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My Story on EBM

First meet EBMs

Generated by score

Stein method...

Slice, diffusion, flow...
Discrete variables...
Representation Learning...

Obsessed by VI



Binary representation learning on text

* Generative hashing
po(x,z) = pe(x|2)p(2)

X = {Wl,WZ, "'»Wlxl} Z = {O,l}m

One-hot representation Binary codes

 Softmax decoder

exp(zTEWi + bl)
Z|]V:|1 exp(ZTEWj + bj)

po(w;|z) =

pe(x|z) = Hlill pe (w;|z) (iid. assumption)

Shen and Su. NASH: Toward End-to-End Neural Architecture for Generative Semantic Hashing. ACL 2018



Variational inference

 Evidence lower bound

logp(x) = ELBO + KL(qy(z|x)||p(2))
Pe (X|Z)P(Z)]
q¢(z|x)

= ELBO = Eq¢(Z|X) [log

* Consistent learning & inference
po(x|2)p(2)
q¢(z|x)

Independent among data

L= Epkqy @ llog

q¢(Z|x) = N(Z|M¢(X), diag(aé (x))) Independent among bits

Our focus: breaking the independence assumption!!!

Zheng and Su. Generative Semantic Hashing Enhanced via Boltzmmann Machines. ACL 2020 3



Boltzmann machine as posterior ?

* Lower rank perturbation | |
“covariance matrix”

1 1
b(z) = ~ exp (E z'Sz + u''z)

Y=D+UUT (diagonal + low-rand perturbation matrix)

* Reparameterization P p(r)z—l_L_l(eri+1)]\f(r; )

b(2) = [ p(zlr)p(r)dr Z

z~b(z)=r~p(r)z~pz|r)

~ _IT (o (r
p(z|r) nileernoulll(a(n))

g (z|x) = Eq, orpx)[Bernoulli(z; )] m}v

Boltzmann machine as variational posterior

Zheng and Su. Generative Semantic Hashing Enhanced via Boltzmmann Machines. ACL 2020



Cancel out partition function

 Evidence lower bound

-]

po(x|2)p(z)

L = Eqd,(le) [log + 10gZ¢

1
Ey(2) = — EZTZQ,, (x)z — ul(x)z

* An asymptotically-exact lower bound @ =1y pir)
Lp=L—E KL(h(z z|x ~A
k q¢(r(1...k)|x)[ (hi(2)lqe(z]x))] <

= Eqy(z1)logpg(x,2)] — E qd)(r(l...k)|x)Ehk(z) [log hy(2)]

Ly < Ligyq limgooLy =L

Ranganath et al. Hierarchical Variational Models. ICML 2016
Yin and Zhou. Semi-Implicit Variational Inference. ICML 2018
Zheng and Su. Generative Semantic Hashing Enhanced via Boltzmann Machines. ACL 2020
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Data dependence prior

'y WO ...

X1 X X3
p(X,Z) = pe(X|Z)p;(2) X = {x1,%2, X3} p(X,Z) = pe(X|Z)pc(2)
data independence prior data dependence prior
denote as X; p:(2) pe (2) denote as X
- 1 0 0 1 10 PN
ee =10 1 0 Ye=[1 1 0 Z
0 0 1 0 0 1

L= Eq,zpx)108Pe(X12)] = KL(ay(ZI)|Ip6(2)) _,

“curse-of-dimensionality”



Spanning-tree approximations

P6(zizj)
pc(zi)pg(z))

pr(Z) = llicv e (2) i jyee

d¢(ZiZjlxixj)
d¢ (zilxi)qg(zjlx;)

qr(Z|1X) = [liev 99 (Zilx:) 1 jyes

Variance of q4(z;, z;|x;, x;):
LU Yij € (0,1): positive correlated

diag(o?) diag(yi;©0;O0;)
diag(yij©o;©0;) diag (0}2)

Ou and Su. Integrating Semantics and Neighborhood Information with Graph-Driven Generative Models for Document Retrieval. ACL 2021



Spanning-tree approximations
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Graph driven Tree approximation Mean field
Ly = ) Eq,llogps(ailz)] — KL(ag (2| Ip6(2)) >
IEV
= > (k1 (ap(z ) IIp6(21.%)) = KL (a5 G0lI6 (20 ) = KL (49(2)1Ip6(2))
(i,j)ee

Ou and Su. Integrating Semantics and Neighborhood Information with Graph-Driven Generative Models for Document Retrieval. ACL 2021 9



Extending to multiple trees

1
pur(2) =7 ) pr(2)

TETG

1
qur(Z) = i 2 qr(Z|X)

/ 1\

— 1
Lyr ==L
MT = 7 ~T

Z/@ T,
Z\@ T,
:>@ "
Te = {T1»T2;T3}

Ou and Su. Integrating Semantics and Neighborhood Information with Graph-Driven Generative Models for Document Retrieval. ACL 2021 10



Looking forward

Structured representation learning
* Expressive prior & posterior
* Combine with advances in GNNs
* Graphical models meet Deep Learning
(GNN as message passing)

11



Enhancing score matching via flow

* Fitting student-t with score matching

20

1
F(p,q) =5 By lIVx log g (x) — Vi log p(x)|I%]

101

Loss

pdata(x) — Tv=5(0; 0-3) do (x) = Tv=5(9» 0-3)

0.

—5-

SM Loss for Student-t distribution at different 6

151

54

Score Matching

Valid Init. Region
e  Ground Truth

e A

Gong and Li. Interpreting diffusion score matching using normalizing flow. ICML 2021 INNF+ workshop 12




Enhancing score matching via flow

Fisher Divergence With diffusion matrix m(x) Diffusion Score Matching
1 ' 1 2
F(p,q) = 5 Ep[llVx log q(x) = Vs log p(x) 1] Fn(0, @) = S Ep[[[m(x)" (Vx log g (x) = Vx log p(x))||']
SM and DSM Loss for Student-t distribution at different 6
20/ |
—— DSM with manual flow
———————— Manual flow 6
15/ Score Matching
Fast region (Manual flow)
e Ground Truth
101
5_
04
—-51
-4 -2 0 2 4
Mean 6
Barp et al. Minimum Stein Discrepancy Estimators. NIPS 2019 13

Gong and Li. Interpreting diffusion score matching using normalizing flow. ICML 2021 INNF+ workshop



Enhancing score matching via flow

* Interpreting DSM using flows

invertible flow Y = T'(X)

e T = wrooy "
ar ! . _ T *(y)
py(y) = PX(T_l(y)) det 5y(y) qy (y) = CIX(T 1()’)) ‘det 3y

Fisher Divergence 1 (x) = (v,T(X))~* Diffusion Score Matching
F(px, qx) > F(py, qy) = Fn(px, qx)

Gong and Li. Interpreting diffusion score matching using normalizing flow. ICML 2021 INNF+ workshop

14



Enhancing score matching via flow

* Interpreting DSM using flows

invertible flow Y = T'(X)

Pt m(x) = (V,T(X)™ S
py() = px(T7* () detaT;y(y ) ) = qx (T () ‘det

1
F(py, qy) = 5 Eqy[lIVy log py (¥) — V,, log gy W)II*]

1
=2 Ear [”Vy log px (T~ (»)) — Vy log qx (T () ”2]

Gong and Li. Interpreting diffusion score matching using normalizing flow. ICML 2021 INNF+ workshop

d

T~ ')
dy

15



Enhancing score matching via flow

* Interpreting DSM using flows

invertible flow Y = T'(X)

Px, dx m(x) _ (VxT(X))—l > Dy, Qy
-~ T !
Py () = px(T7 ) detaTaly(y) 0y () = ax(T7* () ‘det ay(y)‘
F(py, qY)
1 i
50 15, o2 (0) -, s O

= > Eqy |97 007 (Vr-1y) l0g P (T2 (D) = V=10 log ax (T )]

Gong and Li. Interpreting diffusion score matching using normalizing flow. ICML 2021 INNF+ workshop 16



Enhancing score matching via flow

* Interpreting DSM using flows

invertible flow Y = T'(X)

Px, 4x ) = (V.T(0)-! > Py, Qy
aT ! (- oT ' (¥)
py(y) = px(T71(y)) |det ay(y) ) = qx (T () ‘det 3y ‘

F(py,qy)

1

=5 Eay “|VyT'1(y)T(VT—1(y> log px (T~ () = V-1 log ax (T~ (1)) ”2]

1
= 5 EqullIVaTC)™ (Vx log px (x) — Vi log qx () I”]

Gong and Li. Interpreting diffusion score matching using normalizing flow. ICML 2021 INNF+ workshop

17



Enhancing score matching via flow

SM and DSM Loss for Student-t distribution at different 6

. . . [ ————— = ————
invertible flow Y = T(X) 201 —— DSM with Gaussian flow

Px, dx >Pv.y T~ Gaussian
_ -1 ussian flow 6
m(x) - (VxT(X)) —— DSM with manual flow
151 | Manual flow 6

pdata(x) - Tv=5(0) 03) q9 (x) = T‘U=5(0' 03) 10-

Score Matching

Fast region (Gaussian flow)
Fast region (Manual flow)
e Ground Truth

I

Fu(p,0) = 5 E, [Im()" (7, log ) — V. log p ()| 5.

DSM: m(x) = (1 + ("“’)2)

0.6 =51 m(x) = (VT

Gaussian flow: Tg(x) = Fz1 o Fy(x)
_10 .

Gong and Li. Interpreting diffusion score matching using normalizing flow. ICML 2021 INNF+ workshop 18



flow?

How to design

19



Sampling from discrete EBMs
po(x) = ZPLED v € (0,137, 7 = [ f(x)dx

* Metropolis-Hastings sampling
Proposal distribution q(x_;|x):

sample index i ~ q(i|x), set x_; = flip_dim(x, i)

Acceptance rate:

q(i|x_;) 1}

min {exp(f(x_i) —f(x)) (i)

How to design q(i|x)?

20



Sampling from discrete EBMs
po(x) = ZPLED v € (0,137, 7 = [ f(x)dx

* Metropolis-Hastings sampling

Acceptance rate:

q(ilx_;) 1}

i {P;Xp(f (-0 =)y

I
high to proposals have high likelihood

q(ilx) < exp(f(x_;) — f(x))

Grathwohl et al. Oops | Took A Gradient: Scalable Sampling for Discrete Distributions. ICML 2021

computational complexity

o(D) s

21



Sampling from discrete EBMs
po(x) = ZPLED v € (0,137, 7 = [ f(x)dx

* Metropolis-Hastings sampling

Proposal distribution computational complexity

Q(l|X) X exp(f(x_i) — f(X)) O(D) -

First order Taylor approximationl%o. ifx =1 ]

flx_) = f(x) = (x_; — %)V, f(x)
= (—(2x = DOV,f(x)),

computational complexity
a0 < exp((-@x - DOVS@),)  0(1) &

Grathwohl et al. Oops | Took A Gradient: Scalable Sampling for Discrete Distributions. ICML 2021

22



Sampling from discrete EBMs

a(ilx) « exp ((—(2x - DOV.F(),)

Target Distribution Underlying Continuous Function

Compute gradients
of continuous
function

—_—

Estimate
likelihood ratios

Take softmax to obtain
proposal in original

discrete space N .
Updated Sample i Proposal Distribution
Sample
from proposal
h 4

Metropolis-Hastings N
Step ? I Cr

Grathwohl et al. Oops | Took A Gradient: Scalable Sampling for Discrete Distributions. ICML 2021



Applying gradients to ratio matching

* Ratio matching computational complexity

q(x—;) px_)\*| O(D)
Z<1°g '® % ) ]
e

cancel out partition function

Fr(p;q) = E,

* Continuous gradients relaxation

logp(x_;) —logp(x) o (x_; — x)"V, logp(x)

= (—(2x — 1)OV,log p(x)); . .
computational complexity

Fri(®; @) = Ep |[|-(2x — 1)T(V, log q(x) - V, logp®))||"]  O(1)

Diffusion/flow score matching: m(x) = V,T(x)"™!1 = —(2x — 1) :
24



Applying gradients to ratio matching

1
p(x) o exp(z xTex +uTx) x={01}"

1 15 . .
4T T —— Ratio Matching
X
de (X) exp (2 X ng + [.ng) General Score Matching
10 —— Gradient Ratio Matching
* Ratio matching 2
— 5 .
m
q(x) 1
L=F,|) f Fx) = 01
p . f q(x_i) f( ) 1 + xz 1 1 I I I 1 1 1
1=1 0 200 400 600 800 1000 1200 1400
. Epochs
* General score matching
. , v 1.42 A
q(x) 5 1.40 1
=1 q(x—i) = 1.38 1
= ©
% 1.36 4 —— Ratio Matching
: : i O G IS Matchi
* Gradient ratio matching T 1585| ersdient curlo Marihiie e

L =E,[ll-(2x — 1)"(V, logq(x) — V, logp(x))I°] 0 200 400 600 i 8:)0 1000 1200 1400
pochs

25



Looking forward

* EBM learning
* Efficient and accurate gradient estimation
(slice, diffusion, stein method)
* Discrete variables (relaxed by gradients,
enhanced by flow)
* EBM Inference
* Sampling from EBMSs (graph generation)
* Latent variables (representation learning)

26



