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Structured Prediction Problem

e Unstructured prediction

x={F1 Ko v Y=

'

e Structured prediction
« Part of speech tagging

X = "Doyou wantsugarinit?” = ¥ = <verb pron verb noun prep pron>

« Image segmentation

: X1 Xi2o... yu 2 ...
x=| X2 X2 .. y=| ¥ Y2 ...
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Laplace Max-margin Markov Networks

- Inputs:

and '_U'; eC £~ {{‘| &
« Outputs:

et

— aset of training samples D = {(x'.y')}.\,, where x' = [z},

Classical Predictive Models

Lo,
2

— a predictive function h(x) : y* = h(x) £ argmax F(x. y: w)
« Examples: F(x.y:w) = g(wTf(x.y))

— Logistic Regression, Bayes classifiers

*  Max-likelihood estimation
v
E.g.. maxL(D:w) 2 Z log ply'|x")
i=1

expiw T f{x.y))
;Jllrj|)\'f = Pt .

3_‘,!:, exp{wTf(x.1)}

—  Support Vector Machines (SVM)
®  Max-margin learning
v
1T o
t\];tél Ew w + L‘E,:
i=1

wiAfi(y) > 1-&.

s.t.

Vi, Yy # i

Advantages:

1.Full probabilistic semantics

2.Straightforward Bayesian or direct regularization
wLP 3.Hidden structures or generative hierarchy

Advantages:

1.Dual sparsity: few support vectors
2.Kernel tricks

3.Strong empirical results
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Structured Prediction Models

¢ Conditional Random Fields
(CRFS) (Lafferty et al 2001)
Based on Logistic Regression

Max-likelihood estimation (point-
estimate)

N
max L(D;w) 2 Z log p(y'|x")
i=1

exp{w f(x.y)}
v exp{wTf(x,y)}

ply|x) = >

st ViVy #y' o wTAf(y) > Ali(y) -

Max-margin Markov Networks
(M3NS) (Taskar et al 2003)

Based on SVM

Max-margin learning ( point-estimate)

v
1 . -
y INY - v lelf2 v
PO (M®N) : 1‘1\ll.|;1 2||\=6,|| +C ZE,
i=1

£
wiv i

>0,

where WTAf;(y|X5) denotes the margin
and Af;(y) is a loss function.

Challenges:
» SPARSE prediction model
* Prior information of structures
» Scalable to large-scale problems
(e.g., 10% input/output dimension)
wLPR 2009 @ Beijing, China
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Laplace Max-margin Markov Networks

Qutline

e Structured sparse regression

¢ Graph-guided fused lasso: unlinked SNPs to trait networks (kim and
Xing, PL0OS Genetics)

« Temporally-smoothed graph regression: learning time-varying
graphs (Ahmed and Xing, PNAS 2009, Kolar and Xing, under review, Annals of Statistics)

e Maximum entropy discrimination Markov networks
General Theorems (zhu and Xing, JMLR submitted)
Gaussian MEDN: reduction to M3N (zhu, Xing and Zhang, ICML 08)
Laplace MEDN: a sparse M3N (zhu, Xing and Zhang, ICML 08)
Partially observed MEDN: (zhu, Xing and Zhang, NIPS 08)
Max-margin/Max entropy topic model: (zhu, Ahmed, and Xing, ICML 09)
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Max-Margin Learning Paradigms

- = I ;
eEE e

1 2 =
min 2IWI + _LS,

£
Si

gkl

1

i e[| v
min  —||w|[*4C
Wi 2' I 1

i=1
yiw ki >1-g, v 1 w' [f(xi —f(x\ ¥ = 6y y) — &, Wiy E Y

y = sign({f (X, W))ocw) Primal and Dual sparse!

nli:" KL(Q(1Q0)

Vi)l 2 & Vi
wLPR 2009 @ Beijing, China 8/6/2009 /




Laplace Max-margin Markov Networks

Primal and Dual Problems of M3Ns

e Primal problem: e Dual problem:
. . 1
N AN T
1 . : DO (M°N) : max ai(y)IAG(y) —=n'n
Po (M3N) : min Slwl® +C> & o Z 2
i=1 ) ,
S ViVY £y wTAR(Y) = Al(y) — &, | | 5t Vis ¥y 1 D aily) = Ot ai(y) 2 0.
=0, o
- where 1 = Zu,qy]Af,ty].
¢ Algorithms wy
Cutting plane e Algorithms:
Sub-gradient - SMO
— Exponentiated gradient

wh =1t =) ol (v)Afi(y).
Ly
* So, M2N is dual sparse!

\_VLPR 2009 @ Beiiing, China 8/6/2009 ﬂ/
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MLE versus max-margin learning

¢ Likelihood-based estimation e Max-margin learning
Probabilistic (joint/conditional — Non-probabilistic (concentrate on input-
likelihood model) output mapping)
Easy to perform Bayesian learning, —  Not obvious how to perform Bayesian
and incorporate prior knowledge, learning or consider prior, and missing data
latent structures, missing data - Sound theoretical guarantee with limited
Bayesian regularization!! samples

* Maximum Entropy Discrimination (MED) (Jaakkola, et al., 1999)
— Model averaging g = sign [ p(w)F(2:w) dw (ye{+1,—1})
— The optimization problem (binary classitication)

min KL{p(0)|lpa(©))

M l*]‘-l) subsumes SVM.

Bk ,f’ P IR Gy YT OGN o W Wy

where © s the parameter w when & are kept fized or the pair (w.§)
when we want to optimize over £

\_VLPR 2009 @ Beijing, China 8/6/2009 e/




Laplace Max-margin Markov Networks

MaxEnt Discrimination Markov Network

e Structured MaxEnt Discrimination (SMED):

P1: miu: |1"\' L(p(w)||po(w)) +1 '[.:'J|

pwlE

s.t. plw) € Fp. & > 0,Vi.

generalized maximum entropy or regularized KL-divergence

¢ Feasible subspace of weight distribution:

A= {piw] : /pl_wj[_\f-}ly:w] — Al(y)]dw > —&.| Vi, Yy # _\_«"}.

expected margin constraints. Po

Dip.po) = K L{p|lpo)

o Average from distribution of M3Ns

\v
hl(x:p(w_]) = arg max /p{w]l-'(x.y:w)dw p >

yeV(x]

Q/LPR 2009 @ Beijing, China
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Solution to MaxEnDNet

e Theorem 1:
Posterior Distribution:

1
(W) = Zrgpo(w) exp { 3 ai(0)[AFi(y: w) — Ali(y)]}

iy

Dual Optimization Problem:

D1 max — log Z(a) — U™ (ax)
L)

st ogly) = 0, Vi, Wy,

L7*(-) is the conjugate of the U{-), i.e., U*(a) = supg (Z,__\- ol v)E I'[{))

wLPR 2009 @ Beijing, China 8/6/2009




Laplace Max-margin Markov Networks

Gaussian MaxEnDNet (reduction to M3N)

e Theorem 2

Assume Fix.y:w)=w J fix,y), U(&) = ("ZE,.;mcl po(w) = N(wl0. 1)

i

N(wpiw. I), where py, Z i (v )AL (y)

iy

Posterior distribution: p(w)
Dual optimization:

1 )
max Y oi(y)AL(y) - 5| adly)Af(y)|?
» oo

iy

st Zr\,{_\'} =C: aly) 2 0, Vi, Yy,
S

Predictive rule:

hy(x) = arg ‘m)il\,< / plw)Fi(x.y:w)dw = arg _vlc”J;'!l-i: Ira\:,,.f(:rc. ¥)
e Thus, MaxEnDNet subsumes M3Ns and admits all the
merits of max-margin learning

o Furthermore, MaxEnDNet has at least three
advantages ...

Q/LPR 2009 @ Beijing, China
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Three Advantages

¢ An averaging Model: PAC-Bayesian prediction error
guarantee

¢ ERL(p)[po) (N V]) + In N 4 Ind=Ty
Pro(M(h.x.y) <0) < Prp(M(h,x,¥) <)+ u(\ :Apllro) .\_J I ! ! }

e Entropy regularization: Introducing useful biases
= Standard Normal prior => reduction to standard M3N (we've seen it)
= Laplace prior => Posterior

shrinkage effects (sparse M3N)

o 21
Yk, (wp), = ! =
A — 15

—=
¢ Integrating Generative and Discriminative principles
= Incorporate latent variables and structures (POMEN)

= Semisupervised learning (with partially labeled data)
wLPR 2009 @ Beijing, China

8/6/2009 @/




Laplace Max-margin Markov Networks

= gLy

INGRLY
thlid &

I: Generalization Guarantee

e MaxEntNet is an averaging model

e Theorem 3 (PAC-Bayes Bound)

Let pg be any continuous probability distribution over H and § € (0,1)

VEeH: X xYr[—cd

If
Then with probability at least 1 — ¢ over random samples D of Q, for very
distribution p over H and for all margin thresholds v > 0
[v=2KL(p|lpo) n(N|Y|) + n N + In 5"
Pro(M(h.x,y) <0) < Prp(M(h,x,y) <7) +U(1‘."II  Lip||po) In \;l )+ N +In¢ )

where Prg(.) and Prp(.) represent the prob. of event under dist. € and D, respectively.
8/6/2009 @/
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[l Laplace MaxEnDNet (primal sparse M3N)

e Laplace Prior:
K - - - )

m(w) = H Q;- VA | (T'\)f" VA wl|
k=1 = =

e Corollary 4: 1
e Under a Laplace MaxEnDNet, the posterior mean of

parameter vector w is:
2
Vi, (W), = 5
(wr); A=t
where the vector 4 is a linear combination of "support vectors”

n=3 aily)afi(y)

o

e The Gaussian MaxEnDNet and the regular M3N has no

such shrinkage

(w) p=1N

« there, we have
= Yk (wy)p, =
8/6/2009

wLPR 2009 @ Beijing, China



Laplace Max-margin Markov Networks

L N

min [p] + £

st AR(y) > Al(y) - &: & >0, Vi, Yy #y'.

LapMEDN vs. L, and L, regularlzatlon

e Corollary 5: LapMEDN corresponding to solving the
following primal optimization problem:

KN IIr— N
— 1 \f)\ 1
min \//\Z p 1+ ) ('ZE,
s \/ i=1
s.b p _\frlyl > AG(y) =& & =0, Vi, Yy #y'.
o 1 N ES |)

o KL norm: |lufxe 2 Z (ﬁv e 7 1o

Vs =

Ly and L2 norms KL norms '
Q/LPR 2009 @ Beijing, China 8/6/2009 /

$ 92 [/RIE (2D W N

|toraey o St il g i ergrabe s

Variational Learning of LapMEDN
e Exact dual function is hard to c_)ptimize

i \
max L — log ———
R
k=1

e Use the hierarchical representation, we get:
KL(p|lpa) = —H(p) — (log [j}{wlT}jJ[le\Jt!T}J,

plw|r)p(r|A)

= —H(p) — (/ q(7)log (1)

dr ), & Lip(w),q(7))

* We optimize an upper bound:
min Lpw).q(7)) + U(§)
- . p(w)EF15q(T)i€
e Why is it easier?

Alternating minimization leads to nicer optimization problems

Keep q(7) fixed Keep p(w)fixed

-The effective prior is normal \em\ - Closzed form solution ofg(7)and its e‘q}ecta tion
{—\\0 .

i ,nn[:um &Mﬂ Vo) O‘tf\‘”*)l

\ VLPR zoog'g\%ﬂﬁ\g Chlna G\Osed 8/6/2009 @/




Laplace Max-margin Markov Networks

OCR250 for 10 fold CV.

Experimental results on OCR datasets
(CRFs, Ly — CRFs, Ly — CRFs, M°Ns, L; — M°Ns, and LapMEDN)

¢ We randomly construct OCR100, OCR150, OCR200, and

Error Rate on OCR100 Error Rate on OCR150
04 04
I CRFs I CRFs
I | >-CRFs I  >-CRFs
2035 [ L1-CRFs £035 [ L1-CRFs
o [ 3N o [ MaN
5 CL1-MaN 5 CL1-M3N
5 03 [ LapMEDN 5 03 [1LapMEDN
025 025
Error Rate on OCR200 Error Rate on OCR250
04 0.4
I CRFs I CRFs
I | 2-CRFs I | 2-CRFs
L2035 [ L 1-CRFs £ 035 [ L1-CRFs
& [ M3N 2 [ M3N
5 [CL1-M3N 5 [ JL1-M3N
E 03 [ LapMEDN E 03 [ LapMEDN
0.25
wLPR 2009 @ Beijing, China 8/6/2009 @
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Laplace Max-margin Markov Networks

the others are more stable
LapM?3N is the most stable

wLPR 2009 @ Beijing, China

Q L,-CRF and L,-CRF:
- 0.001,0.01,0.1,1,4,9, 16

4 MS3N and LapM?3N:
- 1,4,9, 16, 25, 36, 49, 64, 81

L,-CRFs are much sensitive to regularization constants;

one

8/6/2009 @/
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e Web data extraction
« Goal: Name, Image, Price,
Description, etc.

Y, Given Data Record

Hierarchical labeling
° Advantagcs:

0 Computational efficiency
0 Long-range dependency

0 Joint extraction

QLPR 2009 @ Beijing, China

lll: Latent Hierarchical MaxEnDNet

2 shop. scholastic. com - Scholastic Store - Micre.. F_lfﬁﬁl
Bl Edt Mew Fovortes Look  Help

Data Record 1 Data Record 2
€ »

Y v R
{Head} {Info 'Block) (T} _
U Note) i {Re})eatv block} 7 Nowe} L
A} ¥
{name, pricc} Ctimage} e} ]
‘m?é) {name} {price} 6 {desc] {price}
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Laplace Max-margin Markov Networks

= POMEN: learning p(w.z)

P2(PoMEN) :

5.6

plw. {z})

z

= Prediction:

nax
yeY(x)

ha(x)= arg

Q/LPR 2009 @ Beijing, China

Z/,u[w.z}f-'
-

Partially Observed MaxEnDNet (PoMEN)

* Now we are given partially labeled data: D = {< x'.y'.z' >},

i KL, (Dl () + 010 5%%%

Fo={p(w.{z}): Z / plw.z)[AF(y. z:w) — Al(y)]dw > =&, Vi,\Vy #y'},

(xX.¥.z;w)dw

8/6/2009

(® Qe (2

|aberay for el FroNcd o Rpncr & Hergrahe ks

e Factorization assumption:
>
po(w, {z}) = po(w) [ mo(z)

 Alternating minimization:
= Step 1: keep »(2) fixed, optimize over »(w)

= Step 2: keep rlw) fixed, optimize over p(z)
min K L(p(z)||po(2)) + C&
plw).g

p(z) € Fi. & = 0.

=4,

Fi=1{plz): Zlmz:n/;J-;wli_\f-',l_v.z:w]—_\f..\'y;-gulw

F

wLPR 2009 @ Beijing, China

£ Wi Wyl
-§;, Vi, ¥y}

min K L{p(w)||po({w)) + ¢ N b
s.t. p({w) ¢ FI & > 0,¥i.
.
Fi=1plw): l Piw) By [AF (y. 2 w) — Alily)]dw > =&, Vi, Yy]

Alternating Minimization Alg.

N
plw.{z}) = plw) H;a[z,]

=1

O Normal prior
® MN problem (QP)
O Laplace prior
® Laplace MN problem (VB)

Equivalently reduced to an LP with

a polynomial number of constraints

8/6/2009 @/




Laplace Max-margin Markov Networks

INGRIRBY |
b den =

Record-Level Evaluations

Training Ratio

¢ Overall performance: . N
= Avg F1: %
avg F1 over all attributes ‘{g-n fé
= Block instance accuracy: § ri }
% of records whose Name, —7—PoHCRF || | | | —% PoHCRF
Image, and Price are correct 0.5 e E il
o Attribute performance: 0 A @ @

Training Ratio

wLPR 2009 @

Training Ratio

Training Ratio

Training Ratio

Mame Price Description
09
085 ;3 :
aﬂﬁ?/,\L_{Ly“F*@'
0o} | " |
T o7 0.95 I
07} | ——HCRF ——HCRF Rl i —+— HCRF
—5— PoHCRF 094} | —5— PoHCRF —%— PoHGRF 08} | —5— PoHCRF
0B&} | —&—HMIN —&— HM3N 0941 —&—Hman —&— HMAN
—4— PoM3N —#— PoM3N —4— PoM3N —+— PaM3N
06 093 093 07
2040 040 20 40 02 40

Training Ratio

)
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Model - MED-LDA
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Laplace Max-margin Markov Networks

LDA: a generative story for documents

e Bag-of-word representation of documents
e Each word is generated by ONE topic
e Each document is a random mixture over topics

Topic #1

image, jpg, gif, file, color,
file, images, files, format

Document #1: gif jpg image current
file color images ground power file
current format file formats circuit gif
images

Document #2: wire currents file format
ground power image format wire circuit
current wiring ground circuit images
files...

Topic #2
ground, wire, power,
wiring, current, circuit,

Bayesian Approach

Mixture Components Mixture Weights

Dirichlet Prior LDA
wLPR 2009 @ Beijing, China 8/6/2009 /

/® S I AT . N

|toraey o St il i B i ergrabe s

LDA: Latent Dirichlet Allocation

(Blei et al., 2003)
a

Per-word

pirichlet

acametor topic assignment 0, 05
N 08 ... 03
topic _p:opc;rtiuns e Topics .2 ... v
|
| \ ' | o Generative Procedure:
¥ ¥

» For each document d:

- - ~ ~ Sample a topic proportion 4 ~ Dir(e)
(}{}{J_O _J For each word:
e b0 | Zinm Wan B Sample a topic Zua.n ~ Mult(fla)
1D K Sample aword Wi, ~ Mult(3., )
Fol N
¢ Joint Distribution: - (9, 2, Wla, 3) = [ p(0ala)(] p(zanl0a)p(wan|zan. 3))

d=1 n=1 exact inference intractable!
o Variational Inference with ¢(z.8) ~ p(z.0|W .o, 3)
L(q) & —Eq[log p(0.2, Wa, B)] — H(q(2.0)) > — log p(W]a. 3)
e Minimize the variational bound to estimate parameters and infer the posterior distribution

QLPR 2009 @ Beijing, China 8/6/2009 /




Laplace Max-margin Markov Networks

Supervised Topic Model (sLDA)

e LDA ignores documents’ side information (e.g., categories or rating
score), thus lead to suboptimal topic representation for supervised tasks

e Supervised Topic Models handle such problems, e.g., sLDA (Blei &
McAuliffe, 2007) and DiscLDA (Simon et al., 2008)

® Generative Procedure (sLDA): OO O
® For each document d: a | B | Zan\, Win B K
Sample a topic proportion iy ~ Dir(a’) N
For each word: \.‘740
Sample a topic Za,n ~ Mult () Yo p 17, 52
Sample a wordWy ,, ~ Mult(3., ) (Blei & McAuliffe, 2007)
Sample Ud u N IjT Z 4, 43), if y4 is continuous
g GLM(Z4.7.42%), otherwise
e Joint distribution: ) N

p(0.2,y, Wla, 5,1,6%) = H plBgla H P(zdn|02)p(Wan|zdn. 5))p(yaln " 24.67)
e . d=1 n=1
® Variational inference:

Liqg) e —Eq[lngp(ﬁ,Z.y.W|n..‘f. 1, 52 J] — H(q(z.0)) = —log ply, Wla, 3,1, 52

)
\_VLPR 2009 @ Beiiing, China 8/6/2009 @
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The big picture

Max-Likelihood Max—Margin and Max-
Estimation Likelihood

sLDA MedLDA

¢ How to integrate the max-margin principle into a
probabilistic latent variable model?

\_VLPR 2009 @ Beijing, China 8/6/2009 @/




Laplace Max-margin Markov Networks

MedLDA Regression Model

® Generative Procedure (Bayesian sLDA):
® Sample a parameter 7 ~ po(n)
e For each document d:
Sample a topic proportion @y ~ Dir{a)
For each word:
Sample a topic £ ,, ~ Mult(f;)
Sample a word |, Ao ™~ \[11“‘[ a0, ’)

Sample 1 :
b ya ~ N Z4,6%)

e Def: intractable

P1{MedLDA"):  min | — logp(y, Wla, 3
a,3.62 .6

Yd — E[ﬁ' Z:I
—ya+ E[n"

< F+Ed-1“d
Za] < e+ &5, 1y
a2 0,04
£ > 000

s.t. Vd :

model fitting predictive accuracy

e Predictive Rule:
i=E[Y|wi.n,a,8,0°]=Eyz.[n' Zlw.n,a,B, 6% @

wLPR 2009 @ Beijing, China 8/6/2009

§j=E[Y|w.n,a, 53,67 = Eyz q][’i Zlwy.n,a, 8
QLPR 2009 @ Beijing, China 8/6/2009 /
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MedLDA Regression Model

® Generative Procedure (Bayesian sLDA):
e Sample a parameter 7 ~ po(7)
e For each document d:
Sample a topic proportion  #; ~ Dir(a)
For each word:
Sample a topic Z g, ~ Mult(f)
Sample a word |y, ~ }[Hh‘[.i;rJ . ]
Sample ¥fd :

ya ~ N Zq,6%)

¢ Def: P1(MedLDA"): min m Z Ea+E0)

q.0,3,6% 8.8 =1

Yd — E[:;T Zq) < €+ &y pa
~ya+En" Za) < e+ &5, pi
Ea =0, vg

Er >0,

s.t. Vd :

e 17is a hidden random variable
« Variational bound q(8.z.9|y.0) ~ p(f.z,n]a, 3,62, y. W)

L(q) £ —Ellogp(f.z,n,y, Wla, 3,6%)] — H(q(z,0.1)) > — log ply, Wla, 3,82)
e Predictive Rule:




Laplace Max-margin Markov Networks

Variational EM Alg.

o E-step: infer the posterior distribution of hidden r.v. (¢. 2. 1)

o M-step: estimate unknown parameters (a, /3, §°)
D N

« Independence assumption: (6.2, 1[~v.¢) = a(n) [ [ a(0alra) [T a(zanléan)
d=1 n=1

N K
[

D D
L{v.é0q(n), o, 862665 pp” v 0") = L)+ C D (Ga+ €D — D3 cail D buij — 1)
d=1 1

d=1 i=1 i=

D o]
= > pale+&a—ya+ ElnT Za)) = > (uile + €5 + va — Eln" Za]) + vala + v3E;)
d=1 d=1
o Optimize L over @
'.’.]E[PIT('JJI_,I{] + E[f} o q] E[u] .
N8 + T{Hd — )

D X exp {L'[]t};_i; f'.i|"_.] + f_’_‘[lf];_f‘:?[ ra',g,|.1]] + \"fr—:_gf_','[rf] _

— The first two terms are the same as in LDA

— The third and fourth terms are similar to those of sLDA, but in expected
version. The variance matters!

— The last term is a regularizer. Only support vectors affect the topic proportions
e Optimize L over other variables. See our paper for details!
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MedLDA Classification Model

e Normalization factor in GLM makes inference harder
¢ We use LDA as the underlying topic model

e Multiclass MedLDA Classification Model:
P2(MedLDA®) :  min . L(q) + KL(g(m)||po(n)) + C Ea
=1

qgogln)o, g,
st Vd, y #ya: Eln Xa(y)] >1—Ea: €4 >0, /

model fitting predictive accuracy

— Variational upper bound (4(¢.z|~, ¢) ~ p(#,2|W, a. 3))
L(g) 2 —Ellog p(6. 2, Wla, 3)] — H(q(6.2)) > — log p(W]a, 3)
— Expected margin constraints. Afy(y) = f(ya. Za) — £y, Z4)
¢ Predictive Rule: y* = arg max Eln £y, Z)|a. 8]
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Variational EM Alg.

e Independence assumption: b .
. ) q(6.2v.6) = [[ a(alva) [ a(zdnlddn)
e Lagrangian function: d=1 e
D D
Lig,q(n). &, paly), cai) = L{g) + KL{g(n)||lpa(n)) + C Z £a — Z vadd

d=1 d=1

D DN Iy
— Z Z pa(y) (Bl Afa(y)] + €a — 1) — z Ztnniz dai; — 1)
d=1 y#yyg d=1i=1 i=1

e Optimize L over ¢:
1
dai o exp (E[log 8|7] + E[log p(wa:|3)] + - Z waly)Eny, — ;;3,])_

LDA Med[ DA’

Only support vectors matter!

e Optimize L over other variables. See the paper for

details
8/6/2009 @/
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MedTM: a general framework

e MedLDA can be generalized to arbitrary topic models:

Unsupervised or supervised
Generative or undirected random fields (e.g., Harmoniums)

e MED Topic Model (MedTM):

P(MedTM) : min  L(q(H)) + KL(q(T)||po(T)) + U(E)
qUH ) ,q(T),¥.§

s.t. expected mArgin constraints predictive accuracy
model fitting
e I : hidden r.v.s in the underlying topic model, e.g., (9_ z) in LDA
* v : parameters in predictive model, e.g., 77 in sLDA
e  : parameters of the topic model, e.g., & in LDA
e £ : an variational upper bound of the log-likelihood
e 17 : a convex function over slack variables

8/6/2009 @/
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Experiments

e Goal:

¢ To qualitatively and quantitatively evaluate how the max-margin
estimates of MedLDA affect its topic discovering procedure

e Data Sets:

» 20 Newsgroups (classification)
Documents from 20 categories
~ 20,000 documents in each group
Remove stop word as listed in UMASS Mallet

* Movie Review (regression)
5006 documents, and 1.6M words
Dictionary: 5000 terms selected by tf-idf
Preprocessing to make the response approximately normal (Blei & McAuliffe, 2007)

wLPR 2009 @ Beijing, China
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Document Modeling

Data Set: 20 Newsgroups
110 topics + 2D embedding with t-SNE (var der Maaten & Hinton, 2008)

MedLDA

\_VLPR 2009 @ Beijing, China 8/6/2009 @/
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NG N
Document Modeling (cont’)
comp.graphics ,...oa
. MedLDA LDA
_ oz
Py
I o T 69 T T 80 T 50 T 104
I image graphics db image ftp
Topics eif data chip color graphics
LDA file ftp encryption file mail video
o color software clipper aif version apple
_ o) files pub system images tar windows
;‘ as hit mail government format file drivers
T oo L images package keys bit information vEa
o | | | h I | format fax law files send cards
o-L'L; s J"I'” e S T program images EECTOW display server graphics
. X Topics
politics.mideast
MedLDA
am T 30 T 40 T 51 T 42 T 78 T 47
E, aml irael turkish israel israel Jews armenian
= ., israeli armenian lehanese israeli Jewish turkish
R | I J . IJ.;..__ T L Jews armenians israell peace israel armenians
womo® Y Topies L mowmom™ arab armenia lebanon writes istaeli armenia
DA writes people people article arab turks
ae people furks attacks arab people genocide
= g, article greek soldiers war arabs russian
.‘? acnl | | I jewish turkey villages lebanese center soviet
state govermment peace lebanon Jew people
o "l.fj S ac-me ~:l‘ll‘»! 'l:" »‘3—“;""'].: T rights soviat writes g nazi muslim
Topics
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Classification

e Data Set: 20Newsgroups
Binary classification: “alt.atheism” and “talk.religion.misc” (Simon et al., 2008)
Multiclass Classification: all the 20 categories
e Models: DiscLDA, sLDA(Binary ONLY! Classification sSLDA (Wang et al., 2009)),
LDA+SVM (baseline), MedLDA, MedLDA+SVM
e Measure: Relative Improvement Ratio

wrecision( M)
RR(M) = —2 -
precision( LDA + SV M)
03 T T T 0.2 T T T T
o2t e 1 asr ﬂi ,,é-
B S S SEPE g T
- - Is
J “%_ . /I \\ T = /. 1
o i - 01 . \ PR T A
5 o4t 1 ‘
@ & : %f : !
2 T post 1
£ 5
. o} —_——— e — e — o — — 1 e
—on ] O
— & — MedLDA=SVM 3= MedLDA
-oar DiscLDA i —00sh — & — MedLDA+SUM i
——slDA DiscLDA
— = —LOA+SVM (baseling) — + —LOA+SWM (baseling)
-02 -0.1
0 10 20 0 40 20 40 &0 20 100

& Topics & Topics
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Regression

¢ Data Set: Movie Review (Blei & McAuliffe, 2007)
¢ Models: MedLDA(partial), MedLDA(full), sSLDA, LDA+SVR
» Measure: predictive R? and per-word log-likelihood
52
pR? = 1 — 2zale =)
Zd(.‘ﬁf — ¥a)?

0.55— . T . T . -6.22
0.5 ; el
0.45 ’%
> — T o -6.36
[ a4 - 2 E
% 03 % % -5.35
* 0.35 - | z-=
g 7 ’ Sharp decrease in SVs ‘ =
e 1 § -e+4
o L
0.25 E
n2p —s— MedLDA (full} ] ——MedLDA fful)
— 8 — MedLDA {partial} a4l — 8- Me_.".l_D.l!-. {partial) |
0.18f —7—slDA i —7—sloa
LDA+SVR ots LD4
01 e "
5 10 18 20 25 30 B o ‘5”_— E 25 a0
# Topics # Topics
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Summary

- A general framework of MaxEnDNet for learning structured
input/output models
Subsumes the standard M3Ns
Model averaging: PAC-Bayes theoretical error bound
Entropic regularization: sparse M3Ns

Generative + discriminative: latent variables, semi-supervised learning on
partially labeled data

- Laplace MaxEnDNet: simultaneously primal and dual sparse
- Can perform as well as sparse models on synthetic data
— Perform better on real data sets
- More stable to regularization constants

+ PoMEN

- Provides an elegant approach to incorporate latent variables and structures
under max-margin framework

- Experimental results show the advantages of max-margin learning over
likelihood methods with latent variables
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Y = an[vﬁ X + b)

Vo O‘\»"

0
.

1
i v + -‘ £
“',J.!.“ SWow i &

boplw e b)) 21— £

sururea|

Y = \]h]l((w f':xhpl\,\-h]
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Structured prediction

—)

Structured prediction

H =

LTI+
X3 Xz -

= argmaxw f'ixy, w)
¥

)

‘,.l.u.
-

Sururee| sofeg

+.

M: |\]—'||D\ft
< ‘Il X2 -
‘N 2 -
v'=arg max( (w f'Ix y: \-‘.I

nwl

l e

min K L{p|lp) + U(E)

at. lll“ [AF{yiw) - Ali(y)]dw > =
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Thanks!

Reference:
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Markov Chain Prior

J
Ple) = P(ey) P(cj‘cj_})
j=2
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Markov Chain Prior

J

i 2 =]

* ¢=¢pylf

1) the distance between the two SNPs
is small, or

2) the recombination rate between the
two SNPs is small

Q/LPR 2009 @ Beijing, China
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Markov Chain Prior

J
(1

ki 2 =]

cjle;-
y

Poisson process
Plejlejor) = exp(—d;p;) 6(cj, cj-1)

(L~ exp(~d;p;)) Wey_, e,

« Pi : Recombination rate at jth SNP
* d;: Distance between jth and (j-1)th SNP
11 : Transition probability matrix

To 1 —mg
l—ﬁl T
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Variational Bayesian Learning (Cont’)

min Lpw),q(T))+U(&)
plw)eF1;q(7):€

(w)x ex 7) log plw|T) ~ b} -ex "n=L
Initialize (w ) — 0% l,v 1 "'W-'\"M.["[ Jlogp(wlr)dr = b} - exp{w 5 - L}
\1‘);[1{—;\'\"'"\'.-i_]}.rw—h+wir;—f.}

= _\‘(wh;w,_\"“.;‘ where L = Zn,[_\.f]).f.dyl A = diag(m),

b) 7= (ww ), = |

.
il I\\-'_" lway s
lin Sw Ly &
s i=1

Solve an M ,{\ Problem (X%, J===9 #w = Zwn and Xy = (.

I -
max Zn.[y:_\f.lyl -1 Ewl
Ly -

Wl

t—t+1 st Z<..|y| =C: aly) 20

Vst wIAR(Y) > ALly) - 4 >0, Vi Wy £y

I

=JTatm)
k=1

- /' () dry = | [~
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3y f-r|. _______ ql(7 1
Update > (/ (wR)pl0, 74) exp(— S ATe).
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Experimental Results

¢ Web data extraction: 3 shap.scholasiic.com - Scholastic Store - Micro... [ mﬁm

Bl= Edt Wew Fgvortes Took Hep

= Name, Image, Price, Description R 13 o0 z

= Methods:
Hierarchical CRFs, Hierarchical
M”3N T
PoMEN, Partially observed HCRFs ~

Record 1 Data Record 2 -

Training: 185 (5/per template)
pages, or 1585 data records i
Testing: 370 (10/per template) ‘
pages, or 3391 data records

. Page; from 37 templates

= Record-level Evaluation P

| o
Leaf nodes are labeled
= Page-level Evaluation * *
Supervision Level 1:

« Leaf nodes and data record nodes ‘

are labeled
Supervision Level 2: %@ y—‘é\ s \ 6\ H—‘é\ \
» Level 1 + the nodes above data

record nodes ()
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