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Motivation & Background

1. Dimensionality Reduction

GILLENWATER, KULESZA, AND TASKAR (EMNLP 2012)

2. MAP Estimation

GILLENWATER, KULESZA, AND TASKAR (NIPS 2012)

3. Likelihood Maximization

GILLENWATER, KULESZA, FOX, AND TASKAR (NIPS 2014)
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O\.

length = || B; |2 volume = base x height

vol(B) = height x base
= || B1||2vol(proj, g, (B2:n))



AREA AS A DET

area = \/|| Bill31 B 113 — (B[ B;)?



AREA AS A DET

area = \/|| Bill31 B 113 — (B[ B;)?

1

|Bi|l5 B; Bj \2
=det| ,
Bi Bj HBJ'HQ



AREA AS A DET

area = \/[| Bil1311B 113 — (B B;)?

1

|Bill3 B Bj \2
=det| _ ,
B, B; ||B;jll3

(=)



VOLUME AS A DET

1
2
vol(Biiyp) = det( == l )



VOLUME AS A DET

1

2

wol(Bry ) = det( . l )
vol(B

= det(B T B) = det(L



COMPLEX STATISTICS



COMPLEX STATISTICS



COMPLEX STATISTICS

ol X N X



COMPLEX STATISTICS

2.

o X X X



COMPLEX STATISTICS

2.

o X X X



[CS
LEX STATIST
MP

CO

M

SRS

M '\"
\

A

|
l“'
M ) ’\" -
\
M )
pe “‘o \
\
M
\

A ‘A

& "

X Fe e

O\" "

| 3P .
0“'

’\"

A

\ Y Yl )
!\O

»
AP
A

\ 3



COMPLEX STATISTICS

i T Thah Tt Tl |
Vo Vo VN NN,

v T Y TRl
Ve Vo NN,

‘\.‘\'\‘\
\ Ve VN,
i T M Tk
Sy VN, Sy VN,
2 YRk Thah | ‘a\
Sy Vo N, ‘S,

’\’\’\‘\‘

Vo Vo N N,

D RORORS:
o200
SRR,
o200
e2en
Qe l
DRORORG
SJede
D220l e
D200

o X X X



COMPLEX STATISTICS

b Yl Tt Yt Thah |
Vo Vo VN NN,

SRR RG,
OO0
SRR RO IS,
e
A 707\ % ‘

AU S YU Y

D RORORS:
o2l
SRR,
o200
Ceen
Qe l
DRORORG
SO0
D220l e

D200

ooeid
cel2el
ol2eed
ceeed
oele
el2edle
Soeede
ex2ee
cedee
e ee

0000



2P PP

Py Py Py "
SOOI,
Py Py @
SO,
P
\,‘\)
i Y
S Vo N,
’\’\’\‘\
VS Vo v N,

A

L 3N

A T4 "
| WU YN

9

)
' 4

90000
* A
‘.,
SN N
¢

‘,\,‘(}‘
o7

L SV SN

g
SN
“4 "
g
| I

SRS
L K W I

o0

\

»
D200 00300

$:

)
' 4
)
4

o0

Y
Y

COMPLEX STATISTICS

CQCCC
oelel

ool
SJoeoed
oele
eadxele

Soeede

o200
Sed2ee
e ee

0000
QQQ\,Q
00200
of X X
ol X N X



COMPLEX STATISTICS

A
| I
“a\
.,
A "

o 0
R )
‘.,
O
%\
.,
’
| SPU YN

9
P:
O
\
' 4

ooeid
cel2ed
ol2eed

ceie
el2edle

ex2ee

o000
200 )O
0000
Y ‘000



COMPLEX STATISTICS

ooeid
cel2el
ol2eed

oelle
el2edle

ex2ee



COMPLEX STATISTICS

N 1tems s 2V gets




cFFICIENT COMPUTATION



cFFICIENT COMPUTATION




cFFICIENT COMPUTATION




o200
OC,‘C,‘CO

ool
ool2ed
el2eed
eele
ol2elxe
o200

cFFICIENT COMPUTATION

0000
0000
00200
0000



cFFICIENT COMPUTATION

D RORORS:
o200
eo2en
220

ool
cel2ed
el2eed
celle
oxede
ex2ee

o000
00000
00000
0000



POINT PROCESSES



POINT PROCESSES




POINT PROCESSES




POINT PROCESSES




DETERMINAN TAL



DETERMINAN TAL
P({2,3,5})



DETERMINAN TAL
P({2,3,5}) x




DETERMINAN TAL
P({2,3,5}) x




DE TERMINAN TAL
Loo Lao3 Los
P({2,3,5}) x L3 L33z [
Lsa Lss Lss



DETERMINANTAL

Lo Los L25\
P({27375}) o< det L32 LSS L35

L5y Lsz Lss




L
DETERMINANTA

)

\

-

J

Los Losg Los
L3 L33z [
Lso Lss Lss

P({2,3,5}) = det (

LR\
\
LR\
\ 3
‘a3
\ 3
‘
2k YR | o\o
Sy Vg
2R Rk |
o\\o SNy VN,
LR\
A\
“a
\ 3
‘A
\
LR\
\ 3
a3
\
LR\
\ 3
a3
\
LR\

LR\

LR\ a\'
»
\' l‘ \'
A PN > .
\' " .
" a3 1Y
o) Sy Vg,
\' ¢
\

LR\
LR\

‘

o\o Y, vV,

‘a3
4\ " ()
\' " “ O‘ " \'
Ve b \o \0 ke
\' Sy by o e
pe \oo\ \
2R YR | ()
Y, MV,
a3
LR\
\' ¢
‘
ooo\ v, .
»
2k YRR | ()
\' "
Ve b -~
\' \' 9 e
Sy bV -
\o,’ YN
) \ »
\

\ 3
A\

\ 3

\ 3



DETERMINANTAL

Lo Los L25\
7)({27375}) = det L32 LSS L35

L5y Lsz Lss

det(L + I)



EFFICIENT INFERENCE



EFFICIENT INFERENCE

Normalizingg Pr(Y =Y)



EFFICIENT INFERENCE

Normalizing: Pr(Y =Y)
Marginalizingg P(Y CY)



EFFICIENT INFERENCE

Normalizing: Pr(Y =Y)
Marginalizingg P(Y CY)

Conditioning Pr,(Y =B | ACY)
PL(Y=B|ANY =)




EFFICIENT INFERENCE

Normalizingg Pr(Y =Y)
Marginalizingg P(Y C Y)
Conditioning: Pr,(Y = B

Pr(Y =B

Sampling: Y ~ Pr

ACY)
ANY = 0)



EFFICIENT INFERENCE

Normalizing: Pr(Y =Y)
Marginalizingg P(Y CY)

Conditioning: Pr,(Y = B
P.(Y = B

Sampling: Y ~ Pr

O(N3)

ACY)
ANY = 0)
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Normalizing » y-det(Ly) — O(D3)
Marginalizing & Conditioning O(D3 + D?k?)

Sampling Y ~ Pr, O(N D?k)
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EXPONENTIAL N

We want to select a diverse set of parses.
N = O({sentence length}isentence length})

N = O({node degree}path length})
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KULESZA AND TASKAR (NIPS 2010)

Ay
|
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acF 1 LaeF

Y ~Pr O(D?k’ + DE*MC€R)
MR =42%12=192 <« N = 412 = 16,777,216
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GILLENWATER, KULESZA,AND TASKAR (EMNLP 2012)

subset size total # of items
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August 8:World Health Organization
declares Ebola epidemic an
international health emergency

September 2:

GlaxoSmithKlein begins
March 28: Health officials confirm Ebola vaccine drug trial

Ebola outbreak in Guinea’s capital
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iraq iraqi killed baghdad arab marines deaths forces
social tax security democrats rove accounts
owen nominees senate democrats judicial filibusters
israel palestinian iraqi israeli gaza abbas baghdad

pope vatican church parkinson

| | | | | | | |
Jan08 Jan28 Feb17 Mar09 Mar29 Apri18 May08 May28 Jun1i7

Feb 24: Parkinson's Disease Increases Risks to Pope

Feb 26: Pope's Health Raises Questions About His Ability to Lead

Mar 13: Pope Returns Home After |18 Days at Hospital

Apr 01:Pope's Condition Worsens as World Prepares for End of Papacy
Apr 02: Pope, Though Gravely lll, Utters Thanks for Prayers

Apr 18: Europeans Fast Falling Away from Church

Apr 20: In Developing World, Choice [of Pope] Met with Skepticism
May 18: Pope Sends Message with Choice of Name
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MAGEN AND ZOUZIAS (2008)

D d

O(ND(< d))

Take-away message for these other random projection methods:
|) no volume-preservation guarantees, and 2) runtime will be dominated by DPP sampling anyway.
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* Survey algorithms for large-scale eigendecomps

* Try to extend Nystrom approximation from
Affandi et al. (AlStats 201 3) to structured DPPs
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* Survey algorithms for large-scale eigendecomps

* Try to extend Nystrom approximation from
Affandi et al. (AlStats 201 3) to structured DPPs

* Try to establish mixing rates for MCMC
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PROPOSED WORK

* Survey algorithms for large-scale eigendecomps

* Try to extend Nystrom approximation from
Affandi et al. (AlStats 201 3) to structured DPPs

* Try to establish mixing rates for MCMC
sampling algorithms from Kang (NIPS 201 3)
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Step 2: Extend objective

F(x) = Ex[log|f(Y)] multilinear extension

l

log-submodular, like det(Ly )
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Step 2: Extend objective
F(x) = Exllog f(Y)] multilinear extension

HieY L Hig_zy(l —x;)log f(Y')

2N subsets
Step 3: Optimize using gradient-based methods agi")
Step 4: If unconstrained, solution will already be integer;

else, round solution: «; € |0,1] — x; € {0,1}
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Step 2: Extend objective

W

1
1€

W

F(x) =

Ey[log f(Y)]

HZEY CE’L

N subsets —

b 3: Optimize using gradie

D 4 [f

cIsSe, rou
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nd solutl

rained, solutl
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mMultilinear extension

z%Y — x;)log f(Y

@;e Carlo req@

Nt-based methods 2£ (X)
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GILLENWATER, KULESZA,AND TASKAR (NIPS 2012)

F(X) =log )y HieY L HiQY(l — ;) f(Y)

Theorem:

Efficiently computable for f(Y) = det(Ly)

O(N?)

~

F(x) = logdet(diag(x)(L — I)

I)
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GUARANTEE

Theorem: Concavity in all-positive directions

+ Submodularity >

LOCAL OPT of F > L max, F(x) >

~

i maxy log det(Ly)

Theorem: In the unconstrained case, LOCAL OPT
will be integer (no rounding necessary).

Constrainea:
MaXxyes

No guarantees, but In practice pipage

rounding and thresholding work well.
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Matched summary

'R1 (taxes): No tax on interest, dividends, or capital gains.
»S1 (taxes): 1 don’t believe in a zero capital gains tax rate.

'R3 (healthcare): 1 will ... grant a waiver from Obamacare to all 50 states.
»S5 (healthcare): Obamacare ... is going to blow a hole in the budget.

'R4 (aid): We’re spending more on foreigh aid than we ought to.
»S3 (aid): Zeroing out foreign aid ... that’s absolutely the wrong course.
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Change of variables for developing EM algorithm:
L = Vdiag(\)V''

K = Vdiag(35)V !

T
LK) = tz_:l log | det(K — I57,)|

max L(K)
K:K >0,
I—K>=0
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GILLENWATER, KULESZA, FOX,AND TASKAR (NIPS 2014)
K=VAV'T
K’ = V*]oliaug(l)(VJ)T

B det(Ly)
 det(L + 1)

= Y P I N ]2

J:JCH{1,....N} jiaed  gigéd

= ) Prg(Y|J)Prg(J)
J:JC{1,...,N}

Hidden variable J

P(Y)

= | det(K — Iy)|
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eigenvectors eigenvalues choice of eigenvectors
\ / T T *
LK) =L(V,A) =) logpx(Yy) =>» log| > px(J, Y1)
t=1 t=1 J
- Pk (J, Y4)
= » log q(J | Vi) =
2 (Z TV
N\ pK(‘LE))
> J 1Y) lo VA
22 201 g(q(J\Yt) by
PY)= > PO ][N0
J:JC{1,...,N'} VEVISHAN B

log(pr (J,Y)) = logPrs(Y) + Z log \; + Z log(1 —
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T
E-step: min > KL(g(J | Y) || pxc(J | ¥2))

t=1
o(J | Yy) =pr(J | V1)
P(Y;|J)isa DPP = P(J | Y;) is a DPP
T

1
M-step: A; = ?S: X(CARD

t=1 J:5€J

O(TNE?), for k = max; |Y}|

V update is more complicated, but still eflicient
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safety
furniture

carseats

11.0

9.8
8.1
strollers | 7.7

health

bath

media 2.4

toys 1.8
bedding 1.3
apparel |

diaper 0.5

gear [0.0

feeding 0.0

relative log likelihood difference
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KD < exp (log(KW) + nVL(K®))

>O ¢

Relative log-likelihood

IEM—EG)|
ot 0.57%
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