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BAYESIAN ALLOCATION MODEL

o Bayesian Allocation Model (BAM): joint model of counts thinned
from a Poisson process by a Bayesian Network G: Tokens allocated | Il 29'€d 080\ §\NH B
to a S:

2110
o Toy Example: X = ( 0012 )
st~ PP(N) Thinning G Allocation Tensor S(i1:n) Evolution of ELBO (by scaling X)

1000 Particles - K= 2 - ESS = 162.5
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~ GA(a,b) n ~ D(ay) PO ()\ Hn Oy (i, () )> model order accurately, while ELBO can do so only at denser data regimes.

e Allocation tensor is observed only in dimensions V' C [N|: e Synthetic Data Experiments

. . ML Estimators (PARAFAC-25x25x30) R =10-T=1000
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Marginal Distribution of Allocation Tensor
e By analytically integrating out the parameters:
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B (an _|_ Sn) 1 R Dimensions
p(S1S+,0) = (H B (o) ) B(S+1) Figure 2: (a) SMC with adaptive particle filtering correctly detects the generated rank
" of the tensor. (b) Runtime of mean field variational inference scales with the size of X
where B,, ( ) H I‘( (Zm ipa (n) )) / F(Zzn 7 (im ipa (n) ) ) . whereas the runtime of SMC algorithms are independent of it.

o Modeling letter transitions (norvig.com/mayzner.html)

MARGINAL BAM AS A POLYA URN PROCESS ~ 3" B0(r)0u(i,r)a(i,r) vs. X(i,7) = > Bo(r)0u(i,7)6r (. 1)

_J/

r~ |©0@® NMF LDA symmetrlc NMF
000
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Figure 3: Comparison of NMF and sNMF models: As expected model likelihood (and

N S; (in, ipa(n))
ELBO) for the NMF is higher than sSNMF for all model orders.
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Bayesian Allocation Model, highlights the connections of nonnegative

EVIDENCE LOWER BOUND tensor factorizations and discrete Bayes networks.

A justification of VB in dense data regime by bringing an alternative
e Mean-field factorization assumption yields with perspective to sample size.

g(0.) =D(Br) g\ =G(e,d)  q(SC,iv)) = M(X(iv),7(:| iv)) A direct explanauon. of the b,y parts representation” nature of

o NMEF/NTF via self-reinforcing Pélya urns.
where T, C dand f3,,’s are the the Va1j1at1.onal parameters. It offers a natural SMC algorithm that scales with sum but not the
 The evidence lower bound (ELBO) is given as observed size of the tensor, hence practical for sparse tensors with

g b*T(c) (H B, (5n)> [1;, , m(iy,iy)" o)) large dimensions and provides a model scoring method.
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