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Abstract

In this supplementary material, we provide material that is not in the main body
of our paper. Section [l| provides detailed proofs from our paper. More specifically,
Section provides the proof of Proposition Section provides the proof of
Proposition [2]and Corollary [I} Section [I.3]provides the proof of Theorems and
Section [2| provides details regarding our proposed samplers that are used for posterior
inference. In Section [3|we derive an importance sampler to simulate from ESC models
and prove its validity. In Section [4] we provide the derivation of the likelihood that is
used in our entity resolution (ER) task. Section [5| contains details about the MCMC
algorithm and convergence checks for the applications. Finally, Section [6] includes
additional results for the simulation study.
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s« 1 Proofs

» 1.1 Proof of Proposition

Proof of Proposition[]. We seek to compute the probability mass function (pmf) of the
random partition II, = {C,...,Ck} obtained from Model |[ESC),(P,)l We denote this
pmf by Pr(Il,| E,) to make explicit the conditioning on E,, in Step 1 of Model [ESCl, (P}
Thus,

Pr(I1,|E,) = /Pr(Hn|u,En)Pr(du|En).

By Bayes’ theorem, we find that

Pu(dp)Pr(E,|p)
Pr(E,) ’

Pr(dp|Ey) =

where given the construction in Step 1 of Model |ESC,(F,,), we observe that

B -Y Y n(fj_n>ﬁu

k=1 (s1,...,sp)€{l,n}k Jj=1
and Pr(E,) = [ Pr(E,|pu)P.(dp). Now, consider Pr(IL,|p, E,). Summing over all possible
cluster assignments z = (z1, ..., z,), we find that
Pr(IL,|p, B, Z Pr(Il,|z, p, E,)Pr(z|p, E,).
..... zn=1

The term Pr(I1,|z, u, E,,) equals 1 for all K! cluster assignments z, leading to the partition
I1,, and 0 otherwise. The term Pr(z|u, E,,) equals

Pr(z|p, E,) =Pr(z|S:, ..., Sk)Pr(Sy, ..., Sk|w, E,)

:Hjl'{:l Sj! Hj{:l Fs;
n! Pr(E,|lp)’
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where S; = > | I(z; = j) denote the size of the j-th cluster. It follows that

Pr(I1 E) = 1.1
Ml o) = = b (B, ) (1)
and
Pr(IL, |, En)Pr(E,| ) 1 / .
Pr(IL,|E,) = P, =——_ | K! Aye P, )
(| E) / Pr(E,) uldr) n!Pr(E,) E'SJWSJ ldp)
(1.2)
The thesis follows from the definition of EPPF. O

1.2 Proof of Proposition [2] and Corollary

Proof of Proposition[d and Corollary[1. The expression for the conditional EPPF p™ (- p)
follows directly from Equation (|1.1)). The expression for the prediction rule follows from

Bayes theorem and

k
Pr(z,z_;|p, E,)
oc kU silus, -
Pro i By Lo

1.3 Proof of Theorems [, 2] and

In this section, we prove Theorems [T, 2] and [} The first essential ingredient for our proofs

is the Renewal Theorem from the literature on Renewal processes.

Theorem 1.1 (Renewal Theorem). Assume p11 >0 and ) _, spus < co. Then

1
Pr(FE,) > =—— asn — .

Zs:l Sits
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We refer to Barbu & Limnios| (2009, Thm.2.6) for a proof of the Renewal Theorem.

The second ingredient is the following technical Lemma that we prove below.

Lemma 1.1. Let X1, Xs,... be a sequences of random variables and E, Es,... be a se-
quence of events, with E,, defined on the same probability space of X,,. If X, = ¢ asn — 0o

for some ¢ € R and liminf, .. Pr(E,) > 0, then X,|E, 2 c.

Proof. Fix € > 0 and define the event A, = {|X,, — ¢/ > €}. Since X,, & ¢ it follows that
lim,, o Pr(A,) = 0. Thus

lim sup Pr(A,|E,) = limsup =0,

n—oo n—oo

Pr(A,NE,) < limsup,,_,., Pr(4,)
Pr(E,) — liminf, . Pr(E,)

where the last equality follows from lim, .., Pr(4,) = 0 and liminf,_,., Pr(E,) > 0. It

follows that, for any ¢ > 0, lim,,_,, Pr(|X,, —c| > ¢|E,) = 0, meaning that X,|E, B O

Proof of Theorem [l We use L£(-) and L(+|-) to denote marginal and conditional distribu-

tions of random variables. By construction of II,, ~ ESCp;(p), we have

L(K,) = L(Y,|E,) and L(S;) = L(X;|E,) n>1;j=1,....K, (1.3)
where X1, Xa, -+ % p, Y, = max{k : Zf:l X,; <n} and
k
E,= {WEQ : for some k£ > 1 it holds ZXj:n}. (1.4)
j=1

Theorem implies liminf, ,., Pr(E,) > 0. Also, the strong law of large numbers for
renewal processes (see e.g. Barbu & Limnios 2009, Thm.2.3) implies that n~'Y,, converges
almost surely to (3.2, sus)~!, and thus, also in probability. Since n='Y;, 5 (3222 spu,)~"
and liminf, .., Pr(E,) > 0, it follows by Lemma and Equation that n 'K, 5
(302 sps) 1, as desired. O
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Proof of Theorem[4 By construction of II,, ~ ESCl,(p) we have
L(M;,,) = L(Lsn|Ey) n>1, (1.5)

where L, = Z;/ll 1(X, = s), and X, Y}, and E,, are defined as in the proof of Theorem
. Since 1(X,; = s) are independent and identically distributed Bernoulli random variables

with mean u, and lim,,_, Y, = oo almost surely, the strong law of large numbers imply

that
Y, n
IX = L L(X;=s
lim =" = lim 201X =) = lim 2 1K = 9) = lLs almost surely. (1.6)
n—o00 n n—o00 n n—o0 n
Thus,
-1
L, Ly, Y,
lim = lim — = (Z E,ug> almost surely ,
n—oo N n—o00 n n

where we used the fact that lim,, . n ™'Y, = (3., )~ almost surely by the strong law
of large numbers for renewal processes (see e.g. Barbu & Limnios|2009, Thm.2.3Since almost

o . . _ -1
sure convergence implies convergence in probability, we have n™ 'L, N s (D ey Lre) 7,

which implies n ' My, 5 (3252, fue)” ' by Equation (L.5) and Lemma , as desired.

Consider now part (b). The size of cluster chosen uniformly at random from the clusters

of II,, is a random variable Sy, , where S, ..., Sk, are the sizes of the clusters of II,, and
U, is a random variable satisfying U, |Il,, ~ Uniform{1,..., K,}. For any positive integer
s, by the definition of U,,, we have Pr(Sy, = s|II,,) = K, ' M,,, and thus
MS n
Pr(Sy, = s) =E[Pr(Sy, = s|II,)] = E[ K’ ] : (1.7)
By construction of II,, ~ ESCp, (1), we have
M, L
s,n _ s,n En >1
(&2)-2(5l=) o2

5
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and by Equation ((1.6)) we have Yn*1L57n 2 fts. Thus Lemma implies K, ' M, 2 Lhs-
Since K, 'M,, € [0,1] it follows that E[K,'M,,] — wus and thus, by Equation (1.7),
Pr(Sy, = s) — ps as desired. O

Proof of Theorem|[3 Let X;, Y, and E, be defined as in the proof of Theorem . By
construction of II, ~ ESCl, (), we have

L(M,) = L(L,|E,) n>1 (1.8)
where L,, = max{Xy,..., Xy, }. For any € > 0 consider

Pr(n 'L, >¢) = Pr(n ' max{Xy,...,Xy,} >¢) <Pr(n 'max{X;,...,X,} > ¢)

[en] "
=1- Pr(ﬂ?zl{Xj < n&?}) =1- (Zﬂj> y
j=1

where the inequality in the first row of the display follows from Y,, > n. Since 1 — 2" <

n(l —z) for all x € [0,1] and n > 1, we have

[en] n [en] 00
1— (Zm) < n(l—Zuj) =n >
j=1 j=1

j=len]+1
=g ! Z enp; < et Z Jjuj — 0 asn — oo,
j=len]+1 j=len]+1

where the convergence lim,,_, Z;’i en+1 1 = 0 follows from Zj‘;l Jij < ooand lim,,_,. [en]+
1 = oco. Combining the last inequalities we obtain lim,, o, Pr(n™*L, > ¢) — 0 or, in other
words, n"'L,, B 0asn — oo. Thus, by Equation , Lemma and liminf, ., Pr(E,) >

0 (which follows from Theorem , we obtain n 1M, 2 0 as n — oo, as desired. O
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2 Samplers for Posterior Inference

In this section, we provide additional details regarding the samplers used for posterior
inference. In the following derivations, we use the fact that, under the ESCi,(P,) model,
the joint distribution of p and II,, is

Pu(dp) K

n . j=1

Slus, (2.1)

which can be easily derived using Equation @ It follows that the conditional distribution
of p given II,, satisfies

Pr(dp|T,) oc Pu(dp) [ ] Silus, - (2.2)

j=1
The precise mathematical interpretation of Equation (2.2]) is that the Radon—Nikodym
derivative between the distribution of p conditional on II, and the distribution P, is
proportional to H]K:1 Sjlps;. The key aspect of Equation is that the conditional
distribution of g does not depend on the intractable term Pr(E,|u), which makes the
updates of p|Il,, in the MCMC algorithms for posterior sampling straightforward.

2.1 ESC-NB model

Recall that, for the ESC-NB model, p = p(r,p) is a deterministic function of r and p
specified by Equation (13).

Derivation of Equation . Since r,p are conditionally independent of & given I, we
have Pr(r, p|Il,,, ®) = Pr(r, p|I1,,). Then, combining Equation ({2.2)) with Equation and
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the prior specification r ~ Gamma(n,, s,), p ~ Beta(u,, v,), we obtain

T.’V]r—lefé pup 1(1 _ vp—l
P Hn, = P ) Hn S
r(r,p| $) I'(T p’ ) X < F(nr>SQT ) ( B up,vp ) H J: :uS

ra S+7‘pf
nr—1 ~ 5t 1 'u—l ‘
X r'’"T e s ptrT P ||S S'

. T.nrflefépTL‘FuP*l(l . p)vpflfYK H I'(Sj+r)

which proves Equation ([14]). O

Derivation of Equation . Given the dependence structure of (7, p), II,,, and @, we have
Pr(I1,|r, p, ®) < Pr(IL,|r, p)Pr(x|Il,) and thus

Pr(Zi = j|Z_Z-,£B,T,p) X PI'($|Z_Z', zp = .]) X PI(ZZ = j|z—ivr7p) . (23)

Corollary [1] implies

(sj+1)“%” ifj=1,... K

(K_i+ 1) ifj=K_;+1,

PI"(ZZ' = j’z—h T, p) X

where, by Equation (|13)), we have py = yrp and

I(S;41+4r)p”i T
s _ Ve S H14n) S St
us, MR TS, +r) S+ 'S, +1

Therefore

S+ Dp2 if i =1,... k,
Pr('zi :jlz—i,T,p) (8 ( ’ )ps i /

(K_;+1Dyrp ifj=k,+1,
Sj—i-T' iszl,...,K,i,
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2.2 ESC-D model

Derivation of Equation (L7). While in the ESC-NB model p is a deterministic function of r
and p, for the ESC-D model we have p|r, p ~ Dir(a, u®), where u® = pu© (r, p) is defined
in Equation ([16)). Thus, integrating out p in Equation (2.1) and using r ~ Gamma(n,, s,.)

and p ~ Beta(uy,v,), we obtain

1 rr=leTs \ [ prr (1 — p)ort K&
P(r,p,11,) = E, p; —TT15;'us. | .
(T,pa ) P(En) ( F<nr)8;7r ) ( B(up,vp) p~Dir(c,pu(0)) nl ]1:[1 J ILLS]

(2.4)

Using M, = z]K:1 1(S; = s) and standard expressions for the moments of the Dirichlet

distribution we obtain

K\ K K My, My,
i _ : Ms n s,m
E,uwDir(a,p,(O)) H H Sj!l’l’sj - F H s! EuwDir(a,u(o)) H Hs
j=1 s=1 s=1

M, M
= E H SlMs,n F(a) H F<Ms,n + ML(?O))
n! ' 'K+ «) 0)

s=1 s=1 F(Oé s )
M,

K T(a) H siMan (M, —l—a,ugo))
AT )

(2.5)

Combining Equations (2.4) and (2.5) we obtain that the joint distribution of r, p and II,,
under the ESC-D model satisfies

an—le—ﬁpup—l(l —p)r K] My S!MS,HF(MS’H + augo))

'K +«) 0)

P(r,p,11,,) x
s=1 F(Oé s )

(2.6)

The expression in Equation follows from Equation ([2.6)) and the fact that Pr(r, p|Il,,, x) =

Pr(r, p|IL,,) because r and p are conditionally independent of @ given II,,. ]
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3 Importance Sampler for £SC models

In this section we describe an importance sampler that can be used to generate weighted
samples from random partitions II,, ~ ESCp,(P,). The propose algorithm is not a fully
standard importance sampler and thus we prove its validity in Theorem [3.1] In the context
of Bayesian inferences, this algorithm can be used to generate samples from a ESCp,(P,)
prior distribution for random partition. Unlike the rejection sampler described in the main
document, we expect the importance sampler described here to be efficient even when

Epnp, (3,1 sts) '] becomes small.

Algorithm 1. (Importance Sampler for ESC models)
1. Sample p ~ P, and Sy, ..., Sg|p P p until the first value R such that Zle S; > n.
2. Fork=1,...,R define Dj =n — Zf;ll S; and W =20, up, -

3. Sample K from {1,..., R} with probability Pr(K = k) = up,/W, and define the

cluster allocation variables (z1,...,z,) as a uniformly at random permutation of the
vector
(1,...,1,2,...,2,...... JK—-1,... . K-1,K,.. | K). (3.1)
—— —— ~ —~ S — -
S1 times  So times SKk_1 times Dk times

4. Output the resulting partition 11, as a weighted sample from the model ESCp,(FPy)
with importance weight Pr(E,) *W.

Intuitively, given each vector of cluster sizes (S, ..., Sk_1), Algorithm [I| considers the
probability up, of sampling S, = Dj and weights the resulting vector of cluster sizes

(S1,...,Sk_1, Dx) accordingly. The following theorem shows that the algorithm is valid, in

10
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the sense that it returns weighted samples from the distribution ESCy,(P,) that produce

unbiased and consistent Monte Carlo estimators like standard Importance Sampling does.

Theorem 3.1. For every real-valued function h defined over the space of partitions of [n]

we have

E, w)~aigiPr(En) " W h(IL,)] = B, ~mscyy (p [M(TT)] (3.2)

where the notation (I1,, W) ~ Al means that 11, is a partition produced by Algorithm

with associated importance weight Pr(E,)™'W. Also, given a sequence s, W®)ee, “
Aldl], we have
S, WO RLY) o
Zthl W — EHnNESC[n] (pp)[h(Hn)] as T — o00. (33)
Proof. By Proposition (1} or equivalently by (1.2]), we have
En,~escy, pu) [h(In)] = n'Pr Zh /K' H 15| s, Pu(dp) , (3.4)

where the sum over I, runs over all partitions of [n]. We now consider the expectation
E 1, w)~arg[Pr(En) "W h(IL,)] and show that it is equal to the same expression. To sim-
plify the proof we consider an equivalent formulation of Algorithm [I, where we simulate
p~ P, and Sy,...,S,|p % pin Step 1; we set W = >"7_| pp, with up, =0 when D;, <0
in Step 2; we sample K from {1,...,n} with probability Pr(K = k) = pup, /W in Step 3
and leave the rest of the algorithm unchanged. The latter is an equivalent formulation of
Algorithm (I that is computationally less efficient because it generates additional variables
Sri1,...,5, that are not necessary in practice, but is slightly simpler to analyse because
it avoids the use of the auxiliary variable R. In order to keep the notation light, we denote

S=(S1,...,5,) and z = (z1,..., 2,) and we denote random variables (e.g. S, K and z)

11
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and their possible realizations with the same symbols. We have

E 1, v oW A(IL,)
= [ X Pu(SIu) > Pr(KIS. ) 3 Pl S)Wh(IL (2) Pu(dp)
Se{1,2,...}n K=1 z

> (ﬁusj)iz#” - (=)o <iuDk>h(Hn(Z))PM(dﬂ)

se{1,2,.}m \j=1 k=1 HDy 7

SIS Z( 1usj>uDK([[lSﬂ)DK!Zh(Hn(z))Pu(dm, (35)

Se{1,2,... }n K=1 \j=

where the sum over z runs over all the vectors that can be obtained as a permutation of
the vector in (3.1)). Reorganizing the sum and exploiting the fact that z and Il,, depend
only on (Si,...,Sk-1) and K, we can integrate out (Sk,...,S,) and write (3.5) as

% Z Z h(11,(z)) /(H MSij!) 1o D! Pu(dp) -

K=1 (51 ..... SK,1)€{1,2,...}K71 z

Re-writing the sums above in terms of the resulting partition II,,, and exploiting the fact
that each partition I, can be obtained through K! different cluster assignments z, we have
1 K—1
E, wy~aggW h(I1,)] = — > h(I,)K! (H |5j|!usj> 1o, Dic! (3.6)
I, j=1
where the sum over II,, runs over all partitions of [n] and the cluster sizes of 1I,, are denoted
as (S1,...,Sk_1,Dk) for coherence with the notation of Algorithm Comparing
and we obtain (3.2]).
The almost sure convergence in follows by applying the strong law of large numbers
to both numerator and denominator in the fraction on the left-hand side, and then noting
that by we have

Et, wy~aiggW h(IL,)] _ Pr(En)Em,~mscy,p) ()]
E 1, w)~aigg W] Pr(E,)

= En,~550;, (P [P(I1n)] -

12
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Note that the normalized importance weight Pr(E, ) 'W involves the constant Pr(E,)
that is typically not available in closed form. However, this is not a problem because the self-
normalized importance sampling estimator defined in (3.3)) is not sensitive to multiplicative
constants in the importance weights. Thus, one can directly use W as an importance weight,

ignoring the unknown constant Pr(E,).

4 Likelihood Derivation for Entity Resolution

In this section, we provide the derivation of the likelihood that is used in our ER task.
Recall that the observed data @ consist of n records (x;)!; and each record z; contains L
fields (z;)k_,. Each field ¢ is associated to two hyperparameters: a distortion probability
Be € (0,1) and a density vector 8, = (ng)dD:l1 € [0,1]P¢, where D, denotes the number of
categories for field ¢ and Zf:e 1 0ea = 1. As mentioned in Section , we assume that clusters
are conditionally independent given the partition II,, and the hyperparameters 3 = (,)%,

and 6 = (6,)l_,, resulting in

P(a|M,,8,6) = [[ ][] P(w;el 8. 600) (4.1)

=1 ¢=1

where xj, = {z; : © € C;}. For each C; € II,,, the distribution of &5, 8, is given by

ng ~ Og (42)
alyje  Bebe + (1 — Be)oy,, i€C; (4.3)

where y;, represent the correct [-th feature of the entity associated to cluster C}, and 3,

is the probability of distortion in feature ¢. Integrating out y;, from Equations (4.2]) and

13
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(4.3) it follows

P(xje|Be, 00) = ZP yie = d|0y) [ P(iel Be. yje = d)

1€C;

= Z@gd H 5{9&”@ + (1 - Bf)ﬂ(xif = d))

d= 1€C;
(Bebew,, + (1 = Be)L(zse = d
= | T] Bz, Zeéd 11 - (5 7 U ) (4.4)
i€Cy = et tVtxie
To proceed we denote by mg), e ,xgzj) , the collection of unique values in @j, and by
qﬂ), e ,qfiz]) , the corresponding frequencies, meaning that for each ¢ € {1,...,mY} the

value :1:(5) appears exactly ql(g) times in ;. Then from Equation (4.4]) we have

P(xj0|B0,00) = | [ Bebewss | (@i, B 00) (4.5)

i€Cy

where

(J)

m() Bl + (1= Pe)
fx
f(xje, Be, 60) —1_29 (”>+ngm< Bz ) )
K‘Ii;

Combining Equations (4.5)) and (4.1]), we obtain the desired likelihood function

L n K L
P(z|I1L,,3,0) (HH&@&W) HHf 21334,54,95 (4.7)

(=1 i=1 j=1¢=1

14
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5 Implementation details of MCMC algorithms

In this section, we provide more details on the MCMC algorithms used to approximate
posterior quantities of interest in Section [5|of the paper. Posterior computation is performed
using the samplers described in Sections |3.3.1 of the paper. The results are based
on MCMC runs of 2 x 107 iterations, thinning every 1,000 iterationd'| and then discarding
the first 5000 out of 20000 resulting samples as burn-in. In all cases standard convergence
diagnostics and plotting of traceplots did not highlight significant mixing issues. In the
real data experiments of Section four MCMC runs for each dataset were performed to
reduce Monte Carlo error, see more details below. MCMC runtimes were roughly 1 hour
per run for Section [5.1], 20 hours per run for Section [5.3.1 and 50 hours per run for Section
The algorithms were implemented in R and a desktop computer with 32GB of RAM
and an 19 Intel processor was used to perform the simulations.

When implementing the chaperones algorithm of Miller et al. (2015, Appendix B), we
used a non-uniform probability of selecting chaperones i,j € {1,...,n}, assigning higher
probability to pairs of records whose values agree on a large number of randomly selected
fields E| This approach greatly improves convergence of the algorithm and respects the
assumptions that the probability of selecting any pair of records is strictly greater than

zero and is independent of the current partition, which are necessary to ensure the validity

I More precisely, we perform 2 x 10* MCMC iterations, and within each iteration perform one update of
the global parameters and 1000 updates of the partition given the global parameters using the chaperones

algorithm.
2The latter is done by first sampling a random number N of fields between 0 and L, then picking

Ny fields uniformly at random and then pick the chaperones ¢,j € {1,...,n} uniformly at random among
those that agree on those Ny fields. Other strategies could be used to favor pairs of chaperones that agree

on various fields and we claim no optimality of this specific implementation.

15
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of the chaperones algorithm (see Miller et al.[2015, Appendix B). We expect the use of the

chaperones algorithm with non-uniform proposals to be particularly beneficial in contexts

with very small clusters, while for cases of larger clusters we expect the latter algorithm to

behave similarly to standard split and merge schemes (Jain & Neal |2004).
Figures|lfand [2|show the traceplots for K, FNR and FDR for the four chains used for the

SDS and SIPP data sets, respectively. No issues of convergence are observed in either case.

However, the mixing of the chains for the SDS is slower compared to the SIPP data. Table

displays the estimated MCMC standard errors for the estimation of the average posterior

FNR and FDR using the four chains and discarding the first 5,000 iterations of each run as

a burn-in. The MCMC standard errors were computed using the function summary.memc

from the R package CODA (Plummer et al.|2006). The estimated standard errors are

all between 0.01% and 0.04%, indicating that the FNR and FDR estimates presented in

Section of the main document are reliable up to one decimal place (in percentage),

which is the level of precision reported in Tables 2 and 3 of the main document.

SDS

SIPP

Model || FNR SE FDR SE

FNR SE FDR SE

DP 0.03
PY 0.02
ESCNB 0.02
ESCD 0.02

0.04
0.04
0.04
0.02

0.02
0.02
0.01
0.01

0.01
0.01
0.02
0.01

Table 1: Time-series MCMC error (in percentages) for the posterior expected values of FNR and

FDR for SDS and SIPP data sets.
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Figure 1: SDS dataset.Trace plots of number of clusters (K), false negative rate (FNR) and
false discovery rate (FDR) for four chains of 20,000 iterations of DP, PY, ESC-NB and ESC-D
models for SDS data set of K = 5,500.
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Figure 2: SIPP dataset.Trace plots of number of clusters (K), false negative rate (FNR) and
false discovery rate (FDR) for four chains of 20,000 iterations of DP, PY, ESC-NB and ESC-D
models for SIPP data set of K = 1,000.
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= 6 Additional results for the simulation study
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Figure 3: Posterior distribution of the number of clusters of each size (black boxplots based on
20k MCMC samples from the posterior after thinning) versus number of clusters of each size in
the true data-generating partition (red dots) for B = 0.01. Each column corresponds to a different

prior for the partition, and each row to a different data generating partition.

19



DP PY ESCNB ESCD
o - -
2o = = -
851 = - : -
EE = _ =
gg, ° %% . ° {ﬁ% o ¢ T == o - %?&*
EO, —— —— iy —— e —
1 1 T T 1 ] T I I T T T I I I T T I I I I T T I
0 1 2 3 4 5 6 0 1 2 3 4 5 6 0 1 2 3 4 5 6 1 2 3 4 5 6
LA -
o J T -
o] - @ = - @ ° I I
=} ' ' T T L
s 41 _¥%a L F%a T %ﬁgf
ie{ &% & 7 Ta e I Pa e
3 T ~ & T - & =5 ~ e =r =
oe ==l e UGS S S S S e R T
1 1 I T 1 ] I T I I
0 2 4 6 8 10 120 2 4 6 8 10 120 2 4 6 8 10 12 2 4 6 8 10 12
o | - - -
23] == = = =
gH - —_ - .
R ° ° ° °
5
£ = = o
5 e
2_ | oo _| * s o _| *aa_____| Foes____
I T T T T T T T T I T T T T T T I
0 2 4 6 8 0 2 4 6 8 0 2 4 6 8 2 4 6 8
Lo -
20 ° ° ° =
=] -
© — flnal . = =
ES, ? —_ % = —_— -
2 _— e = _—= % —_ s T — o= o
Co*\'*'\ . R ?\ I
0 2 4 6 8 0 2 4 6 8 0 2 4 6 8 2 4 6 8
Sol T
gol - - 1
3 ‘ ‘ M
318 .® B .9 .o . ::
59 978 : 9% #78. 1 !
5 - - %§ ‘é! = %% ‘é! Qi ‘?Q 7 .‘i‘ﬁ °
2_ | = @ o o % S He
© T".jj‘?. T T Tred e T T R T T \ \ T T T
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Cluster size Cluster size Cluster size Cluster size

Figure 4: Posterior distribution of the number of clusters of each size (black boxplots based on

20k MCMC samples from the posterior after thinning) versus number of clusters of each size in

the true data-generating partition (red dots) for f = 0.10. Each column corresponds to a different

prior for the partition, and each row to a different data generating partition.
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