Streaming Inference for Infinite Non-Stationary Clustering
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Introduction Dynamical Chinese Restaurant Process Experimental Results

We have begun testing D-CRP on synthetic and real datasets with Gaussian and non-Gaussian
likelihoods. We are looking for feedback on benchmark tasks!

= The sufficient statistics of the CRP are the “table occupancies” N.(t) el >_nt<n llcn = c)

= |dea: Embed the table occupancies in a linear dynamical system to evolve endogenously. The

Biological intelligence operates in a radically different data regime than (most) artificial intelligence.
In particular, biological intelligence must contend with data that are often:

(i) Unsupervised (ii) Streaming (iii) Non-Stationary Dynamical CRP thereby gains rich time-dependent priors for cluster assignments. Synthetic Mixture of Gaussians
In this data regime, what is the right way to approach learning? Here, we attack the unsupervised * Let H be a Hilbert space and N(t) € H contain both the “pseudo” table occupancies 1Nc(1)} e " w e e . 1
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2. Show how the Dynamical CRP provides a non-stationary prior over cluster assignments. D (cn = cle<n, t<p, {, a) r Coa (4) " : ; ’
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3. Construct an efficient streaming variational inference algorithm using the Dynamical CRP. -l

4. Demonstrate that our streaming clustering algorithm can be applied on diverse synthetic and " By design, the Dynamical CRP also has a recursive form for streaming data:

real data with Gaussian and non-Gaussian likelihoods to achieve comparable or better pD'CRP(cn = c|l, a) E lp(e,y =cll,a),t ,ty) +ap(Cph_1=c—1) (5) o) N
performance than many common baselines. n'<n S st — . ~p 107
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An ideal algorithm for clustering non-stationary streaming data should: - L I . . I G N
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" Be able tp create an "infinite” number of clusters (albeit upper bounded by the total number of Example Dynamics Figure 4. Dynamical CRP creates clusters over time, as necessitated by incoming data.
observations).
= Not assume that the observations are i.i.d., exchangeable or consistent. Time Function: 6(A) Time Function: exp(~A) o , ,
. . . . Synthetic Mixture of von Mises-Fishers
= Leverage temporal information based on when observations are received. Monte Carlo (a = 15.37) 100 Analytical (a =15.37) 109 I}_/Ionte Carlo (a = 15.37) 100 __Analytical (a=15.37) 109
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Cluster assignments 1.\ with ¢, € {1 9 } [+4 Figure 5. Normalized mutual information between true cluster assignments and inferred cluster assignments
L C1-N, L2, ...
= Cluster parameters: {gbc}gzl, e.g. cluster means and covariances “;'f::ica”o (@=15.37) Eloo ,f::‘:tica' (a=15.37) [100 Monte Carlo (a = 15.37) [100 Analytical (@ = 15.37) [100
= One common prior for cluster assignments is the Chinese Restaurant Process (CRP) [1]: g ' 10+ 107 3 \ oo oo Room Clustering for Simultaneous Localization and Mapping
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= The CRP is ill-suited to streaming data because the CRP’s conditional form requires knowing ” Table Index ™ Table Index ~ Table Index ™ Tble Index — L P LT e . e T — 4 1|
the entire history of cluster assignments, but the CRP can be adapted for streaming data [2] ot - ‘ | ! B | I
by rewriting the CRP in a recursive form: Figure 1. C|u§ter agggnment p.r|or5 under.the Dynamical C;RP with 4 dynamics: stationary, exponenhal,.o.sollatory gr %K ~ ' — a1 T —1_—.
CRP and hyperbolic. A =t, —t,,_; Is elapsed time. The Dynamical CRP can produce the CRP, the time-sensitive CRP, or —ondmaris T L S : T I e DY
p (Cn — C|04> X E p(cn/ = C‘Oé) T ozp(Cn_l — C— 1) (2) new priors over cluster assignments including oscillatory (Time Function: cos(A)) and hyperbolic (Time Function:
n'<n 1/(1+ A)). Columns 1 & 3 are Monte Carlo samples; Columns 2 & 4 are our analytical recursion (Egn. 5). , , , _ , o , ,
. _ . o . Figure 6. Clusters inferred by Dynamical CRP in a 2D spatial navigation task. Each color in each environment
= The CRP has two undesirable properties for non-stationary data: it is (1) exchangeable, i.e. the represents a unique cluster, inferred from visible landmarks (black diamonds) encountered along a single trajectory.
order of the data does not matter, and (2) consistent, i.e. marginalizing out an observation is e Time Function: expl=) Time Function: cosll) - fime function' rar The Dynamical CRP aggregates visually-distinguishable rooms (various colors) into distinct clusters and
identical to the observation never having existed. : s e \ s T e visually-identical hallways into the same cluster (orange).
= Zhu, Ghahramani and Lafferty 2005 [3] defined the time-sensitive CRP: |
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= The time-sensitive CRP narrovvly restricts how time can play arole in aﬁecﬁng cluster Fisure 2. Mean-Squared Error between analytical expression for p(an a) and a Monte Carlo estimate. Over 3 1] C. E. Antoniak. Mixtures of Dirichlet Processes with Applications to Bayesian Nonparametric Problems. Annals of Statistics, 2, 1974.
aSSigﬂmeﬂtS, wide range of av values, the mean-gquared error between our ana|yﬁca| expression and Monte Carlo estimates falls 2] R. Schaeffer, B. Bordelon, M. Khona, W. Pan, and |. R. Fiete. Efficient Online Inference for Nonparametric Mixture Models. Uncertainty
approximately as a power law, showing the exactness of Egn. 5. in Artificial Intelligence, 2021.
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