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BEIJING, Feb. 21— Kevin Smith, who played the god of war in the "Xena"...

... The Physiological Basis of Politics,” by Kevin B. Smith, Douglas Oxley, Matthew Hibbing...

The filmmaker Kevin Smith returns to the role of Silent Bob...

Like Back in 2008, the Lions drafted Kevin Smith, even though Smith was badly...

Firefighter Kevin Smith spent almost 20 years preparing for Sept. 11. When he...

...shorthanded backfield in the wake of Kevin Smith's knee injury, and the addition of Haynesworth...

...were coming,'' said Dallas cornerback Kevin Smith. ''We just didn't know when...

...during the late 60's and early 70's, Kevin Smith worked with several local...

...the term hip-hop is attributed to Lovebug Starski. What does it actually mean...

Nothing could be more irrelevant to Kevin Smith's audacious ''Dogma'' than ticking off...
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Latent Variables for Distribution and Proposals
There have been recent advances in approximate inference and learning methods:
- FACTORIE [MCallum et al NIPS 2009]

- Lazy Inference [Poon et al AAAI 2008]

- Dual Decomposition [Rush et al EMNLP 2010]

- LP relaxation [Martins et al EMNLP 2010]

These methods allow inference over models with global dependencies:
- Coreference Models [Culotta et al NAACL 2007]

- Relation Extraction [Riedel et al EMNLP 2010]

- Joint Inference of Multiple Tasks [Singh et al ECML 2009; Finkel & Manning NAACL 2009]

However, without parallelization, the scalability of these methods is severely limited.
Our Contribution: Distribute MCMC-based MAP Inference using Map-Reduce

Related Work:
- GraphLab [Low et al UAI 2010]

- Splashing [Gonzalez et al UAI 2009]

- Topic Models [Smola & Narayanamurthy VLDB 2010; Asuncion et al NIPS 2009]

Our method allows ease in specifying structure, distribution strategy and proposal 
function, which enables faster convergence.

Undirected graphical models that represent distribution over assignments y of the 
unobserved variables (Y) given observed variables (x) using factors (Ψ):

Note: This formulation is slightly different from usual in that the set of factors depends 
on the assignment y.

For most applications, we want the maximum a posteriori (MAP) configuration:
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Finding     takes a long time since the number of configurations can be exponential.
We use MCMC-based algorithms to efficiently explore the space.

Proposal Function q:
Proposes a small change to the current configuration y to result in y'.

Acceptance Ratio α:
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where t is the temperature, which is slowly reduced as inference progresses.

Calculating p(y') / p(y) is easy since the normalization constant cancels.
Furthermore, if the change is small, calculating this ratio can be very efficient since it 
only involves factors that have changed between y and y':
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Consider two jumps (y → ya) and (y → yb) such that they are mutually exclusive, i.e.
there is no overlap in the variables and factors used to compute α(y, ya) and α(y, yb). 

These two jumps can be evaluated independently, and can be used to update the current 
configuration independently. This observation provides an opportunity to parallelize.

The distributor divides the variables amongst the inference workers.
Propose changes that do not require evaluation of factors across workers.

Thus, proposals are mutually exclusive , and correctly compute the acceptance score.

Input: set of text mention strings from a large corpus, with the words in their contexts

Output: Clustering of these mentions such that mentions in each cluster refers to the
                  same underlying entity.

Variables: Mentions m, and Entities e
Entities can take any set of mentions as a value, i.e.
domain of an entity variable is a set of all possible sets

Features: Φij is the shifted cosine similarity of the context 
tokens of mentions i and j.
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e.g. p(e1, e2) ∝ wa (φ12 + φ13 + φ23 + φ45)
− wr(φ15 + φ25 + φ35 + φ14 + φ24 + φ34)

φij = cos(mx
i ,mx

j )− b

For a proposal that moves mention m from e1 to e3, 
only the factors with mentions in e1 & e3 are used.

When distributing variables, we ensure:
1) mentions of an entity are on the same machine
2) propose moves amongst entities on same machine
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Random distribution helps mixing, but can lead to wasteful proposals.
Furthermore, within each worker there may be unnecessary proposals.

These two sets of variables and factors can be used in a combined model. The potentials 
for these additional variables are set similar to pairwise, with a different b.

Inference cycles between the stages, fixing variables of two stages and sampling the third.

For better within-machine proposals For better distribution amongst workers

- clusters amongst 
coreferent mentions

- proposals move 
whole sub-entity 
together.

- clusters of entities 
that are similar

- distribution moves 
entities in the same 
super-entity to the 
same worker.
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25,000 mentions with 50 unique mention strings (entities), averaged over 5 runs

Person-X evaluation is unreliable as 
the number of mentions grows:
- same string ≠ same entity
- different string ≠ different entities

Instead, we explore speed of 
convergence of inference for
1 million mentions form NYT.

And we can see Barack Obama walking slowly, behind Speaker Nancy Pelosi and Senator Dianne Feinstein...

... the economy by unleashing another frustrated tirade against Barack Obama,’’ Tommy Vietor, an Obama campaign spokesman...

People who heard President Barack Obama out on the subject here last month left a meeting divided...

Secretary of State Hillary Rodham Clinton, just last week, proclaimed that the world was entering...

Hillary Rodham Clinton speaks no foreign languages, but has visited 90 countries...

... played a central role, with Secretary of State Hillary Rodham Clinton and Mr. Mitchell taking part in the meetings.

It is difficult to manually label data for large-scale cross-document coreference. We will
hide mention strings and use them as true entity labels. For example:
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