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Plan for the lecturers

Class 1: Introduction to Energy Based Models
Class 2: Interpretability. How can we learn from trained networks?

Class 3: Training optimization, the role of MCMC. How can we improve
the training mechanisms by understanding their physics?
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l Plan for the lecturers

* (Class 1: Introduction to Energy Based Models

- Generative approach
- Introduction to Energy-Based Models

* The Restricted Boltzmann Machine (RBM)
- Maximum likelihood training

- Generation

- Why I think RBMs are a cool tool
4/69



l General definitions
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Introduction : Generative approach

tralnlng generatlng

Energy based models (RBMs, Generative Convnets)
Diffusion models, normalizing flows, score based
Variational AutoEncoder (VAE)

Generative Adverarial Network (GAN)

Autoregressive methods

Ol /|=12]y]S]é]7]§]7
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l Data 3181013 G437 4152138 4|8
V150350 4] R ok 2a e s

1]3[0[8lo[r[7]t[8[q]0[3[7[3 2]
D::%ﬂﬂ wwn} BOZNECENNNE SN
e

M: # of examples in the data set

N = 28 x 28

pixels

m-th entry p(M) —
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l Data

m-th entry 2(M) —

- .
——————————— MPREDRAT WESN YFLKIIQLLDDEPKCFIVGA|
--MPREDRATWESN YFLKIIQLLDDYPKCFIVGA
-MPREDRAT RESN YFLKITQLLDD¥PKCFIVGA
--MPREDRATRESN YFLKIIQLLDD¥PKCEFIVGA
--MPREDRATWESN YFMKIIQLLDD¥PKCFY ¥GA
--MPREDRATRESN YFLKIIQLLDD¥PKCEIVGA
--MPREDRATRESN YFLKIIQLLDDY¥PKCFIVGA
-MPREDRATRESN YFLKITIQLLND¥PKCFIVGA
--MYRENKAARKAQYFIKYYELFDEFPKCFIVGA
--MSGAE-SKREKLFIEKATKLFTT ¥DKMIVAEA
--MSGAG-SKRENVFIEKATKLFTT ¥DKMIVAEA
MAKTL.SKQQKEQMYTEKLSSLIQQ¥SKILIVHY
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MS¥¥SLYGOMYKREKP IPERKT LMLRELE FSKIFVVLFBDLTGlPIFVV.RVRKKLWKK7
B e e

*

VGSK! IRMS LRGK -
VGSK! IRMS LRGK -
VGEK! TRMS LRGK -
VGEK! TRMS LRGK -
VYGEK! IRMS LRGEK -
VGS K TRMSLRGK -
VGSK! IRLSLRGK -
VYGEK! TRLSLRGK -
VYGEK! TIRTSLRGT.-
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FPADKLHDIRKKMRGH-

FPADKLHETIRKKLRGK - A

AVY LMGK MEEATRG,

AVY LMGK MEEATRG,
AVY LMGK! MREATRG!
AVY LMGK! MREATRG!
AVY LMGK MEEKATRG,
AVY LMGK MREATRG!
AVY LMGK MEEATRG!
ATIY LMGK MREATRG
AVY LMGK MREATRG H--PQL

GAY LMGKKTMIEEKYIRDLADSK--PELD
GAY LMGKKTMIEEYIRDLADSK--PELD

ADTIMGKNTRIRTALKKNLEAV--PQT
|

BDIKVIE LENIALKNAG-

AEIKY FGIABKNAG-- LD¥S
IKY| FKIARBKNAG-- — —IDI.
MMYAKKRITILRAMKARGLE - - -LDDN

Bl  Eowm T e ==

M: # of sequences in a protein family

GSKOMOOIRMS LRGK-A¥Y LMGENTMMREKAIRGHLENN--PALE

N = LMSA Amino-acids

Goal: Create synthetic sequences
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l Data

l _wgm)_ - RN continuous
m-th entry (M) — c :()7 1]N binary
_xngn)_ c [G A...,N,Q, _]N categorical
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l Data distribution

Underlying assumption

D = {ZB(l), ceey ZB(M)} . . d. realizations of a random variable

(Generally
X ~ Pdata unknown)

11769



l Empirical data distribution

Underlying assumption

1 M
D = {CB& ), c ooy CBEZ >} . . d. realizations of a random variable
(Generally
X g ~ Paata unknown)

Empirical distribution

\/

M
1 m
po(@) == > 0 (z—al") "V (@)
m=1
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l Empirical data distribution

Underlying assumption

1 M
D = {CB& ), c ooy CBEZ )} . . d. realizations of a random variable
(Generally
X g ~ Paata unknown)

Empirical distribution

M
1 m
po(@) == > 0 (z—al") "V (@)
m=1

Generative models : D@ (33) 7] 13/69



l Energy-based models
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l Energy baSEd mOdEIS (EBMS) Hinton, Hopfield, LeCun, Bengio

Empirical

pp(x) ~ pe(x) =

€

Model
—FEg(x)

Zo

Lo = /dib e_EG(w) Partition function

Gibbs-Boltzmann distribution

FEg(x) energy function

Learning : adjust the parameters 6 so that the dataset configurations are typical configurations

of the model.

15769



l Energy baSEd mOdEIS (EBMS) Hinton, Hopfield, LeCun, Bengio

Boltzmann Machines (Ising/Hopfield/Potts models) Eq (ZB)

- Ackley, D. H., Hinton, G. E., & Sejnowski, T. J. (1985). A learning algorithm for
Boltzmann machines. Cognitive science, 9(1), 147-169.

Einx)=—x'Jr—h'x

Pairwise interactions

16 /69



l Energy baSEd mOdEIS (EBMS) Hinton, Hopfield, LeCun, Bengio

* Ising/Hopfield/Potts models

EJ,h(a:)

Input

— ' Jr—h'x

- Le(;un, Y., Chopra, S., Hadsell, R., Ranzato, M., & Huang, F. (2006). A
° Generatlve CO nVN ets tutorial on energy-based learning.

- Xie, J., Ly, Y., Zhu, S. C., & Wu, Y. (2016). A theory of generative convnet.

A feedforward ConvNet that maps the input signal to an energy or a score

D= N

Imput RGEB image

p i

featul

sub-sampled

o

Ik

-1 &

feature maps

i
sub-sampled

i_. more 5"
- lavers

re maps
n r
1% Ve  ——

2% layer

Neural Net

Energy (output)

Signal (input)

Bottom-up



visible variables

l Models with hidden variables g(a;':h;e)

- h Latent variables
- Ackley, D. H., Hinton, G. E., & Sejnowski, T. J. (1985). A learning SO T T SL a

algorithm for Boltzmann machines. Cognitive science, 9(1), 147-169. mw Encode correlations

* Boltzmann Machines

18769



visible variables

l Models with hidden variables g(a;':h;e)

* Boltzmann Machines

- Ackley, D. H., Hinton, G. E., & Sejnowski, T. J. (1985). A learning
algorithm for Boltzmann machines. Cognitive science, 9(1), 147-169.

* Restricted Boltzmann Machine

- Smolensky, P. (1986). Information processing in dynamical

RBM

systems: Foundations of harmony theory.

/1 Vi YA
Za W § A

\ g ,:5{1 Y .
=l 6 | Latent variables
— Encode correlations

h Hidden layer : interactions

I Visible layer : data

19/69



visible variables

l Models with hidden variables e(a:',/h; 9)

REBM \

« Restricted Boltzmann Machine W h \

- Smolensky, P. (1986). Information processing in dynamical Latent Varlables
systems: Foundations of harmony theory. Encode correlations

XL

Eo(x,h)=—ax' Wh—-¢'a—n'"h 0 ={W,¢,n}

e_Ee(x) B Zh6_89<x7h) ez szz
Zo Zo

H § e x’LW'LCLh‘ +77ah

a=1h,

pe(x)=

20/69



visible variables

l Models with hidden variables 8(:::'?}:;0)

RBM \\

« Restricted Boltzmann Machine W h \

- Smolensky, P. (1986). Information processing in dynamical Latent Varlables
systems: Foundations of harmony theory. Encode correlations

XL

Eo(x,h)=—x'Wh—-C'2a—n'h 0 ={W,(,n}

e_EO(x) Z e_ge(xah’) ez ;G Nn 1

O a IDSEEEE

a=1h,
S xi¢; Mo
(& 1
— 1 Zz xiWia‘i"’?a)
Z al;[l( +e

21/69



visible variables

l Models with hidden variables 8(:::'?}:;0)

RBM \

\
\

 Restricted Boltzmann Machine W h | .
Latent variables

Encode correlations

- Smolensky, P. (1986). Information processing in dynamical
systems: Foundations of harmony theory.

XL

Eo(x,h)=—x'Wh—-C'2a—n'h 0 ={W,(,n}

e_EO(x) Z e_ge(xah’) ez ;G N, 1

polw)=—) — ==t zHZe XiziWiahatnal

a=1h,
ezi ;i Ci Nu Ny
= — 11 (1 + e C”inJr”“) = Eg(z)=—) z;¢;—» log (1+ezi ”in‘L"“)
0 ;
a=1 (2 a=1

22 /69



visible variables

l Models with hidden variables S(a:',/ft; 9)

RBM \

\
\

 Restricted Boltzmann Machine W h | .
Latent variables

- Smolensky, P. (1986). Information processing in dynamical

systems: Foundations of harmony theory. w Encode Corre|ations
Eo(v,h) = —x ' Wh—('z—n'h 6 = {W,¢,n}
—FEg(x) Z _59(3;,}1) > @il Ny 1
_ ¢ _ 2.n° e S 2iWiaha4nah
pe(x) Z Z: al_Ith .
627; szz Nh Nh
— Ze agl (]. -+ Gzi xin’a‘H?a> jEO(w):—ZQ]ZCZ—;lOg (1—|—€Zz ZB»@Wia—FnQ)

:>E0 Zh Ti — ZJ( €T; T Z k:lj LT —Z Z]sz‘fif’?jxkﬂ?l-F"'

15k 1Jkl



visible variables

l Models with hidden variables E(a:',/h;e)

REBM \

« Restricted Boltzmann Machine W h \

- Smolensky, P. (1986). Information processing in dynamical Latent Varlables
systems: Foundations of harmony theory. Encode correlations

XL

gg(.’l?,h) = —CUTWh—CTZE—'nTh 0 = {W7C7TI}
The marginal energy for the RBM encode high

—EQ (w) . . ] _
po(x)= ¢ = 2o order interactions! - Universal approximator
0
ezi ziCi Ny, Le Roux and Bengio. Neural computation (2008)
=~

= Ee(ib) = — Z hix; — Z Ji(j,z)ajiajj Z kaj TjTl — Z ijl;cixjggkg;l 4 ...

T 1] 17k 17kl



visible variables

l Models with hidden variables S(w’:?; 6)
h

Latent variables
Encode correlations

e Boltzmann Machines (Ising/Hopfield/Potts models)

- Ackley, D. H., Hinton, G. E., & Sejnowski, T. J. (1985). A learning
algorithm for Boltzmann machines. Cognitive science, 9(1), 147-169.

* Restricted Boltzmann Machine W
- Smolensky, P. (1986). Information processing in dynamical

systems: Foundations of harmony theory.

XL

Zhe—ge (a:,h)
p— Ze

* Deep Boltzmann Machines

-Ruslan Salakhutdinov, Geoffrey Hinton (2009) Deep
Boltzmann Machines.
-Bengio, Y. (2009). Learning deep architectures for Al.

e—Ee (ac)

Zo

~ pp(x)




l Training procedure
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EIRILICIENEIRIE IR 4
1 |0[3]0]k[2]q 9]¢
L/8/3]0/3[9]3 2|7

l Training procedure LlBlalo3 73 o

Empirical Model — Eo(x)
Goal of the training: DD (w) ~ Do (gc) —

277169



l Training procedure

ri Model
Empirical ode o Eo(x)
Goal of the training: DD (aj) ~ Do (m) —
Zo
pp(z)
Minimize Dx1,(pp||pe) = /de pp(x)log (z)
Kullback-Leibler (KL) Peo
fvergence ~ [ dapo(e) o po(a) -
/
Constant

28 /69



INni x :i Y z — ™
l Training procedure po(a) = 57 28 (= —2™)

ri Model
Empirical ode o Eo(x)
Goal of the training: DD (aj) ~ Do (m) —
Zo
Minimize Dk (ppllpe) = /dePfD(iU) log () log-fikelihood
Kullback-Leibler (KL) Peo
divergence
° =/dwpp(fc) log pp () —
/
Constant

M mzzllogpe(w )= 3zl L] po(a"™) = 77105 L(DI6)

m=1 29/ 69



INni x :i Y z — ™
l Training procedure po(a) = 57 28 (= —2™)

Empirical Model o Eo(x)
Goal of the training: PD (33) ~ Do (w) — 7
6
Minimize Maximize
Kullback-Leibler  Dict. (pDHpQ) {—> Thelog- log L(D’H) — [,(D‘H)
divergence likelihood
divergence = [ dw po(w) log po(@) (| de po () log po(w)
N— -
Constant

| M ] M .
i mg:l log pg (') 7 log | | po(x'™) 7 log L(D|0)

m=1 30/ 69



- o) — L S N CD
l Training procedure po(a) = 57 23 (= —2,")

Empirical Model —Eg(x)
€
Goal of the training: PD (33) ~ Do (w) —
Zo
Minimize Maximize
Kullback-Leibler  Dict. (pDHPQ) {—> Thelog- log L(D’H) — E(D‘H)
divergence likelihood

divergence = [ dz pp(x)logpp () —([ dz pp(x)logpe(x)
~ Recall Bayes-Theorem nstant

\p(D‘Hzp(g) :\p(@’D)jp(D) ilog H po(x(™) = —%log L(D|0)

M
likelihood posterior 31/69
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l Log-likelihood maximization

{wm > togpo (o - az<m>)] pol@) = —

m=1

32/69



l Log-likelihood maximization

e—EQ (:13)

{E(DW) = i log pe (w — w(m))} po(x) = o

m=1

Partition function

L(DI0) = Qog o @)}, = (~Eo(e)),,, {1ogZo

Zo = Z e~ Eo(x)

{x}
If x. binary - 2"

Intractable
33/69




l Log-likelihood maximization

S (m) e” ot
L(D|6) = Z_llogpe (w =z ) po(e) = —
Partition function
L(DI0) = Qog o @)}, = (~Eo(e)),,, {1ogZo
- . _ —Eo(x)
(Stochastic) gradient ascent ) Zo ; c
If x. binary - 2"
Intractable

34 /69




l Log-likelihood maximization

oL/ OFE ~ OdlogZ
%sp)
Partition function

L(DI0) = Qog o @)}, = (~Eo(e)),,, {1ogZo

\/ (Stochastic) gradient ascent

35/69




l Log-likelihood maximization

e F®@) 9B (x)

dlog Z Z
/\aﬁ _<_8E> Olog Z 00 4= 7 08,
691 891 D 8& _ <3E(w)>
90; /()

L(DI0) = Qog o @)}, = (~Eo(e)),,, {1ogZo

\ (Stochastic) gradient ascent




\/ (Stochastic) gradient ascent




\/ (Stochastic) gradient ascent

6—E9 (CE)

Zo

MCMC
sampling




m
wéen) m = 17 .« « y Nchains

Every time X ~ P Via a Markov Chain Monte
- en 6

we want to & Carlo process

update the | Mchains

parameters E VE(zg)

6—E9 (33)

Zo

MCMC
sampling




™m
wéen) m = 17 + + + 3y Nchains
Every time Via a Markov Chain Monte
we want to Xgen ~ Py Carlo process
update the | Tchains
~ (m)
parameters . Z VE(w gen)

G—EQ (:13)

Zo

MCMC
sampling




Update rule:




* Fixed point : V,Cg — 0

(an)
892 PD

Moment matching statistics

OF
N <097; >p9 v0; O(t+1t) «— 6(t) + YV L(t)

Update rule:




l On the gradient ascent (0= 0Fp(x)

00;

Hessian matrix
22L(9) _ /) 9fe;(x) Ofo, ()
H;;(0= 5,59, 90, < 50; —\ o0,
Po PD

<8E> vg, | o (@0)f0,(.0)),,+(fo (@, 0)),,(fo,(.6)),

* Fixed point: YV /L, =0

<8E> B
20 / .

Moment matching statistics

00;

Update rule:




l On the gradient ascent (0= 0Fp(x)

* Fixed point: YV /L, =0

OF > < OF >
= Vo,
< 00; / d0; / .

Moment matching statistics

Update rule:

00,
Hessian matrix .

8 L(6 8f9j (w) j Q;')
H;; (0= 5, a(e) < 90; 90; >
Po Y %sp)

—(fo.(x,0) fo, (. 0)) +({fs,(w,0)),,(fo,(x,0))

Semi negative definite = conve>/\
/

VLo={(-VEp) —(~VEo)




l Example 1: Boltzmann Machine

" Fixed point : VLs=0

OF > < OF >
= V0,
< 89@ pPD 897’ Pe

Moment matching statistics

Ising-like model

E;n(S) == Ji;58; =Y hiS;
17 )
OF oF
OJij 55 oh; —5i
45 /69



l Example 1: Boltzmann Machine

Ising-like model

' Fixed point : VLs=0

oOF > < OF >
= v,
< 892 pPD 807’ Pe

Moment matching statistics

Ej’h(S) = — ZJUSZS] _

46 /69



l Example 1: Boltzmann Machine

Ising-like model

' Fixed point : VLs=0 E, 0 (S)
J,h

aE> <aE> R i
— V6, OF _ 5.8, OE _

Moment matching statistics

||
|
[
~
2
>
|
[
S
73

Oh. — <Si>pfp — <Si>pe 47 / 69



l Example 1: Boltzmann Machine

Ising-like model

E;n(S) ==Y Ji;SiS;— > hiS;

OF ’
— \V/‘gz oFE aa oFE
< aez >p9 0.Ji; - Oh; o

| We can encode the covariance matrix
// of the data but nothing beyond that!

" Fixed point : VLs=0

(0.)
00; /

Moment matching statistics

oL

Fixed point
= (5i5)),,, — (5i55),, g, — (G.G.
0.Ji; e e Solution <S7’S~7>p,1,h <S"S«7>pD
or is unique ! (S;) L= (S5) >
o, — Wiy = (Sidy, p’ ’




he ={0,1} = Eg(x)=—) x:(;—) log (1+€Zi miWwM“)

7 a=1

49 /69



ha — {O, 1} = Ee(w):_ZZIﬁiCi—Zlog (1—|—6Zi CUz'Wia‘l"r]a)

OF

oW, I (; Wiaxi—l_na) T
OF
8770, - (za: mei—i_na)
or
oG " 1

o(x) =

l1+e "

'l: a:l

= sigmoid(x)

50769



oF
OWia - (Z Wiaxi+na> h
> ) ezi Wia$i+77a
p(ha — ]-|wj h—aa 9 — . Wz’aaji+ a
SE = —0 <Z W@'axi—i_na) 1 —l_ ezz n
Ta
a =0 WmLCrL‘ + Mo | = <ha> h|x
v (Z ) pe ()
oG

51/69



oF
8Wia - ¢ (Z W’Laajz‘i‘na) Ly, = — <h'a>pg(h|a:) xT;
" (h | h 0) ezi WiaZi+na
aE P\ g = ]_ CB, —a> = Z T—
ana = —C0 <Z Wia$i+na> = — <ha>p8 (h|z) 1+e

OE - (zz: et m) = Vadpe (ho

oG~

52/69



Eo(x,h) = -2 Wh—¢Te—n h  pe(x)=

53769



6_59 (x,h)
Eo(w,h) = -2 Wh—¢Tz—n"h  pe(T) = 2n Zo
Ny,
ha ={0,1} = Eg(z)==) x:¢;—» log (1+€Zi miWia_H?a)
) a=1
oL
Wi - <$Z <ha>p5(h|x)> <xzha>5
pe(x, h) = pe(h|z)pe(x) ;Z
OMa <<ha>ps<h|x)>m (ha)e

54/69



he =40,1} = Eg(a:):—Za:iCi—Zlog (1+62i miWi””“)

7 a=1
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Boltzmann machine:

oL
8Jij

oL
8}% — <Si>p1> B <Si>p9

= (5:55),. — (5i5))
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Po
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Boltzmann machine:
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l Sample generation
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l Generating new samples

Empirical e Dominated minimum
o—Fo (x) frefg-enet(gy
configurations
PD (m) ™~ ZG Y
{Z}eqo ~D
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l Generating new samples

Empirical e Dominated minimum
o—Fo (x) frefg-enet(gy
configurations
PD (m) ™~ ZH Y
{Z}eqo ~D

1)) > < OF >
~ ‘V@i
< 90, / ,, 00,/
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l Generating new samples

Empirical Model Dominated minimum _
free-energy Markov Chain

configurations —> Monte Carlo (MCMC)
Langevin dynamics
{Z}teq,0 ~ D

100 5
150 15

200
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l Generating new samples

Empirical Model

Dominated minimum )
free-energy Markov Chain

configurations —> Monte Carlo (MCMC)
Langevin dynamics
{Z}teq,0 ~ D

If simple, we
can analyze it!

100

FEg(x) Effective model
for the data

150 55
200 = Free-energy landscape

250 1

Modeling, interpretability 62 /69





Why Restricted Boltzmann Machines
(RBMs) are good for that?
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lWhy RBMs?

A Decelle, C Furtlehner - Chinese Physics B, 2021

. J Tubiana, R Monasson - Physical review letters, 2017
- Phase diagram

A Decelle, G Fissore, C Furtlehner - Journal of Statistical Physics, 2018

A Decelle, G Fissore, C Furtlehner
Europhysics Letters, 2017

- Learning : sub-sequence of phase transitions Biroli, Decelle, Bachtis, Seoane (2024, in prep.)

- Approximate methods to compute the free energy (TAP egs.)

Gabrié, M., Tramel, E. W., & Krzakala, F. NeurIPS (2015)
Tramel, E. W., Gabrié, M., Manoel, A., Caltagirone, F., & Krzakala, F. Physical Review X (2018)

. . . Decelle, A., Rosset, L., & Seoane, B. PRE (2023)
- Can be mapped to a physical interacting system

Decelle, Furtlehner, Navas & Seoane, B. SciPost Phys (2024)
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lWhy Restricted Boltzmann Machines | ¢

* Simple enough to allow some level of analytical treatment (MF)
P - A Decelle, C Furtlehner - Chinese Physics B, 2021
Aurélien Decelle’s

J Tubiana, R Monasson - Physical review letters, 2017

A Decelle, G Fissore, C Furtlehner - Journal of Statistical Physics, 2018
lecture tomorrow J y

A Decelle, G Fissore, C Furtlehner

. 2.8 Europhysics Letters, 2017
- Learning : sub-sequence of phase transitions SR,

Biroli, Decelle, Bachtis, Seoane (2024, in prep.)

=

- Phase diagram

- Approximate methods to compute the free energy (TAP egs.)

Gabrié, M., Tramel, E. W., & Krzakala, F. NeurIPS (2015)
Tramel, E. W., Gabrié, M., Manoel, A., Caltagirone, F., & Krzakala, F. Physical Review X (2018)

. . . Decelle, A., Rosset, L., & Seoane, B. PRE (2023)
- Can be mapped to a physical interacting system

Decelle, Furtlehner, Navas & Seoane, B. SciPost Phys (2024)
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lWhy Restricted Boltzmann Machines »‘a

* They are expressive : they can describe interesting datasets
* The are frugal models : fast code and to train
* They are sample efficient : perform well with small amounts of dataes9



Whyv Restricted Boltzmann Machines

@ 0OPEN ACCESS E PEER-REVIEWED Currently the mOSt accurate
TS .. method to generate artificial
Creating artificial human genomes using generative neural human genome

networks . a0z

[E). Aurélien Decelle, Linda Ongaro, Davide Marnetto, Corentin Tallec, Francesco Mentinaro, Cyril Furtlehner,
Luca Pagani, Flora Jay

PLOS COMPUTATIONAL BIOLOGY etz

& OPEN ACCESS E PEER-REVIEWED

RESEARCH ARTICLE 12

Deep convolutional and conditional neural networks for
large-scale genomic data generation

Burak Yelmen [E], Aurélien Decelle, Leila Lea Boulos, Antoine Szatkownik, Cyril Furtiehner, Guillaume Charpiat, Flora Jay

| Version 2 ~ | Published: October 30, 2023 « https://doi.org/10.1371/journal pebi. 1011584

* They are expressive : they can describe interesting datasets
* The are frugal models : fast code and to train

* They are sample efficient : perform well with small amounts of data7/e9



-Why Restricted Boltzmann Machines

:@' etLIFE

Propose mutational paths
that can be validated in
experiments

* They are expressive : they can

' .I::f )

3| ®

TOOLS AND RESOURCES

They are able to capture
biologically interpretable features
related to function or structure...

PHYSICAL REVIEW LETTERS

Collections Authors

Learning protein constitutive motifs from
sequence data

Jérome Tubiana, Simona Cocco, Rémi Monasson*

Laboratory of Physics of the Ecole Normale Supérieurfale[illt[ii&] Recent Accepted Referees Search  Press  About  Editorial

Research, Paris, France

Mutational Paths with Sequence-Based Models of Proteins: From
Sampling to Mean-Field Characterization

Eugenio Mauri, Simona Cocco, and Rémi Monasson
Phys. Rev. Lett. 130, 158402 — Published 12 April 2023

Article References Citing Articles (3) Supplemental Material

=

agatasets

describe interesting

* The are frugal models : fast code and to train
* They are sample efficient : perform well with small amounts of datase9



lWhy Restricted Boltzmann Machines

If they are so cool, why are not they used more often?

— EBMs are very difficult to train properly

Class 2 : Interpretability

Class 3: Controlling the training
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