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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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EXPONENTIAL N

N = O({sentence length}{sentence length})

We want to select a diverse set of parses.

N = O({node degree}{path length}
)
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M cR = 42 ⇤ 12 = 192 ⌧ N = 412 = 16,777,216
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March 28: Health officials confirm 
Ebola outbreak in Guinea’s capital

August 8: World Health Organization 
declares Ebola epidemic an 

international health emergency

September 2: 
GlaxoSmithKlein begins 
Ebola vaccine drug trial 
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Jan 08 Jan 28 Feb 17 Mar 09 Mar 29 Apr 18 May 08 May 28 Jun 17

pope vatican church parkinson 

israel palestinian iraqi israeli gaza abbas baghdad 

owen nominees senate democrats judicial filibusters 

social tax security democrats rove accounts 

iraq iraqi killed baghdad arab marines deaths forces 

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 Ill, 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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Take-away message for these other random projection methods:
1) 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 Nyström approximation from 
Affandi et al. (AIStats 2013) to structured DPPs

•Try to establish mixing rates for MCMC 
sampling algorithms from Kang (NIPS 2013)

PROPOSED WORK

mixing time ! 1 as eigenvalues of L ! 0

condition number bounded:

�
max

�
min

 c
=) mixing time bounded?

O(k3 log(k/✏))
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HARDNESS OF MAP

Y = argmax

Y 0:Y 0✓Y
det(LY 0

)

NP-hard, no PTAS: det(LŶ ) �
�
8
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�
det(LY ⇤
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Step 3: Optimize using gradient-based methods
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CHEKURI ET AL. 2011
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GUARANTEE

+ Submodularity =)
Theorem: Concavity in all-positive directions

LOCAL OPT of F̃ � 1
4 max

x

F̃ (x)

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

� 1
4 maxY log det(LY )

No guarantees, but in practice pipage 
rounding and thresholding work well.maxY 2S

Constrained:
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Matched summary

‣R3 (healthcare): I will ... grant a waiver from Obamacare to all 50 states.

‣R4 (aid): We’re spending more on foreign aid than we ought to.
‣S3 (aid): Zeroing out foreign aid ... that’s absolutely the wrong course.

‣S5 (healthcare): Obamacare ... is going to blow a hole in the budget.
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V update is more complicated, but still e�cient
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VTech Comm. 
Audio Monitor

Infant Optics 
Video Monitor

Graco Sweet Slumber 
Sound Machine

Boppy Noggin Nest 
Head Support

Cloud b Twilight 
Night Light

Braun ThermoScan 
Lens Filters

Britax EZ-Cling 
Sun Shades

TL Care Organic 
Cotton Mittens

Regalo Easy Step 
Walk Thru Gate

Aquatopia Bath 
Thermometer Alarm
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VTech Comm. 
Audio Monitor

Infant Optics 
Video Monitor

Graco Sweet Slumber 
Sound Machine

Cloud b Twilight 
Night Light

Britax EZ-Cling 
Sun Shades

TL Care Organic 
Cotton Mittens

Regalo Easy Step 
Walk Thru Gate

Aquatopia Bath 
Thermometer Alarm

Motorola 
Video Monitor

Summer Infant 
Video Monitor
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Applying matrix exponentiated gradient, 
proposed by Tsuda et al. (JMLR 2005)

PROPOSED WORK
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3. Likelihood Maximization
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