EQ* (Q})
Lo+

Is this OOE energy function useful for interpretability ?
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Coupling Matrix

0
-""- I ! RBM Effective model : (J

- )2
learned true

30 1 .
__.:E:_ - 0.2
Y ""'.f:..a:'-::; 1

If we want to get good models for our data...

we need to equilibrate the chains all along training

Very challenging with multimodal data

The good news is that we know how to do it ! (arriving soon)
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