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Introduction : Generative approach

training generating

Energy based models (RBMs, Generative Convnets)
Diffusion models, normalizing flows

Variational AutoEncoder (VAE)

Generative Adverarial Network (GAN)

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

31816/q 6/4]5]3[8 4]6]a/3]8 /9]¢
(1) on)  HHUEHEEINEHNAPCKIT
* Dataset X =<z, ... x

/1]310/8]0]1]7|L|8/5]0/3[2]3 2|1
BENEEHEINNNEEONN

Empirical Model

e_EG( ) Boltzmann distribution

Zg Eg(x)

pdata( )Npe( ):

Learning : adjust the parameters so that the dataset
configurations are typical configurations of the model. 5/76



visible variables

l Energy based models (EBMs) 5(v',/h; 9)

e Boltzmann Machines (Ising/Hopfield/Potts models) LK bl
7 atent variables

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

* Restricted Boltzmann Machines

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

* Deep Boltzmann Machines

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

 Generative ConvNets

- LeCun, Y., Chopra, S., Hadsell, R., Ranzato, M., & Huang, F. (2006). Image
A tutorial on energy-based learning. |

- Xie, J., Lu, Y., Zhu, S. C., & Wu, Y. (2016, June). A theory of L+ T]
generative convnet. al

28x 28




l Review of the training procedure
3/8]6/9/6]4[x3/7|4]6[3]]4|¢

et X — LD (M) \[5]0[5 /9] 4[V [©]3[0]L[2[39]%
¢t et | 3|0[810|n|7]|LB]4]0[3]9]3 2|7
HEAREISEANNEEERNn
Empirical Model o— Eq ([13)
Goal of the training: pdata(m) ~ Do (ZB) — 7
ata (L -likeli
Minimize Di1(Pastal|Po) = D Paata(®) log =2 t(:i) ) ogikelihood
Kullback-Leibler (KL) - Peo
dlvergence — Zpdata(w> logpdata(w) — pdata(w> logpo (w)

r N~ .

Constant




l Review of the training procedure

HEAREOSHRANHEERD
_X——{ﬂ” mwn} A[S[0]5]217 4]V [0[3]0]l]2]] 94
- ’ e o o 7

Dataset

/1310/20[17|%/8]5]0/3[2]3 2|1
8 ¢4 a1 0Cbso) ]

Empirical Model o
P e E%)Cx)

Goal of the training: pdata(x) ~ Dg (g;) — G
Gradient
ascent

VoL

M
Maximize the
log-likelihood (LL) {lXHJX) ) 10gp9<ﬁ7£ﬁ"”ﬂ o) gt OF
7 7 891

m=1

9—gt)
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l Training Energy-Based Models (EBMs)

Latent = correlations Marginal distribution
O OFO
S —&o(x,h) —FEo(x)
Bl NS _ 2t _ ¢
0:‘. ’:@ e 5(33, h7 0) — pe(m) o 7 o /
R O 0 o
1 AHOMORONO

Visible = data
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l Training Energy-Based Models (EBMs)

Latent = correlations Marginal distribution
O OFO
S —&o(x,h) —FEg(x)
h| S _ 2.n€ _¢€
L O = E(x,h;0) = pe(x) = =
u-i AV AN AN Ze ZQ
AIOJORONO

Visible = data .. . T
Training: maximize the log-likelinood

L(01X) = (logpo(@)),,... = (~Fo(@)),,... @

10/76



l Training Energy-Based Models (EBMs)

Latent = correlations Marginal distribution
O OFO
S —&o(x,h) —FEg(x)
h| S _ 2.n€ _ €
L O = E(x,h;0) = pe(x) = =
u-i AV AN AN Z@ ZH
AIOJORONO

Visible = data .. . T
Training: maximize the log-likelinood

L(8]X) = (logpo(x)),,... = (—Eo(x)) —@

\/

(Stochastic) gradient ascent

Pdata Pdata

VL =|(—VEp) —(—=VEs),,

Pdata

11776

Easy Hard = MCMC sampling



l Training Energy-Based Models (EBMs)

o Latent = correlatic =
h °§§'0$¢G Insufficient Monte Carlo samplings have strong effects on the
P2 =88 uality of the model learned
OSSOSO 1 BN
N * Decelle, Furtlehner, Seoane NeurIPS (2021)
ANOMORORO
— Agoritsas, Catania, Decelle, Seoane ICML (2023)
Visible = data
1 * Carbone, Decelle, Seoane, Rosset, arXiv: 2307.06797 (2023)
*  Béreux, Decelle, Furtlehner, Seoane - SciPost Physics (2023)
L(0|X) = d

(Stochastic) gradient ascent

VL =|(—VEp) —(—=VEs),,

Pdata

12/76

Easy Hard = MCMC sampling



l On the gradient ascent

Update rule: WV L = <—VE9>

Pdata - <__

o(

13/76



l On the gradient ascent

Update rule: WV L = <—VE9>

Pdata

— (=VEjp)

Pe

Fixedpoint: V /.y =0 —= <

OF
00;

D~

OF
00;

> \x
Peo

Moment matching statistics

14776



l On the gradient ascent

Update rule: WV Lo = <_VE6>pdata — <—VE9>p®
- OF OF
Fixedpoint: V /.y =0 —= 20 — 50 \
¢ Pdata 2 Do

Moment matching statistics
If the optimization problem is convex, as e.g. VFEg = f(x)

E=-5"0,88 -3 ns = { (5:53)
% i

Din <S?:Sj>pdata V1,7

<Si>pJ,h — <S?:>pdata 15776



Generating new samples

Markov Chain Monte Carlo

Empirical Model Dominated minimum Langevin dynamics
G_Ee () free-energy
configurations —  Generate new samples
Pdata(T) ~ 7 OF OF
0 4{33} o ~ ‘D — = ( — Vo,
cq, 8(91 801

Pdata o)

16/76



Me


Generating new samples

N Markov Chain Monte Carlo
Empirical Model

Dominated minimum Langevin dynamics
e—Fo(x) free-energy
configurations —  Generate new samples
pdata(x) ~ 7 o o
O {x}eqo ~D N = () v,

Pdata Do

Effective model
EO( ) for the data

= Free-energy landscape

Modeling, interpretability 7,76




Me


l Interpreting the energy function

18776



Nguyen, H. C., Zecchina, R., & Berg, J.

l Inverse Ising problem (2017) Advances in Physics

A SR Am | able to infer which was the

e

Interaction model that generated it?

EJ h Z JiiTix; — Z h;x;

Dataset




Applications I: reconstruction of neural
connections

ngurons
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Bialek, W., & Berry, M. J. (2014).



Applications II: Inverse Potts
Direct coupling analysis (DCA)

N, Ng
EJh Y S‘ Jgjl,Q2557;,q155¢,QQ o Zzhgési,q Sz — {17 <o 7Q}

1,j=1q1,2=1 1=1 g=1

ATIGO2065
ATIGZ0930
ATIG27360
ATIGZ7370
ATIGE3160
ATIGE9170
ATIGF6580
AT2G33810
AT2G42200
AT2G47070
AT3G15270
AT2G57920
ATIGH0030
ATSG18830
ATSG43270
ATSG50570
ATIGI0670

Model the “true”
fitness landscape

E
D
o]
D
DR
Y
D
E 5
E
E
o R
E s
D
E
D
D

Statistical sequence
landscape

w BB oW v e
FRARA SR RRARR AR R R AR TR R

- R
SOFS EYHKRHEK
Fs Evﬂxﬁnx
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Applications II: Inverse Potts
Direct coupling analysis (DCA)

N, Ng
EJ,h(S) Y Y J'L'qjl’Q255737Q1ésiaQQ o Zzhgési,q S; = {17 S 7Q}

1,j=1q1,2=1 1=1 g=1

Structure prediction

Model the “true”

variable conserved

active

site residue residue fitneSS /andscape
200, 10 100, 18] 10y
evolution RIDHRLEKHNDT
contact FLNGRLRHDDT
—” HERQITGHEHL R icti
KYRTRLTUDDL . Statistical sequence
RRAME:EVGHNLEKA asle H
TQKEG-LAHNGHG Iandscape
¢ Cocco, Feinauer, Figliuzzi, Monasson. Weigt, Rep. Prog. Phys. 81 (2018) 032601

coevolving
residues

22/76



Ex. Inverse Potts
Direct coupling analysis (DCA)

Ny Mutation prediction
d1,4q2 _ \
EJ,h( S S J 05,,q1 05,42 ZEo |
1,7J=14q1,2=1 i=1q — | DCA model
© |
o
— HE - H H : H i HY ‘. - 3\ ‘.D
1 2 ] 1 -] 2 : 12 4 1% o, el .- r. . e 1 ] = - - g -s o‘ —
dnd H R W HMCEE QN N I =
0 F H C <«
Structure prediction » B o
. variable conserved ol
agitllge residue residue o / — [qug 22002210 (((()]76?)
Neje’ Jo; jeje’ Yo Yo —— Dec. .
evolution FLNCRLRHDOT o | July 2020 (0.52)
contact o
> HERQ: TGHEXL ' ' ' ' ' '
KYRTRLTUDDL 1.0 0.8 0.6”0'.4 0.2 0.0
RRAMEVGHNLKA Specificity
TQKE:LAHNEKG
*W Cocco, Feinauer, Figliuzzi, Monasson. Weigt, Rep. Prog. Phys. 81 (2018) 032601

residues Rodriguez-Rivas, J., Croce, G., Muscat, M., & Weigt, M. 23/76

Proceedings of the National Academy of Sciences, (2022).



l Pairwise models : The Boltzmann machine

Hinton and Sejnowski (1983)

Ejn(x ZJZJCL‘ Tj — th‘%

Simple and easy to interpret, but are strongly limited...

24/76



l Pairwise models : The Boltzmann machine

Hinton and Sejnowski (1983)

Ejh ZJUCE CUJ thxz

. _ o BM inferred pairwise
Simple and easy to interpret, but are strongly limited... coupling matrix

100 4

BHAOENGERNGEEOOE .0
\S[6]5 7[7 4] 1 [o3[0[L[2]a 9[¢ -

/1310/20[17|%|8]3]0/3[2]3 2|1 .
8 44l 0o/ ]




Generation

I Pairwise models : The Bolt

the BM

We need to encode higher order correlations ! 8338333333
B339

323333283750

Ejn(x J 21 hex 222033333233
Z R Z e LYY Yy Y Y Yy yYyYy.

aaaagaoaoapaa
R 883988

Simple and easy to interpret, but are strongly limited...

31810/36]4/513 17 45/313 ¢ 4 ¢ [N ”I”
V15[0[5[7[7 4\ [o]3 [0k [2[q 94 -

1136 8[0[n]7]%[8]3]013[7[3[>[1 o N e
5 4[4[ 12[a€[ 1] 110/ Cels[0 1] - N I;




l Encoding high-order correlations

HEAREOSHRDHEEIRIE fi = (x;)
V51015919 4]V |o]3]0]k|2]]/9 4 g t/data
/1310/8]0]1 7|L/8]3]0/3]9]3 2|1 fii
BEINEEEINNNEELONN 2

— <$i$j > data

fijke = (i 2k) 40

firovin =Ty - Ti)) ) data

# parameters diverge too fast...

Zh XT; — ZJ@)ZEZ{L'J Z jkx%a:ja:k—z Jklmzmjkal+

17k 1Jkl




l Encoding high-order correlations

f- — (X;

( ()

But in real data the < >data
interactions are sparse fij — < ajiajj>data

Only some n-tuples of o = {rir.T
variables are correlated fzg k < ivg ok >data

fil'“in — <LE7;1 o 'xin>data

# parameters diverge too fast...

- Z hix; — Z Ji(yg)xixj - Z ‘](Jl-zx%xﬂxk - Z Ji(j’zlxz%wkxl U

(%] 17k 1kl




l Alternative solution: add hidden variables

w

H = — log Z ewT(Sl+S2) = — IOgQCOSh [w(Sl + SZ)]

= +1 Marginal
Si probability

= 41 H(S1,S2,7) = —wr(S1 + 55)
w

p(S17 SQ) —

T=+1 — —JS:Sy — J

=|cosh 2w = e

2J

J >0

—H(S1,S2)

29/76



l Alternative solution: add hidden variables

=41 H(Sl, 52,7') = —T(UJlSl + wQSQ)
w2

o—H(S1,82)

Sz’ — +1 Marginal p(51, S2) —

probability 7

H = —log Z o7 (W1S1+w2S2) _ —log 2 cosh [w.57 + w955

T==1
= —J5152 —J
The e
encoding is cosh(wq + wo
not unique ! = ( ) =e* | J>0 30776
cosh (wy — wsy)




l Alternative solution: add hidden variables
H(Sl, 52,7') = —T(w1$1 + we Sy + (9) + h1S1 + haSo

There are even more ways to encode the same
interaction if you consider biases...

31/76



l Alternative solution: add hidden variables

H(Sl, Ss, T) = —T(wlsl + woSo + w3S3 + w4S4)

W4y

H(Sl, Sy, 93, 54) = — log 2 cosh [wlSl + w989 + w3 S3 + w4S4]
= —J%) 819,858, — 28180 — 728,85 — 7P 818, — J2 6,85 — I 88, — 2SS, + C

In order to encode an interaction model with at most k-body interactions we need O(N,) hidden

nodes, with N, the number of non-zero J¥ couplings (# parameters O(N,)N) << O(N¥)
32/76



l The Restricted Boltzmann Machine

-Smolensky, P. (1986)

5 »4\
LA
Visible : data ;! L1 X2 X3 X4 I

Hidden : “Neurons” — features extracted

Universal approximator ! Le Roux and Bengio. Neural computation (2008)

33/76



l The Restricted Boltzmann Machine

-Smolensky, P. (1986)

B3 Samples generated with L] X9 X3 T4 Is

the RBM

Universal approximator !

Le Roux and Bengio. Neural computation (2008)

& 53
o=/
Pl il
2085
39S
NS¢
A ) 2

e O
57
9
[ 7
G |
¢ 7
R,
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l The Restricted Boltzmann Machine

-Smolensky, P. (1986)

B3 Samples generated with L] X9 X3 T4 Is

the RBM

The RBM is much more expressive than

the BM, but can we

T N L I L L N
ey o~ Wl —
NEPIREVENT S S
e T T AP
N DR ol -~

5346
e=z/ 76
e 7V ve
S0820
3305
NSy8Y9
A) 279

O v
/ Y,
l.'.} E"
vd =
| O
7 o
7 o

s
5
|
!
G
%
&

~1

make it just as interpretable?




HRBM Z b, U5 — Z In (1 + ecfﬁij Wij’l)j)

_ e
— —Zvaj - Z S35 Vi Vs — Z J;132j3vjlvj2vj3 + ...
J

J1>72 j1>J2> 43

The RBM as a model for interacting
spins

36/76



l From the RBM to a generalized Ising model

EFBM (1) = —log Ze—ge( h) The RBM Rewrite in terms of
" o, 7 0j,T € {£l}

7{(CT)2=1—-:E::ﬂUCZj-— 2{:]I1C08h(ZEE:TU@ﬂ7j+0{) .
J g J

37/76



l From the RBM to a generalized Ising model

Rewrite in terms of
—Eo(v,h
EgiBM< ) = —log (Ze o ( )) The RBM o, T 0,Ti c { 1}
h

— _an()'j — ZIDCOSh (Zwijaj “I_Cz) .
J g J
= — anaj — Z Hci,ja; Zlncosh (Z W0’ + Cz) :
J o’ J g J
= — anaj — 2% ZH (1+0j50%) Zlncosh (Z w0 + Ci> .
j o] ' j
— _ZHjO-J Z jljgo-Jlo-jQ - Z ]132]30310j20j3 - 38/ 76
J

J1>J2 J1>7J2>73




l From the RBM to a generalized Ising model

Rewrite in terms of
RBM _Eo(v,h
) g (o) meren G )
h
_ZHJUJ Z ]1j20'310j2_ Z 3132330310j20j3_
J J1>72 Jj1>32>73

I 1 / /
gg&rj\zg o Hj = + o Z} ; T In cosh (; Wik O -+ Cz>

which effective
Ising Model it

(n) 1 S Y / S wirdl + G
correspondsto | J, . = SN, 0j, -..0; Incosh W0y + G
o/ 1 k

39/76




l From the RBM to a generalized Ising model

Introduce the random variable

Ny
Xi(‘h”'jn) = E W; j o’ Central limit theorem
n ]

p=n-+1

1

cosh (Ci + w;; + X’i(j)) ]
cosh (CZ- — Wi5 + Xi(j)>
cosh (Q + w;j, + wij, + X@(J’lj’ﬁ) x cosh <C@- — (Wi, +wij,) + Xi(jle)) }

cosh (Cz + (wijl _ wz’j2> + Xz'(jle)) % cosh (Cz . (wz’jl . wij2> 4+ X,L-(jlh))

2 _1 -
lejg — Z ZEX%'(]UZ) |:1Il




l Numerical controlled experiments

Horlgmal

""

: - 't' ., “”: b .|
_ %ﬁﬁ’éﬁ" %

Lm

Z hio; — Z J*(Q)Jzaj — Z J*](,f)azajak

17k

Generate equilibrium samples
With a known model

41/76



Pipeline of the numerical test ~ Decelle, Furtehner, Navas

Gomez, Seoane,

arXiv:2309.02292
o W . bﬁ_ h

l Infer the effective couplings out of

Generate a dataset of
generalized Ising model (GIM)
eqguilibrium samples

Lo Train an RBM using this dataset

the trained REM models

H{(W.b.h)..J."" (W.b.h)

NN Y
Ferromagnetic 2D Ising Model Disordered 2D Ising Model

) o,
Compare with the true " l._."'.-._-'l-. J
couplings used to -._1'-.::_ '-._L
generate the samples ey '-:-.:- gl
S
True .q::.‘.‘.'l.'.
*(2) T
g : o b,
i il T
J2 e E i
] T
RBM-inferred -3 —F=-02 -1 ] 1.1 =02 0.3




l “Experimental test”

(2) Coupling matrix
ﬁlejz used to generate the
samples

(2) *(2)
Zj1>j2 ( J1J2 5‘]3132)

A2 =

*(2)2
\ Z]l>]2 6 7172

Inferred coupling matrix We want to recover:

* The connectivity network
* The coupling strength

43 /76



1D Ising model 3=0.2

M
(d) 3 10 E 10 B 100l Tree
ID Ising Model (L = 50, § = 0.2) Fields X 2-Body Couplings 3-Body Couplings
(a) | |
0.05 A 1
9} 10%
Z 10" 4
= 0.00 N =
= 1 I
= 1 10" -
—0.05 4 H
100 4 0 o . . .
(b) -0.2 0.0 0.2 -0.2 0.0 0.2 —0.2 0.0 0.2
0.2 fm—mmmmm = H J2 JB
(e) Coupling Matrices

Uncoupled sites

Coupled sites /

M = 10° (Ao = 1.0) M = 10* (A = 0.28) . M = 10° (Aye = 0.09)

0

0.0 1
20 A
(C) 1.0 A 0
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1D Ising model 3=0.2
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l 1D Ismg + 3-body mteractlons

Couphng Matrix (A2 =0.31)
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2D Ising model

Ferromagnetic 2D Ising Model
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l Previous attempts .

G. Cossu, L. Del Debbio, T. Giani, A.
Khamseh and M. Wilson, Phys. Rev. B (2019)
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. N. Bulso and Y. Roud;,
Previous attem ptS Neural Computation (2021)
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l Beyond Ising spins
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Hidden Layer

l From ISing to POttS (“';;1)(“

Visible Layer

One can generalize to Potts variables

N, N, q N, q Ny, N,
S S S a § E a E
1=1 5=1 a=1 7=1a=1 1=1

Hrpm(v) = =3 Y 6%, — > I Y exp (cihi +hiy > Wicgaavj>
J a ) h; 7 a

=Y " - Z 3 (b;‘ - Z /«;,EUW;;) Sav; — % 3 (Z e Wéc;z;) Saroy, - Oanos,
J a 7 7

3 k>1 Jlyeees Tk Q1yeeey Ak
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Hidden Layer

l From Ising to Potts s

Visible Layer

We can use it to infer

Ji T (w,m, 0)

HreMm(v) = — Z Z 0% 0av; — Z In Z exp (cihi + h; Z Z Wi‘;(San)
J a ) h; 7 a

=Y " - Z 3 (b? - Z /f,El)W{;) Sav; — Y % | Z (Z P VA W;ﬁ> Saroy, - Oanos,
7 a 7 k 7

( k>1 Jlyeees Jk Q1,...,0
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l Main difficulty: gauge symmetry

Ny N, ¢ Ny,
HRBM 'U h Zzzh cw‘7 _ Zzb;‘béavj - Zcihz
=1

1=1 5=1a=1 j=1a=1

: W-a’ — W-a- + Aij
Invariant
under the ba — ba + B,
transformation
C; — C; — Z Aij

J
The gauge transformation changes all orders of interaction !

And the zero sum gauge in the RBM is not equivalent to the zero sum gauge in the

effective Potts model 53/76



l Blume-Emery-Griffiths Model model

Model for liquid “He—He mixtures,

Hea = —J Z 0j1052 — DZO_? _ hZO’j 05 € {_1707 1}
J J

(J1j2)

@ §:’20)tts Y S: J*j(12j)2 hadz 50,11131 5a21)j2 T Z Z H;aCsa,j

7J1<J2 a1,a2 7 a

o =—1<xwv;=1
O'jZlHUjZQ
O'j:OHUjZS,
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Jaiar _

J1J2

Blume-Emery-Griffiths Model model
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A ‘ RBM Inference

training data

l RBM Inference I




Decelle, A., Rosset, L., & Seoane, B. PRE (2023)

l Analyzing the free energy landscape

56/76



l Free energy landscape

* We want to use this landscape to get a notion also to identify
groups of similar sequences

* We want to obtain f(M) as a function of the probability of having
variables v and h activated M={{f}, {m }}

« logZ =log Z e~ NF M) Find the Ms with lower f(M)
M

We can use
basins of
attraction to
cluster data points

O :data
ZL:minima

5717176



l Approximate the free energy

* We use the Plefka expansion to approximate f(iM)

2 2
. (2) M Ofs(M) B2 0 fs(M)
—quaq+2mub —qulogfq Zmulogmu (1 —my)log(l —my) +5quwqmﬂ B Zm“ m)z gu)fo—ZngufEQ.

tqp iq

 Minima Vf(M)=0 = setof self-consistent equations (TAP eqgs.)

a _ N
C =+ 1] - signoid [, + > fiud + (malt - 3) (Z (Zf o ) YA [ﬂ)_ D
fE[t + 1] ¢ softmax, [af + 3 mpft+ 1wl > (my[t+ 1] — m2[t+1]) ( —w wz 21 w)

N /

Solve iteratively
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l Approximate the free energy

* Minima Vf(M) =0 = set of self-consistent equations (TAP egs.)

- I
C my [t + 1] « sigmoid [bu + EZ fi [tlwi, + (m“[t] - %) (Z (Zj et ) zZ VR ]) D
[t + 1] < softmax, [ag + Z my[t + 1w, + z(m“‘[t +1] - -mi[t 1) (i(wgﬂ)g ~ Z Ll )

N ’ _

Solve iteratively




Basin of attraction: class
Fixed point: “representative”
features

I

1
1 prineipal component

* Minima Vf(M) =0 = set of self-consistent equations (TAP egs.)

/ )
C my[t + 1] < sigmoid [bu + Z fi[tlwi, + (Jrn,ﬂ[?L ) (Z (Zj [t]w m) — Z w) It ]) D
[t + 1] < softmax, [af + Z my[t + w» + z my[t + 1] —m [t +1]) ( 1#)2 - u}g,u I [t )

\ o : —

Solve iteratively




l Data has a hierarchical organization

| In order to be expressive enough, the RBM must
describe all possible levels of similarity

The closest fixed point might be too detailed to
be useful for a general classification

61/76



l Data has a hierarchical organization

In order to be expressive enough, the RBM must
describe all possible levels of similarity

The closest fixed point might be too detailed to
be useful for a general classification

I 2
How do we detect larger basins? 62 /76



l The RBM learns in an hierarchical way

Save machines

+ + + + - training (age)

+440

More are more structure
added to the model

63/76



l The RBM learns in an hierarchical way

The W encode the PCA
of the dataset: Pairwise correlations  Higher order correlations

Save maghines >
+ + ot training (age)
-ttt t trtrt >
More are more structure
added to the model
* Decelle, Fissore and Furtlehner, Spectral dynamics of learning in restricted boltzmann machines (2017) 64/76

* Decelle, & Furtlehner, Restricted Boltzmann machine: Recent advances and mean-field theory (2021)



Hierarchical
Clustering




Hierarchical
Clustering

BE e LN

®
o 900 [ ]
* ® g. {} : fixed points

initial conditions

5 99979909 =
+ ‘jﬁ 66 /76
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l Example: synthetic evolutionary data

@)
—
@
=

A) B)

Nv

0100...0000
0101..0100

1100..1000
0001..0101

2 principal component

e

1 principal component
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l Example: synthetic evolutionary data

A)

Nv
0100...0000
0101..0100
1100..1000
0001...0101

B)

O

2 principal component

a3

1 principal component

Build a tree
Using machines saved during

the training 63 / 76



l Synthetic data

Real tree

Reconstruction

69/76
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Hierarchical

Clustering
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Q 1

MNIST data o
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Hierarchical R
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Clustering N\
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l Protein function classification

ProfileView classification ‘ \ ﬂ I " ' . .
B v e \ g \m\};_m,\}}.lt.1u“H.f.f!w_dg,,,,,/ CPF protein family
[ nery oUiRRAT| |"| |7

|

[ ] class 1 cPD photolyase

|:| Class || CPD photolyase
[ ] Plant-like photoreceptor CRY

|:| Animal photoreceptor CRY
[ ] crRyDAsH

[T (6-4) photolyase

|:| Trans. regulators

L] A

. Plant photoreceptor CRY
[] ciass 1 cPD photolyase

Experimental classification
@ 6-4 photolyase

. CPD photalyase

(O circadian

. Photoreceptar

@ ssDNA photolyase

1y g \ 73/76



Hierarchical
Clustering

Automatically label

sequences based on a few
examples

//
Z
Subfamilies

GH30_1

@ cH30_10
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GH30_4

=

Y Z

= 2

—
=
—
-

GH30_5

GH30_6
GH30_7
GH30_8
GH30_9
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l Conclusions

* RBMs are both expressive and simple
* The are as interpretable as the Boltzmann Machines

* They can be used to infer multi-body interactions without
blowing the number of parameters

* We have mappings between the:

* Bernouilli-Bernoulli RBM — Generalized Ising model

* Bernouilli-Potts RBM —» Generalized Potts model (still
testing)

* We can use the RBM for hierarchical clustering 75176
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