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Prior: The Coalescent
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Likelihood: Markov Process on Tree
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Inference Algorithms

(a) O 1
#yn,-z}
Oz2
20— = = ——O ¥{1,2,3,4)
QI3
:}.y{s,d}
O T4
fe—— dg RSB 09 >t 01 >
-0 - | | | =
ts ta t1 to =
w(t) ={{1,2,3.4}} {{1.2}.{3,4}} {{1}.{2},{3,4}) {{1},{2}, {3}, {4}}
n—1

p(X= Yy, Z|7T) — Q(Z)k_oo tn—1 (Z, Ypn_1 ) Hi:l kti i (yp-i s Ypui )ktitr-i (ypi. 9 ypm')

» Collapsed inference algorithms:
Markov process on latent nodes is marginalized

analytically using belief propagation (sum-product)
« Greedy: Bottom-up search for a single good tree

« Sequential Monte Carlo: Approximate true posterior
on trees by a weighted set of samples (particles)



Inference via the Distributed Law
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Inference via the Distributed Law
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Inference via the Distributed Law
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Belief Propagation (Sum-Product)

BELIEFS: Posterior marginals (possibly approximate)
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Belief Propagation for Trees

* Dynamic programming algorithm which exactly
computes all marginals

* On Markov chains, BP equivalent to alpha-beta
or forward-backward algorithms for HMMs

« Sequential message schedules require each

message to be updated only once
O

» Computational cost: N 0

N —— number of nodes
M — discrete states

for each node
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Greedy Coalescent Clustering

 Belief propagation allows likelihoods to be
O(n) computed by bottom-up message passing,
Integrates with bottom-up greedy merging

* Greedy-MaxProb: At each iteration, find the
O(n?)optimal time for each candidate merge (pair of
nodes), select the most likely pair+time

* Greedy-Rate1: Find the most likely time for each
O(n?) pair to merge under equivalent formulation as
iIndependent rate 1 processes, take soonest

 Algorithmic structure nearly identical to Bayesian
hierarchical clustering, but model is hierarchical



Nonlinear State Space Models
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« State dynamics and measurements given by
potentially complex

* Noise sampled from distributions



Examples of Nonlinear Models

Observed image is a complex
function of the 3D pose, other
nearby objects & clutter, lighting
conditions, camera calibration, etc.

Dynamics implicitly determined
by geophysical simulations



Nonlinear Filtering
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Particle Filters

Condensation, Sequential Monte Carlo, Survival of the Fittest,...

- Represent state estimates @ G2(x2) 5 a3(x3)
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Sequential Monte Carlo (SMC)

e SMC methods can be used to sample approximately from any sequence of
growing distributions {7, },>1
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de Freitas & Doucet, Tutorial at NIPS 2009



SMC Algorithm

1. Initialize at time n =1

2. At timen > 2
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SMC for Static Models
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e We want to sample approximately from m, (2:—) and compute sequen-
tially. N i
/// N
e This differs from the standard SMC, where 7, (21.,) is defined on A,

de Freitas & Doucet, Tutorial at NIPS 2009



Static SMC Applications

e Sequential Bayesian Inference: 7, (z) = p(z|y1.n) .

(X

e Global optimization: m, (z) « [7 (x)]™ with {n,} increasing sequence
such that n,, — oc.

e Sampling from a fixed target m, (z) x [u1 (z)]™ [7 (z)]' ™" where
1s easy to sample from. Use sequence 171 =1 > 91 > 0n > Nfina = 0.
Then m(z) x p(z) and Tinar(x) ox m(x)

e Rare event simulation 7(4) < 1: 7, (z) < 7 (z)1g, () with Z;
known. Use sequence £y = X D E,_1 D E, DO Efinag = A. Then
Zfz'na,l =T (A) .

de Freitas & Doucet, Tutorial at NIPS 2009
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SMC for Coalescents
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« SMC-PriorPrior: Sample time & pair of nodes from prior
« SMC-PriorPost: Sample time from prior, sample pair of nodes

from posterior given data and that time (discrete distribution)
SMC-PostPost: Sample time & pair of nodes from posterior



_Toy Brownian Diffusion Data
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Greedy Hierarchical Clustering

MNIST
Avg-link BHC Coalescent

SPAMBASE
Avg-link BHC Coalescent

Purity 363+.004 .3924.006 .4124.006
Subtree H81+.005 .5794+.005 .6104.005
LOO-acc | .755+.005 .7634+.005 .773+.005

616+=.007 .711+.010 .689+.008
607+.011  .549+.015 .661+.012
846+.010 .832+.010 .861+.008

NIPS Documents with Binary Encoding of Common Words
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network training units hidden input learning networks neural output speech
Mozer_M (14) Lippmann_R (11) Giles_C (10) Bengio_Y (9) Sejnowski_T (8)
critic policy reinforcement agent controller reward robot sutton actions mdp
Singh_S (15) Barto_A (10) Sutton_R (8) Sanger_T (7) Dayan_P (5)

data training regression learning model algorithm error em risk set

Jordan_M (16) Tresp_V (13) Smola_A (11) Moody_J (10) Scholkopf B (10)
infomax image ica images kurtosis blind object pca views becker

Hinton_G (12) Sejnowski_T (10) Amari_S (7) Zemel_R (7) Pentland_A (6)
spike ocular cells firing stimulus eye cell cortex cortical visual

Sejnowski_T (22) Koch_C (18) Bower_J (11) Dayan_P (10) Pouget_A (10)
chip circuit voltage vlsi transistor analog resistive charge pulse chips

Koch_C (12) Alspector_J (6) Lazzaro_J (6) Murray_A (6) Cauwenberghs_G (5)
saddle eigenvalue energy dynamics network tank equations eigenvalues convergence gradient
Mjolsness_E (9) Saad_D (9) Leen_T (7) Gold_S (6) Rangarajan_A (6)
bifurcation attractors memories hopfield capacity attraction memory attractor associative network
Ruppin_E (8) Baird_B (6) Coolen_A (4) Meilijson_| (4) Eeckman_F (3)




World Atlas of Language Structures
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