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INTRODUCTION Recursion for the table numbers: GAUSSIAN MIXTURE MODEL CATEGORICAL MIXTURE MODEL
We consider a latent-variable time series model with discrete latent p(Kilo<y) = Z P(K¢| K1, 20)p(Ki_1]|o<i—1)p(2¢|o<t) Data are generated by drawing a sequence of cluster assignments 21, ...,27 ~ CRP(«)  To show that R-CRP works for non-Gaussian likelihoods,
variables z1.7 and observable variables o;.7, where ;.7 denotes Ki_1,2: and then drawing a sequence of observations from the corresponding Gaussian: we next studied the performance of R-CRP on a Cate-
5 . . . .
the sequence (1,2, ..., 7). LK, < 2 Telze, Lo Yoy ~ N (s, 2s,). gorlcal mixture model sometimes called a mixture-of- |
We draw cluster assignments from a Chinese restaurant prior and p(K = Ki 1+ 1Ky q,2) = ) - The cluster means are drawn as u;, ~ N (0, pI) and the clusters have identical unigrams. A mixture-of-unigrams can be used to describe
assume each cluster has a emission distribution: otherwise isotropic covariances: 3, = I. a corpus of documents, in which each document belongs
2.~ CRP( CV) 1 K, >z >1 Ground Truth Data Cluster Centroids u, Predicted Cluster Labels to exacﬂy one of a discrete number of tQpics_
(K =K 1|Ki—1,2) = 0 otherw: . Initialize p(Ky = 0) 1. and VK € Z, set running g > 3 g Data are generated by drawing cluster assignments 21, ..., 27
Ot |Zt ~Y p(O‘Z) O CIrwise sum of posteriors Ry(k) =0 ) ;. , . ] o . V—1
. . . . 2. Foreacht =1,...,T: .0.:: ) © .0’:: And then draWIng d prObabIIIty VeCtOr PE ™ Dlr(ﬁl) ~ A
Goal: infer a posterior p(z:|o<;) over the dlsprete Iatgnt state subject to: o o + Crete nw clusrmesn ), = | s i B Each observation then follows o, ~ Multinomial(M. p.. ).
1) Inference m.ust b_e pe_rformed online, mea_nmg the filter cannpt make use R-CRP performs online inference and parameter estimation by: * Compute P‘:”" '3 1. S Here, M is the document length and V is the vocab-
of the (possibly) |nf|n|’fe_ pas_t nor can the f_|It§r be used to revise the past. | | | pla =Ko = “*;“R’ 10 “o';-‘.‘ i :‘;-‘.‘ ulary length
2) Inference must be efﬁClent N the Iarge t Ilmlt 1) Infernng a Iatent pOStenor over Wh|Ch CIUSter the +a+1_][)(1(; | =k —1|o<) 2 .. ‘:. * | | 27 | | . | 27 .. .:. * | | TO update each Cluster’s pseudocountS,
Current Observatlon belongs to .. p(Zt‘OSt), * Compute posterior for new observation: P00 - P01 -~ n](f) . nl(f—l) + p(zt _ k|0§t)0t
Wz = klo<y) o< N(og i X)p(ze = klo- O:_ ' O_ '
THE CHINESE RESTAURANT PROCESS | Pl =Kog) S Siovis, Sipt =Soa) 2 13%
2) Updates each cluster’s parameters modulated by the posterior * Update running sum of posteriors: gg 0.8 gg'l 0.8 1. Tnitialize p(Ko = 0) = 1, and Vk € Z, set running
t—1 . . | ' ) ' . - . L N
Mz =k robability the observation belongs to that cluster. Ri(k) = Ri-1(k) + p(zt = Klo<) 5 30 5 0= = sum of posteriors Ry (k) = 0
p(Zt — k|Z<t7 Oé) — / Sjt =1 Eth 1 ) lf 1 S k S Kt—l ,oo® p y g » Update existing cluster means: %)E(:): 06-§ Eé §_= 00 2. Foreachr=1,...,I" z
< Oéoj_ N O o o pla =klo<) - § ‘gg: *§ gg = * Create new cluster [?seud()ccfu.mx nf_]! .:(;,—J-E. élol__
art—1 BrR=hReotd CORRECTNESS FOR CRP PRIOR T Ry T L Cope i oot | | 1 |
— ] " — ¢ ompuic prior 1or nécw ooscrvauon: 2
. CiombﬁUIe new péoster;;or p(K,|lo-,) on number ég_ 0.2 ég :—i - 0.2 1 — :—CRP
3 . . . of tables using Eqgn. (8) 5 5 " _ . " _ L O‘;ﬁfeCRP
\ 0 otherwise Accord|ng o the der|Vat|On, the Monte Carlo Estimate (a=10.78) 0 Analytical Prediction (a=10.78) - e qt | A oo N 20 :::_: " p(z, =kloo,) = o lRf (k) - — Wocsien
. ST recursion should hold exactly for 3 ' I “CRP(a) in a Gaussian Mixture Model, 12345678910 12345678010 t——p(K=k—lloa)| o 3 %
The Chinese Restaurant Table Distribution Scursion sho .d old exactly fo R i G Mixtore ode Cluster Index Cluster Index atr—10 0
the CRP prlor In the absence Of . 10 10 * Compute posterior for new observation:
['(«) K observations.The recursion should 3% | | . _
p(K; =k) = s(t, k)|a"1(k <) ' . N ot oo ] e £ N Pl = Klo<,) o< Multi(o: pi)p(z = Klo)
['(t + ) hold exactly for the CRP prior. We i — opateans nine) .V o o R —
: : : g 30- ; —— DP-Means (offline S  Update running sum of posteriors:
. . confirm this by comparing our anal- 3: - T MMC-Gibs (20000 Samples)
K is the (random) integer number of clusters . Y Paring 5 0 -~ Conect Number Clsters P = Ri(k) = Ri-1(k) + p (2 = klo<i) —
after the t-th observation ytical expression to 5k Monte : ; 10
. Carlo Samples, eaCh Of 50 i . 1 § : % — :;JCGRSP * Update existing cluster pseudocounts: éo.z;- — ;)\r/mlu(nzeockrzzeps)
CUStomerS’ drawn from CRP(G)’ Tablec:s?;(z:l.l) CRP(a=T?Lb5lé3l.r;;ex - < oz- _ gg-l:\q:aizp(omi_ne) ”L” = ”i—r g + p(2r = klo<:)oy 2 02-
RECURSION FOR ONLINE FILTERING for a = {1 1 ,1 078,1 537,3091 } 201 _:_ /;;alyt_ic( ) ) 20.07 _1_ Analyt_ic( ) | - — HM;-Z?EZQC()ZC;SS% Samples) | * Compute new posterior p(K;|o<;) on number o -
ol piric (N=10000 17.5: Empiric (N=10000 o0 | | | | | | 0.0 - | I | Varlatlon?l Bayes 1EI> Init, 30 Itelr of tables using Eqn. (8) : | | | é é :
US|ng BayeS’ RUle we Can W”te the exaCt pOSterIOr as. Num Repeats: 10 §3O‘ s concentration Parameter (a or ) Concentration Parameter (a or A) Table 2: Pseudo-code for performing online inference with et e e
k) —+— a=1.1 2 I 100 R-CRP(«) in a Categorical Mixture Model.
Ot|Z2t — @=10.78 . 751
(2 = kloc,) = p(ot|z¢ p(z = klowt) . e e o S HANDWRITTEN CHARACTER RECOGNITION (OMNIGLOT)
N p(o|oct) —0 —— 2 g —— a=30.91 § e g S5 ST
Latent Posterior Latent Prior § R T R T Moving beyond simulated data, we turned to the problem of clustering COMPLEXITY ANALYSIS
. . . . . . I CRP(a=10.78 CRP(ax=30.91 . . . -
The latent prior is obtained by marginalizing over cluster assignments: £ 10 —— — handwritten characters. Humans are adept at determining which character | _ _ _
5 \,\ ” -+ Empirc (=10000) | 2 Emeric =10000 K is well approximated by a Poisson with rate:
(21 = kloes) = E o1 = kloor K ) g a never-before-seen set of strokesrepresents, or whether the set of strokes
L5t T MO<t) = Pp(aca Kialo<) {p “t T BiE<t B, Oct } . represents a new character altogether. A= alog(l +t/a)
Latent Prior 1077 8 10 ° : o : :
T ' . If inference follows the prior's asymptotic behavior,
Approximate recursion for the prior: o Nmber of Samois H NEaac.- - SCVOVRRIINY. I f our expected time complexity is O(tlog(t)) and
1 e " T 030 - expected space complexity is O(log(t)).
p(Zt — k‘0<t) ~ N —|—t 1 Zp(zt/ — k|0§t’) é D - /\/\ _
%/_/ o / Lg ' g 2 4
Latent Prior <t EXPERIMENTS < 196 —— R-CRP @ o I CONCLUSIONS
o . . e PUS6 g
| ; 1p(Kt—1 =k — 1|o<y) We compare R-CRP with several baselines: 2. Tomecke |5 o S |
ol — 3 Tesnstominell g * We presented an efficient online inference algorithm for
Putting it all together, we have a Bayesian recursion for the posterior: Offline Baselines:  0.10- - — RCRP nonparametric discrete latent variable time series data.
[ " " " " " " SUSG - i i i
(21 = Kloey) & PO =R) [ 1 S p(ew = klo<r) 1) Variational Bayes implemented in Scikit-Learn. 0.05 — omnecre The R-CRP is a novel Bayesian recursion that performs
Lot T st ™ T lorlo<s) |att—1 — N = 2) Hamiltonian-Gibbs Monte-Carlo Sampling, implemented in Pyro. 0.00- T Comnumbercusers | INTErENce online with quasilinear average case time
Latent Posterior Previous Posteriors 3) DP_MeanS, a |Ow_variance aSymptOtiC approximation. 0.0 2:5 510 715 10|_0 12|_5 15|_0 17|_5 zol_o 1000.0 2.'5 5.'0 755 10'.0 12'.5 15'.0 17'_5 26.0 COmpleX|ty O(t 10g(t)) and IOgarIthmIC average case
7 Concentration Parameter (a or A oncentration Parameter (a or i
O K =k 1low) We call this DP-Means (offline). o ceneentean permeter e or space complexityO(log(t)). |
a+t—1 _ * When the latent variables are indeed hidden, under one
 uming sumof  Distribution over O Online Baselines: Cluster: 1 | A Alln allrllir!ie|r|>o||l o small approximation, R-CRP recovers thg latent structure
rev. Customers' Distributions umper o on-cempty lables 0 ew Customer's Distribution 0 . . . -
- 3 o L 1) DP-Means, but limited to a single forward pass through the data, as well as or better than commonly used inference algo
o o 100 o 10- We call this DP-Means (online) b 2 rithms that make multiple passes through and require
: 2: = 1072 2 - 1072 . . . : H‘ E- | | : i i
¥ 0.50: o » 2) Sequential Updating and Greedy Search (SUGS) P Il & /(TP || A simultaneous access to the entire dataset.
;8 3 ot B 3 which uses a "local MAP approximation" — Py —
SN S - = ¥ R - = - A A uster: . | -
6. 5 = argma, p(z = k<, ) NEEIENENENEEIEI  ‘cwowpcements
2 2 0 8 nline CRP, which mplingi.e. z2; ~ p(zy = k|Z<¢, & — " - - -
; : g ¢ 3) Online CRP, which uses sampling i.e. 2 ~ p(z: = k|2<t, ) IRF is supported by the Simons Foundation and HHMI.
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