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Contingency table analysis routinely relies on log-linear models, with la-
tent structure analysis providing a common alternative. Latent structure mod-
els lead to a reduced rank tensor factorization of the probability mass function
for multivariate categorical data, while log-linear models achieve dimension-
ality reduction through sparsity. Little is known about the relationship be-
tween these notions of dimensionality reduction in the two paradigms. We
derive several results relating the support of a log-linear model to nonnega-
tive ranks of the associated probability tensor. Motivated by these findings, we
propose a new collapsed Tucker class of tensor decompositions, which bridge
existing PARAFAC and Tucker decompositions, providing a more flexible
framework for parsimoniously characterizing multivariate categorical data.
Taking a Bayesian approach to inference, we illustrate empirical advantages
of the new decompositions.

1. Introduction. Parsimonious models for contingency tables are of growing
interest due to the routine collection of data on moderate to large numbers of cate-
gorical variables. We study the relationship between two paradigms for inference
in contingency tables: the log-linear model [1, 4, 17] and latent structure models [2,
20, 21, 23, 32, 35, 42] that induce a tensor decomposition of the joint probability
mass function [3, 15]. We aim to understand situations where the joint probabil-
ity corresponding to a sparse log-linear model has a low rank tensor factorization.
Connecting the seemingly distinct notions of parsimony in the two parameteriza-
tions can motivate the use of factorizations having a combination of computational
tractability and flexibility.

Let V ={1,..., p} denote a set of p categorical variables. We use (y;, j € V) to
denote variables, with y; € Z; having d; = |Z;| levels. Without loss of generality,
we assume Z; ={1,...,d;}. Let Iy = Xjeva. Elements of Zy are referred to

as cells of the contingency table; there are ]‘[fz 1 d; cells in total. We generically
denote a cell by i, with i = (i1, ...,i,) € Zy. The joint probability mass function
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of y=(y1,...,yp) is denoted by m, with
(D Tiy,...iy =Pr(y1 =11, ..., yp =ip), iely.

A p-way tensor M € R4 %4 is a multiway-array which generalizes matrices
to higher dimensions [29]. Two common forms of tensor decomposition which
extend the matrix singular value decomposition are the PARAFAC [24] and Tucker
[10, 11, 43] decompositions. Note that 7 = (”il,.u,ip)ielv can be identified with a
R4 < *dp_probability tensor, which is a nonnegative tensor with entries summing
to one. Given n i.i.d. replicates of y, let n(i) denote the cell-count of cell i. We
assume the cell counts are multinomially distributed according to the probabilities
inm.

Inference for contingency tables often employs log-linear models that express
the logarithms of the entries in 7 as a linear function of parameters related to the
index of each cell. Most of these parameters relate to interactions between the
variables [1]. A saturated log-linear model has as many parameters as  has cells.
To reduce dimensionality, it is common to assume a large subset of the interac-
tion parameters are zero, and estimate the model using L regularization [37, 38],
decomposition approaches [6] or Bayesian model averaging [12, 13, 36]. Zero
interaction terms are easily interpreted in terms of conditional and marginal in-
dependence relationships among the variables. A significant literature exists on
Bayesian inference for log-linear models, focusing mainly on the development of
novel conjugate priors [8, 36], model selection/averaging [25, 33] and stochastic
search algorithms to explore the model space (e.g., [14]).

An alternative approach is to assume that the p variables are conditionally inde-
pendent given one or more discrete latent class indices, with dependence induced
upon marginalization over the latent variable(s). The attractiveness of such latent
class models arises partly from easy model fitting using data-augmentation, with
a Bayesian nonparametric formulation allowing the number of latent classes to be
learned from the data [15]. Dunson and Xing [15] showed that a single latent class
model is equivalent to a reduced-rank nonnegative PARAFAC decomposition of
the joint probability tensor 7, while the multiple latent class model in [3] implied
a Tucker decomposition. See also [44] and [30] for extensions of these models to
more complex settings.

Latent class models and log-linear models can be unified within a larger class
of graphical models with observed and unobserved variables (see, e.g., [26, 31]).
In particular, [19] describes relationships between the number of components in
a PARAFAC expansion of 7 and the topological structure of the corresponding
parameter space of a log-linear model, with consequences for estimation and se-
lection in latent structure models. Others have established additional connections
between latent structure models and the algebraic topology of the log-linear model
[16, 18, 33, 39-41].

These two classes of models impose sparsity (or parsimony) in seemingly dif-
ferent ways, and to best of our knowledge, no connection has been established yet
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in this regard. The class of sparse log-linear models is often considered a desir-
able data generating class in high-dimensional settings for flexibility and ease of
interpretation, and it is important to determine whether there exist low rank expan-
sions for probability tensors corresponding to sparse log-linear models. Determin-
ing whether a nontrivial relationship exists is a major focus of the paper. Working
with a class of weakly hierarchical log-linear models, we provide precise bounds
on the tensor ranks of sparse log-linear models. There are limited results on ranks
of higher-order tensors, and the techniques developed here may be of independent
interest.

The complementary goal of this work is to leverage insights from our theoretical
study to develop improved classes of factorization models that provide computa-
tionally tractable alternatives to sparse log-linear models. Sparse log-linear models
are appealing in terms of interpretation and flexibility but unfortunately cannot be
implemented practically in high dimensions. Motivated by our theoretical results
that usual latent class models require many extra parameters to characterize sparse
log-linear models, we propose a new class of collapsed Tucker (c-Tucker) fac-
torizations. These factorizations can parsimoniously characterize complex interac-
tions in categorical data, including data generated from sparse log-linear models.
We propose Bayesian methods for analyzing data under c-Tucker models, demon-
strating advantages over usual PARAFAC-type latent class models.

This paper is organized as follows. Section 2 introduces notation and provides
background relevant to log-linear models and latent structure models. Section 3
provides our main theoretical results on the rank of probability tensors correspond-
ing to sparse log-linear models, and defines classes of sparse log-linear models
corresponding to relatively low rank probability tensors. Section 4 introduces and
motivates the proposed collapsed Tucker model. Section 5 presents a numerical
study of the Bayesian collapsed Tucker model, focusing on its performance in
estimation of 7 and the parameters of a log-linear model; we also show close
agreement to an alternative method on a real data example. Section 6 gives further
discussion of results and implications.

2. Notation and background. We introduce some notation and background
on log-linear models and tensor decompositions. Additional notation will be intro-
duced in Section 3. See Table 1 in the Appendix for a list of notation.

2.1. Log-linear models. A standard approach to contingency table analysis
parametrizes 7 as a log-linear model satisfying certain constraints. For a subset
of variables £ C V, we adopt the notation of [36] to denote by ig the cells in the
marginal E-table, so that ir € Zg := X icE Z;. Let Og(ig) denote the interaction
among the variables in E corresponding to the levels in iz. With this notation,
a log-linear model assumes the form

2 log(mi) = Y Op(ig).

EcVv
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As a convention, 6 corresponds to E = &. To identify the model, we choose the
corner parameterization [1, 36], which sets 6 (ig) = O if there exists j € E such
that i ; = 1. In the binary setting (d; = 2 for all j) with corner parametrization, any
E for which 0g (i) # 0 must have every element of ig equal to 2. In this case, we
will represent g (ig) as O since there is no ambiguity. When d > 2, the notation
O refers to the collection of parameters {0g(ig) : ig € Zr}, and g = 0 indicates
GE(iE) =0forallig € Zg.

Let 0 = {0p(ip) : i, # 1, Yy € E} denote the collection of free model param-
eters and Sy denote the collection of nonzero elements of #. A saturated model
includes all free model parameters, so that |Sp| =[]; d; — 1. Although any model
that is not saturated is technically sparse, when we refer to sparse log-linear models
we have in mind settings where |Sp| < [];d; — 1. We will be primarily concerned
with how the degree and structure of sparsity affects the nonnegative tensor rank
of .

An attractive feature of log-linear models is that the parameters are interpretable
as defining conditional and marginal independence relationships between the y;’s.
A log-linear model is hierarchical [7, 9, 36] if for every E C V for which 6 =0,
we have O =0 for all F D E. Here, we work with a more general class of log-
linear models that contains hierarchical models. We refer to this class as weakly
hierarchical.

DEFINITION 2.1. A log-linear model is weakly hierarchical when the follow-
ing condition is satisfied: if Og(ig) =0 for E C V and ig € Zg, then 6f (i/F) =0
for every F D E and i, € Zr such that i}- =ijforall j € E.

When d; = 2 for all j, weakly hierarchical models and hierarchical models de-
fine identical subsets of log-linear models, but if any d; > 2, the collection of hi-
erarchical models is a proper subset of the collection of weakly hierarchical mod-
els. To see this, suppose a model is weakly hierarchical. Assume 6 = 0. Then
Op(ip) =0forallip € Zg. Let F 2 E. For any i}, € Zr, 0 (i) = 0 by weak hier-
archicality, since 0 (i%;) = 0. Since i} is arbitrary, we must have 6 = 0, proving
hierarchicality.

The essential difference between hierarchical and weakly hierarchical models
is illustrated by the following example. Let V = {1,2,3} and d| =d> = d3 = 4.
Suppose

So = {0111 (2)., 612)(2), 613y (2), 011,22, 2), 611,3;(2, 2), 02,3} (2, 2),
0(1,2,3(2,2,2)}.

In other words, any interactions that correspond to all variables in E taking level 2
are nonzero, and all others are zero. This model is weakly hierarchical but not hier-
archical. For a model to be hierarchical, the collection of nonzero parameters must
be uniquely specified by a generator—a collection of subsets of V. For weakly
hierarchical models, some interactions corresponding to a single subset E may be
zero and others nonzero, so long as Definition 2.1 is satisfied.
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2.2. Tensor factorization models. An alternative to log-linear models is latent
structure analysis [2, 20, 21, 23, 32, 35, 42], which assumes the yi,...,y, are
conditionally independent given one or more latent class variables. In marginaliz-
ing out the latent class variables, one obtains a tensor decomposition of 7. Latent
structure models inducing PARAFAC and Tucker decompositions are briefly re-
viewed below.

2.2.1. PARAFAC models. An m-component nonnegative PARAFAC decom-
position [24] of a probability tensor 7 is given by

(3) T = Z vh)»(l) Q- ®)L(p) Z ®A(1)

h=1 j=I1

where ® denotes an outer product3 each A(j ) € AWi=D s an element of
the (d; — 1) dimensional s1mplex and v € A(’" D Element wise, i, =

Y b1 Vh Hp 1A hl) By constraining v and the k(] )5 to be probability vectors, 1t is

ensured that the entries of 7 are nonnegative and sum to one. The vectors A;f ) are

referred to as the arms of the tensor decomposition.
A probabilistic PARAFAC decomposition [15] of 7 can be induced by a single
index latent class model
vilz " Multi({1, ..., d;}, A

z1 2

()
)”221.;)’
4)

Pr(z=h) = v, h=1,...,m.

Marginalizing over the latent variable z, we obtain expression (3).

Unlike matrices, there is no unambiguous definition of the rank of a tensor.
A notion of tensor rank is derived restricting attention to PARAFAC expansions.
The nonnegative PARAFAC rank of a nonnegative tensor M is the minimal value

of m for which there exist nonnegative vectors A(J ) such that

(5) M= Z@x(”.

h=1 j=1

We will denote the nonnegative PARAFAC rank of a tensor M as rnkJ;(M ). In the
case of probability tensors, the definition in (5) is equivalent to the minimum m
such that (3) holds, since the weights v, can be absorbed into the arms A(] ) For

QP 1 iy =TT 2
4A<r D—{xe]R’ xjZ 0V Y5 xj=1).
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probability tensors, we can always write a trivial PARAFAC expansion exploiting
the probabilistic structure as

Trll”lP: Pr(yl :ll|y2:lz’syP:lI’)Pr(yZZIL-vyp:lp)

(6) = > - Y Pryr=itlyz=ca. ... ¥p = p)liermin,.cp=iy)

€Dy cp€lp
X Pr(yy=ca2,...,yp =cp).

To see the correspondence with (3), introduce one level of A for each distinct
value of the multiindex (c2, ..., cp) so that m = ]‘[;’:2 dj, and set v, = Pr(y; =
€2ty Yp =Cp), )\23 =Pr(y1 =iily2=c2,...,yp =cp) and )»%j) = L(i;=c)) for
j=2,...,p. As a consequence, we obtain an upper bound of d”~! on the non-
negative PARAFAC rank rnkjg () when dj = d for all j. Thus, every nonnegative

tensor has finite nonnegative PARAFAC rank, and the single latent class model has
full support.

2.2.2. Tucker models. An m-component nonnegative Tucker decomposition
[10, 43] alternatively expresses the entries in 77 as

m m V4 )
(7) Tersey = 9 D0 By || My
j=1

h=1  hp=1

where ¢ is an m? core probability tensor and )\2] ) e Adi~! for every h and j. The
Tucker decomposition can be thought of as a weighted sum of m” tensors each
having PARAFAC rank one with weights given by the entries in ¢; conversely,
the PARAFAC is a special case of the Tucker decomposition where the core is an
m x 1 probability vector.

A probabilistic Tucker expansion of a probability tensor 7 can be induced by a
latent class model with a vector of latent class indicators z = (z1, ..., 2p),

yile " Mul({, . dg) A0 A ),
(®) o
Przi=h1,....zp=hp) = &n,....h,-

From this, it is clear that ¢ parametrizes the joint distribution of the latent vari-
ables z1, ..., zp. See [3] for a class of hierarchical models that induce a structured
Tucker decomposition of a probability tensor.

The Tucker decomposition gives rise to an alternative definition of the nonneg-
ative tensor rank of a tensor M as the minimal value of m such that M can be
expressed exactly by an expansion of the form in (7). We will denote the non-
negative Tucker rank of a tensor M as rnkJTr (M). In the case where d; = d for
all j, an argument similar to the one in (6) shows that for probability tensors 7,
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rnk}r () <d. The scale of Tucker ranks is quite different from that of PARAFAC
ranks because the core itself has dimension m”. Therefore, in modeling it is com-
mon to choose a parsimonious representation of the core, an issue we revisit in
Section 4.

3. Main results: PARAFAC rank of sparse log-linear models.

3.1. PARAFAC rank result for general p and d. We now provide bounds on
the nonnegative PARAFAC rank of joint probability tensors. There are few results
on ranks of tensors beyond three dimensions and the techniques developed here
are likely to be of independent interest. All proofs are deferred to the Appendix. In
addition to the bounds developed in this section based on probabilistic arguments,
we provide algebraic constructions in the two-dimensional case in a supplementary
document (see [28]).

In the results that follow, we exploit the fact that a PARAFAC expansion of a
probability tensor has a dual representation as a latent variable model (4), and the
PARAFAC rank of a probability tensor can be defined in terms of the support of the
corresponding latent class variable. Remark 3.1 re-expresses an observation from
[34] that formalizes this relationship. For a nonnegative integer-valued random
variable w, denote spt(w) = {h : Pr(w = h) > 0}.

REMARK 3.1. Suppose 7 is a ]_[?:1 d; probability tensor, and let yi, ..., y,
be categorical random variables with joint distribution defined by m. Then
rnk; () = /\;cz Ispt(z)|, where Z is the collection of all finitely-supported, dis-
crete latent variables z such that

p
) Pr(yi=i1,....yp=ipla=h) =[] Pr(y; =ijlz=h),
j=1

for all 7 € spt(z) andieZy.

Therefore, if a latent variable z satisfying (9) can be constructed, then the
rank of 7 can be at most [spt(z)|. Our recipe to create such discrete random
variables z is to partition the probability space ) on which (yi,...,y,) is de-
fined and assign z a constant value on each partition set. Since y is a mapping
from )Y to Zy, for any partition of Zy, the inverse images of the partition sets
under the mapping y define a partition of ). We shall restrict our attention to
such partitions of ). As a convention to simplify notation, we shall continue to
use Pr to denote probabilities under the probability measure induced on Zy via
the measurable map y. For subsets B; C Z;, it follows from a standard prop-
erty that Pr(y; € By, ...,y € Bp) = Pr( szl Bj), with the first probability de-
fined on the o-algebra on ) and the second on the product o -algebra on Zy. We
shall henceforth identify the event {y; € By,...,y, € By} in ) with the event
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szl Bj in Zy. For a set A € Zy, Pr(y; € By,...,yp € Bp|A) is defined as
Pr((X7_, Bj) N A]/Pr(A).

We now elaborate on the construction of z. For a partition P of Zy, with

{A1, ..., Ayp|} denoting an (arbitrary) enumeration of the sets in P, we define
a discrete random variable z = zp on ) corresponding to P as
(10) z="hlx,(y), h=1,...,|P|.

In particular, for partitions P; of Z;, we can define the product partition P as

p p
(11) P= X’P'ZZ{XBjIBjE'Pj}.
j=1 Jj=1
It follows from properties of the Cartesian product that P indeed forms a partition
of Zy and |P| =[T/_, IPl.
Clearly, for any z as in (10), (9) is equivalent to

)4
(12) Pr(yi=i1,....yp =iplAn) = [[ Pr(y; =ij|An).

j=1
forall h=1,...,|P| and i € Zy. We now proceed to create partitions P satisfy-

ing (12). First, observe that the trivial PARAFAC expansion in (6) corresponds to
the product partition (11) with Py =Z; and P; = {{c;} : ¢; € Z;} for j > 2, so that
the event {z = h} for each h designates an event of the form Z; x {cz} x - -- X {cp}.
Clearly, | P| = dP~!; the trivial upper bound. Our main target is to show that much
tighter bounds can be achieved under the assumption of weak hierarchicality.

We introduce some additional notation here. For a variable j € V, let Céj ) de-
note the levels of variable j that share a nonzero two-way or higher order inter-
action with at least one other variable. For weakly hierarchical models, it is suf-
ficient to only search over the nonzero two-way interactions, so that C él ) = {cj e
T; : there exists j' # j and ¢;j» € Zjy such that 6(; j;y(c;, c;) # 0}. For any 0, let
Co:={(E,ip) 1 |E| =2 2,0p(ip) #0} and Cp 2 :={(E,ip) : |[E| =2,0p(ip) # 0}.
Note that Cy is not the collection of nonzero second or higher order interactions;
elements of Cy are tuples (E,ig) such that there is a nonzero interaction among
variables in E corresponding to the levels in ig. Cy 2 is constructed similarly for
the nonzero two-way interactions only.

If the model is weakly hierarchical, it follows from Definition 2.1 that for
any subset C’ of (Cg]))c, vile(yj) L y—j, where y—j; = (y1,...,¥j—1,
Yj+1,--.,Yp) and for random variables x1, x2, x; L x; indicates marginal inde-
pendence. Thus, instead of having to let the levels of z vary over all events of
the form {{c2} N --- N {cp}}, one can coarsen the partition P in (11) by pooling

together all the levels in (Céj ) )¢ to form a single element of P;. Further improve-
ment can be achieved by scanning through the variables in a particular order and
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only considering the subset of C, gj ) that correspond to nonzero two-way interac-
tions with variables that appear later in the ordering. We formalize this observation
in Theorem 3.1 below.

THEOREM 3.1. Suppose w is a dP probability tensor corresponding to a
weakly hierarchical log-linear model. Let o be a permutation on V. For each

j=1,....p—1,denote GY¥’ ={c(j +1),...,0(p)} and define By to be the
following subset of Cy 2

Bo(j) =lio(j) €Zo(jy :3f € GY and i € If 5.1. 016(j), f)(io(j)- i f) #O}.
Then the PARAFAC rank mk”; () of 7T is at most

/\ 1_[ |Bv(})| +1
o ‘:

The bound in Theorem 3.1 gives the correct upper bound d”~! when the model
is saturated, since then for any permutation o we have |Bs ()| = (d — 1) for
j=1,..., p — 1. More importantly, it is easy to compute and provides a useful
estimate of the order of the PARAFAC rank in d and/or p when the interactions are
uniformly spread. However, if the interactions are highly structured, Theorem 3.1
may yield the trivial upper bound irrespective of the true rank, as seen in Exam-
ple 3.3 below.

Our next result provides sharper bounds on the PARAFAC rank. In the first part
of Theorem 3.2, we provide a “dimension-free” upper bound that is unaffected by
increasing d as long as the true PARAFAC rank is constant. We then present a tight
upper bound in the second part of Theorem 3.2 which cannot be globally improved
in the class of weakly hierarchical log-linear models.

THEOREM 3.2. Suppose m is a probability tensor corresponding to a weakly
hierarchical log-linear model. Let H = {H\, ..., Hp} denote collections of sets
of indices, where each H; C I;. Given H, define Tc,, ) = {(E,ig) € Cy :ij €
H; for some j € E} and let

(13) I = {H . T(C@,H) = C@}.

Assume C(J) #* O forall j. Then

(14) mkf(m) < A (1_[ (15| + 1))-
Hest “jeV

Foranyl eV, seth {jeV\{}:|Hj|=d d—1}and W; = V\ W,. Then a tight
upper bound on mk’}, p(w) is

(15) A /\(n(|Hj|+1)—[l_[(|Hj|+1):||:1_[ IHjID.

HesleV “jeV JEW; jew;
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The full proof of Theorem 3.2 is provided in the Appendix; Example 3.4 illus-
trates the main ideas of the proof.

REMARK 3.2. By definition, T(c,,#) C Cy, so the condition T(c, n) = Cy
in the definition of 7 in (13) equivalently requires that for every (E,ig) € Cy,
ij € Hj for some j € E. Moreover, for weakly hierarchical models, T(c, n) =
Co & T(Ce,z,H) = Cg,z.

REMARK 3.3. Theorem 3.2 assumes Céj ) # @ for all j, that is, every variable
shares at least one second-order interaction. Clearly, the set of variables which do
not satisfy the condition are marginally independent of all other variables and do

not contribute to the rank. Letting U = {; : ng ) = &}, the statement of Theo-
rem 3.2 will continue to hold without this assumption as long as we replace all

instances of V by V* =V \ U.

3.2. Illlustrative examples. In this subsection, we present two examples to
highlight the refinement of the bounds in Theorem 3.2 over Theorem 3.1 and illus-
trate the main ideas behind the proof of Theorem 3.2.

In the setting of Example 3.3 below, the expressions in (14) and (15) can be
explicitly calculated to illustrate the improvement over Theorem 3.1.

EXAMPLE 3.3.  Suppose p =2 and d| = dp = d. Assume 61 2)(2, ¢2) # 0 for
all c2 > 2, 0y1,2y(c1,2) # 0 for all ¢; > 2 and 03 2)(c1, c2) = 0 otherwise. Thus,
level 2 of variable 1 interacts with all levels except 1 of variable 2, and similarly,
level 2 of variable 2 interacts with all levels except 1 of variable 1. In addition, for
convenience of illustration, also assume that all main effects are zero,’ so that

logm; i, =60 + 01,2y (i1, 12) L, =2,i,>2) + 01,2y (A1, 12) L (i, >2,i,=2)-

Letting J; denote the d x d matrix given by v; ® v, where {v1};; = 1;,» and
{v2}i, = 1,2, We can write 7 = e% J; + 7, where 7 is a d x d nonnegative
matrix with entries

~ Oo+6 i1,2)1;, =246 2,i2) L, =
iy = €% (1,2 ((1,2) L (i =2)+0(1,2) (2,i2) L, 2)1(1',:2 or ir=2)-

Note that 7 is everywhere zero except in the second row and column. In the case
of nonnegative matrices, mk}ﬁ (A) equals the ordinary matrix rank rnk(A) when
rnk(A) < 2 (see [22]). It is easy to see that the ordinary matrix rank of 7 is 2,
since there are at most two linearly independent columns. Hence, rnk}ﬁ (m)=2and

SHere and in several later examples, we assume that the main effects {0g (ig) : |E| = 1} are zero
for notational brevity. While formally these models are not weakly hierarchical, the inclusion of
nonzero main effects do not influence the PARAFAC rank, and hence this assumption can be made
without loss of generality.
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applying Lemma A.1 in the Appendix, we conclude rnkJIS <1+ rnkJ[, () <3.
Barring pathological cases, the ordinary rank rnk(;r) will always be 3, and since
rnk}“, (A) = rk(A) for matrices [5], rnk}L, (;r) will also be exactly 3.

In applying Theorem 3.1, we have |Bj| = |B2| =d — 1, so that we always get
the trivial upper bound d irrespective of the choice of o.

Next, apply Theorem 3.2. Observe that H = {{2}, {2}} € JZ, since all of the
interaction terms have either ¢c; =2 or ¢y = 2, and hence the upper bound in (14)
is reduced to 4 irrespective of the value of d. With this choice of H, the expression
inside the minimum in (15) becomes (|H1|+ 1)(|H2|+ 1) — |H1||H2| =4 —1 =3,
which returns the exact rank.

As in case of Theorem 3.1, the main strategy of proving Theorem 3.2 is to care-
fully construct a partition P of Zy and define z as in (10). In this case, generate
a partition utilizing the sets H; and establish the conditional independence (12)
exploiting the definition of /7. Let H; =T7; \ H; and let Py ; denote the partition
of Z; consisting of the singleton sets {i;} for i; € H; and the set H;. Define a
partition 73[0{ of Zy as the Cartesian product (11) of the partitions Py ;. It is then
immediate that |P;| = |H;| + 1, and hence |P| = §:1(|Hj| + 1). The nontrivial
aspect of the proof of (14) is to show that for any H € JZ, yy,...,y, are con-
ditionally independent given any set A in 732,. The tight upper bound in (15) of
Theorem 3.2 exploits that certain sets in 732[ can be merged without sacrificing
conditional independence. Although detailed proofs of these facts are provided in
the Appendix, we highlight the salient features in Example 3.4, which is an ex-
tension of Example 3.3 to higher dimensions with a more complicated interaction
structure.

EXAMPLE 3.4. Let p =5 with d > 4 and suppose Sy is given by
20(1,2)(2,¢2) #0 for ¢y > 2, 012,31(2,¢c3) #0 for c3 > 2,
0(3,4)(2,¢c4) #0 forcqg > 2, 04,52, ¢5) #0 for ¢s > 2,
0(1,5)(c1,2) #0 forc; > 2, 012,4)(2,c4) #0 forcq4 > 2,
0(1,4)(2,¢c4) #0 for c4 > 2, 011,2,4)(2,2,4) #0,
012,5(2,¢5) #0 for cs > 2, 011,5/(2,¢5) #0 for cs > 2,
011,2,5(2,2,4) #0,

so there are two nonzero three-way interactions. It is not difficult to see that The-
orem 3.1 gives the trivial bound of d* for all 5! = 120 permutations. Now, let
H; = {2} for each j, so that H = {{2}, {2}, {2}, {2}, {2}}. From (3.2), we can ver-
ify that H € . Hence, the conclusion of (14) holds and rnkJIS(n) <27 =32,
a massive reduction.

As an illustration of the proof technique, we now show that:
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1. (12) holds with a specific A € 7921 and a specific cell i € A, providing intu-
ition for the proof of (14);

2. (12) continues to hold when two example sets in 7721 that have (|V|—1) iden-
tical coordinate projections that are singleton sets are merged, providing intuition
for the proof of (15); and,

3. that (12) fails when two example sets in 7321 that do not have (|V| — 1)
identical coordinate projections that are singleton sets are merged, providing a
heuristic for the tightness of (15).

Since H; = {2}, Hj ={1,3,...,d}; we shall denote this by {# 2} for brevity.
The partition Py, ; of Z; therefore consist of the two sets {2} and {+# 2} for each
j=1,...,5 and the partition 772, has 32 elements.

Part 1. Consider the event A = {2} x {2} x {2} x {£2} x {#£2} € 7321 and the
celli=(2,2,2,4,4). We show that (12) holds with A and i, that is, if A* denotes
the event {y =i} then

2Pr(A*|A) = Pr(y; =2|A) Pr(y, =2|A) Pr(y3; =2|A)
(16) X Pr(ys = 4|A) Pr(ys = 4|A)
=1x1x1xPr(ys=4|A)Pr(ys =5|A).
Now notice that

T02224c5 T02224c5
cs#2 cs#2

and similarly

22244 N T222¢44
Pr(ys =4|A) = ) =% =Pr(A*|A) ) —*.
o Pr(A) o TT22244

So (16) is equivalent to showing

Pr(A) T2224¢5 T1222c44

T2244 (o (o TT22244 T22244

Since

Pr(A) _ Z Z T222¢qes _ Z Z TT222¢405 0222044

22244 22 0522 TT22244 a2 o522 TT222c44 7022244
we need to show that
T0222¢4c5 T2224c5

(7 = :
T2e44 22244
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All main effects and interactions that correspond to variables yy, ..., y4 will be
eliminated in the ratios on both sides, so we focus only on those involving ys. This
gives us that the LHS of (17)—assuming c5 # 4—is

exp(fsy(cs) — Or53(4) +6(1,5)(2, ¢5) — 6(1,5)(2,4) + 012,5,(2, ¢5)
—02,5)(2,4) — 0(1,2,5(2,2,4)).

The RHS differs only in the value of y4, but since there are no {4, 5} interactions
at these levels of the variables and the level of y4 is the same in the numerator
and denominator on the RHS, equality holds in (17), despite the fact that there are
nonzero three-way interactions. Note that 6(1 2 4)(2,2,4) cancelled on the RHS
and was either zero or cancelled on the LHS as well (the latter occurring when
cqg =4).

Part2. Fix [ =>5. The partition 7321 contains the sets
A% ={{2} x {2} x {2} x {2} x {2}},
AP = {{2} x {2} x {2} x {2} x {#2}}.

These sets share |V | — 1 = 4 coordinate projections that are singleton sets, for
example, the set {2} corresponding to variables 1 through 4. Now set

A% = A°U AP = {2} x {2} x {2} x {2} x Zs}

and put 7711{ = (7321 \ AP, A%) + A?. Following the argument in the display af-
ter (11), we have conditional independence given A®. Since this is the only set in
77}, that is not in 77%, 77,11 satisfies (12). Therefore, we see that it is possible to
merge two sets that have (]V| — 1) identical coordinate projections that are sin-
gleton sets to create a coarser partition that continues to satisfy (12). Though we
do not show it rigorously in this example, it is only possible to merge two sets of
this form in 73% while maintaining conditional independence, giving us the upper
bound rnkJ[, () =23 — 1 =31. The same value is given by (15).

Part 3. 'We now utilize the same setup to demonstrate the key argument as
to why (15) is tight. This principle can be described succinctly as the failure of
conditional independence upon replacing sets in the partition A(}I with their union
when these sets do not have in common at least |V | — 1 identical singleton events.
Let AP and A* be as in Parts 2 and 1, respectively, and set

AY = {{2}, {2}, {2}, {(# 2} {(# 2}

and note that A” and A# share 3 = |V| — 2 identical coordinate projections which
are singleton events. Then

A UAP = ({2}, (2, (2). Tu. (£ 2}).
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Since A and A” share only |V | — 2 singleton coordinate projections, (12) should
fail if we merge these sets. So we want to show that

Pr(A*|A) # Pr(Z4|A) Pr({#£ 2}|A).
This will be true iff

7222 T2224
(18) C4C5 cs

T0222c44 7022244

for one or more values of c4 € Ay4, c5 € As. Here, unlike our previous example
using this setup, c4 can take any value in 74, including the value 2. However,
0(4,5)(2, c5) # 0 for any ¢5 > 2. So now on the LHS of (18) we get

exp{0;sy(cs) — 0151 (4) 4 6(1,5)(2, ¢5) — 01,5y (2, 4) + 12,51 (2, ¢5)
—02,5)(2,4) — 0(1.25/(2,2,4) + 601,512, ¢5) — Oja 5,(2,4) },
when ¢4 = 2 and ¢5 # 4. But on the RHS we still get
exp{0ys)(cs) — 0151 (4) + 61,5y (2, ¢5) — 61,5y (2, 4)
+ 612,52, ¢c5) — 62,5, (2,4) — 0j1.2,5)(2,2,4)}

always, so there are events contained in A where the equality fails and, therefore,
conditional independence does not hold.

As a concluding comment, in all the examples where we could calculate the
exact rank explicitly, the bound in (15) produced the exact rank. However, to show
that (15) provides the exact rank, we need an additional condition; see Remark 3.4
below (a proof is provided in the supplement [28]).

REMARK 3.4. Suppose for every H € ¢ for which there exists H* € .7
inf

such that H]?" C H; for every j, the smallest partition Py’ satisfying (9) that can

be formed from unions of the events in PIO, satisfies IP}TI‘fI > IP}_II‘iI. Then (15)
gives the exact value of rnkJ[, ().

3.3. Practical consequences of rank results. We provide corollaries to Theo-
rem 3.1 that give insight into cases where a relatively low PARAFAC rank can be
expected. These corollaries motivate subsequent analysis of the statistical proper-
ties of latent class models. The number of parameters in a PARAFAC decomposi-
tion is given by (k — 1) + & Zle dj, where k = rnkJ}E (7). Hence, the PARAFAC
rank determines precisely the parameter complexity of the related latent class
model, and bounding the rank is sufficient to bound parameter complexity.

The results in this section make some additional assumptions about the sup-
port of the log-linear model. As a basis for comparison across the different cases,
we will consider the order of the PARAFAC rank as a function of p or d under
different scenarios for the support of the log-linear model. This provides a rough
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indication of the extent of dimension reduction that is achievable with PARAFAC
decompositions in different cases.

Corollary 3.5 shows that when the maximum number of interacting levels of all
variables is small relative to d the rank will be substantially reduced.

COROLLARY 3.5. If|CS| <n—1forall j, mk}(x) <nr'.

PROOF.  This follows immediately from Theorem 3.1 by noting that the con-
dition |C(§j )| < n — 1 implies that |B,(j)| < n — 1 for every permutation o and
every j. U

In the case where 1 < d, the condition in Corollary 3.5 reduces the PARAFAC
rank by a factor of (d/n)?~'. However, the PARAFAC rank is still exponential
in p, so this assumption is unhelpful in controlling the PARAFAC rank as a func-
tion of p. By Theorem 3.2, the exact rank is also exponential in p, so in general
the order of the exact PARAFAC rank as a function of p is the same as that given
by Corollary 3.5, which relies on Theorem 3.1.

If we also assume that certain types of conditional independence exist, useful
bounds on the PARAFAC rank as a function of both d and p can be obtained.
Corollary 3.6 gives one such result.

COROLLARY 3.6. Suppose that the conditions in Corollary 3.5 hold and for
J CV,set yy)=1{yj:Jj€J}. Then if y e are independent given the variables
¥y, mkp () <Ml

The simplest such case is represented by the graphical log-linear model in Ex-
ample 1 of Figure 1: a single star-graph, where y7 is the hub variable.® More gener-
ally, if we consider the special case of graphical models, the setting in Corollary 3.6
has a graphical representation where all edges involve at least one of the variables
in J. The PARAFAC rank is then exponential in |J|, not p. With n <logd and
|J| <log p, we obtain rnk;ﬁ () < (log d)1°2? o the rank becomes at most expo-
nential in log p.

Similar bounds can be obtained when marginal independence exists, which is
represented by the graphical model in Example 2 in Figure 1 and formalized for
general weakly hierarchical models in Corollary 3.7.

COROLLARY 3.7. Suppose the conditions of Corollary 3.5 hold, and suppose

there exists J C 'V with the property that j € J° = y; L y_j|. Then rnkJ}E(n’) <
()
v,

5While we use graphical representations to simplify exposition, none of the results presented in
this section require that the log-linear model is graphical; it is sufficient that it be weakly hierarchical.
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Ex. 1: Star graph Ex. 2: Marginal independence Ex. 3: Two cliques, empty separators
Ya

y
Yo ‘ Y6

5

ya\ .,/y
P N
Ys

™~

Y7

Y

y2><
Y%

FIG. 1. Graphical representations of certain sparse log-linear models. Example 1 and Example 2
are graphs associated with sparse weakly hierarchical log-linear models that have low PARAFAC
rank. The model need not be graphical for the rank to be low; any weakly hierarchical log-linear
model with these dependence graphs will have low rank relative to the maximal rank. Example 1
is a canonical example of extensive conditional independence, which, by Corollary 3.6 leads to low
PARAFAC rank. Example 2 has extensive marginal independence, as discussed in Corollary 3.7.
Example 3 corresponds to a sparse log-linear model that has high PARAFAC rank (one half of the
maximal rank).

Y3 Yo Y Y3 Y6
Ys ‘
% 4 Yr Y. 4

Y.

Thus, in this case the PARAFAC rank will depend only on the number of vari-
ables that are not marginally independent; the same result that we obtained in
Corollary 3.6 with conditional independence. It follows we can also achieve the
(logd)'°¢? order of the PARAFAC rank in p and d with the same assumptions on
nand |J].

The previous results in this section were corollaries to Theorem 3.1, which pro-
vides a relatively easy way to calculate bounds on the PARAFAC rank and allows
us to clarify cases in which the PARAFAC rank of weakly hierarchical log-linear
models will be small. However, this bound is not tight, as illustrated in Exam-
ple 3.3, and thus when a specific weakly hierarchical interaction structure or class
of structures is under consideration, it is necessary to utilize Theorem 3.2 to obtain
a tight bound on the rank. We illustrate below through a concrete example that the
conclusion of Theorem 3.2 is not simply of theoretical importance, the posterior
distribution on the number of components indeed increasingly concentrates on the
upper bound implied by Theorem 3.2 as sample size increases.

EXAMPLE 3.8. Set p =35 and d; =d =5, so that we have a 5% = 3125 cell
tensor. Let n ~ Multinomial(N, mg), where m( corresponds to the weakly hierar-
chical log-linear model with all main effects nonzero and

0(1,21(2,¢2) #0  forall c2 > 2, 01.2)(c1,2) #0  forall ¢ > 2,
011.3)(2,¢3) #0  forall c3 > 2, 02.3(2,c3) #0  forall c3>2,
011,2,3)(2,2,¢3) #0 for all ¢3 > 2,

with all other interaction terms identically zero and 6;z) = 0 for identification. It
can be verified that the minimal H for this model is {{2}, {2}, &, &, I}, so the
PARAFAC rank is at most 4.
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PARAFAC - 3, v
N=1000 N=5000 N=10000

1234567891012345678910 12345678910
class

F1G. 2. Boxplot of posterior mean of cumulative sum of largest h class probabilities for
h=1,..., 10 from PARAFAC model estimated on data generated from ten replicate simulations
from the log-linear model in Example 3.8. The boxes within each panel are the posterior means for
Yi<pviforh=1,...,10 and the different panels represent sample sizes N = 1000 (left), N = 5000
(ce;ter) and N = 10,000 (right).

A simulation study was performed to assess performance of the Bayes’
PARAFAC model when the data are generated by the sparse weakly hierarchi-
cal log-linear model in Example 3.8. The nonzero entries of # were sampled from
N (0, 1), truncated to lie in the set (—oo, —0.2] U [0.2, 00). The sampling of the 6
parameters was repeated ten times, and for each sample of the log-linear model pa-
rameters, n was sampled independently for N = 1000, 5000 and 10,000—sample
sizes that range from about one-third of the number of cells in the table to about
three times the number of cells. We then performed MCMC computation for the
Bayes’ PARAFAC model using the Gibbs’ sampling algorithm in [15]. For com-
parison, we also fit a regularized log-linear model using Lasso with ten-fold cross-
validation to select the penalty, as implemented in the glmnet package for R,
and the oracle model—that is, a log-linear model for only the nonzero entries of
0—by maximum likelihood. These comparison methods are used in all subsequent
simulation examples.

Figure 2 shows, on the left, a boxplot of the cumulative sum for the largest ten
class probabilities (for the class probabilities in descending order of magnitude).
The first five class probabilities nearly sum to one in every simulation, with the first
four summing to at least 0.95 in each case. Thus, the posterior for the PARAFAC
rank concentrates around the theoretical rank of 4. Figure 3 summarizes perfor-
mance in estimation of @ and 7. Specifically, in this and all subsequent simulation
examples, we use the samples of the PARAFAC parameters to obtain samples of
and of #—the latter by way of the Mobius transformation (see [36])—then use the
ergodic average and median as point estimates for # and , respectively. Normal-
ized root mean squared error (RMSE(@) / sd(0)) for estimation of 0, as well as the
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RMSE(8)/sd(6) L, loss for

N=1000 N=5000 N=10000 N=1000 N=5000 N=10000

@?
i = |

T eellael] e

L

P L O P L O P P L O P L O P L O
Estimator Estimator

F1G. 3. Left figure: Boxplot of RMSE(@)/sd(é’) for PARAFAC (P), lasso (L) and oracle MLE
(0) estimated on data generated from ten replicate simulations from the sparse log-linear model
in Example 3.8. The three subpanels of the figure show results for three different sample sizes
N = 1000, 5000, 10,000. Right figure: identical arrangement, but here the plotted values are the
L1 loss for estimation of .

L loss for estimation of 77, are shown in Figure 3. Here, sd(#) is the true standard
deviation of the entries of @ in the simulations. Also shown for comparison are
the identical quantities for the Lasso estimator and the oracle MLE. PARAFAC is
seen to perform competitively with Lasso for estimating 6 and is superior for es-
timation of 7, despite the fact that generating data from a sparse log-linear model
seemingly favors Lasso, which also benefits from cross-validation. There are clear
problems with identification for the oracle estimator in the smaller sample sizes
resulting from sparsity of the sampled table.

4. Collapsed Tucker decompositions. Corollaries 3.6 and 3.7 demonstrate
the main ways in which exponential scaling of the PARAFAC rank in p can be
avoided. However, these settings correspond to special cases of conditional inde-
pendence mediated by a few variables or extensive marginal independence. More
generally, Theorem 3.2 shows that low PARAFAC rank requires that all of the
interactions can be accounted for by a small number of levels of the variables,
as is the case in Example 3.8. Outside this relatively limited class, PARAFAC
rank and, therefore, parameter complexity, scales unfavorably in the dimension
of the contingency table. As such, statistical efficiency relative to the log-linear
model is expected to degrade as dimensions increase. This is likely most evi-
dent in poor recovery of log-linear model parameters, as there may exist low
rank expansions that well-approximate 7 but have quite different values of #. We
show several simulation examples in the sequel in which this degradation of sta-
tistical performance of the PARAFAC model occurs, particularly for estimation
of 0.
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As p grows, the number of classes in the PARAFAC model must grow rapidly
to represent complex dependence among the variables. The Tucker decomposition,
on the other hand, has p latent class variables, and thus the number of latent classes
does not depend on p at all, as shown in the following corollary to Theorem 3.2.

COROLLARY 4.1. If m is a probability tensor corresponding to a sparse log-
linear model then the Tucker rank

mkim) < AV (HjI+1),

Hext jeV

where F€ is the collection defined in the statement of Theorem 3.2.

The parsimony gained in the Tucker model by requiring few latent classes is
offset to varying degrees by the need to model the dependence between the p latent
categorical variables through the [rnkJTr ()]? core tensor—the parameter ¢ in (7).
Clearly, unless rnk7 () <« max; d;, the core is nearly as large as 7. Therefore,
while PARAFAC rank is an appropriate measure of parameter complexity in single
latent class models, the Tucker rank is less meaningful unless d is large for most ;.
When p is even modest in size, parsimony and effective number of parameters
in a Tucker model is mainly a function of how the core is parametrized. As a
result, it becomes critical to count parameters in hierarchical models that induce
Tucker decompositions of 7 rather than simply relying on the rank. For example,
[3] used a hierarchical random effects model to borrow information across the
entries in the core tensor, greatly reducing parameter complexity relative to having
an unstructured prior on the entries of ¢.

In what follows, we motivate and develop a meta-family of tensor decomposi-
tions obtained by allowing the dimension of the core tensor to be any value be-
tween 1 (the PARAFAC) and p (the Tucker). We refer to these as collapsed Tucker
(c-Tucker) decompositions. These decompositions can be induced by hierarchical
latent class models where the number of latent class variables is between 1 and
p. To control parameter complexity, we choose to model the core through a latent
PARAFAC decomposition. This is a modeling choice, and is not required to induce
a c-Tucker decomposition. For example, one could instead choose an analogue of
the random effects model of [3] to model the core. To illustrate the advantages of
c-Tucker factorizations, we focus on data generated from sparse log-linear models
with groups of variables in which there is arbitrary dependence for variables within
a group but independence or structured dependence across groups.

4.1. Independent PARAFACs. To motivate the c-Tucker decomposition, we
first show how a variation of the PARAFAC decomposition can eliminate the expo-
nential factor of log(p) that appears in Corollary 3.7 in cases where there are mul-
tiple groups of variables that are marginally independent of all the other groups.
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An example of a graphical model with this dependence structure is shown in Ex-
ample 3 in Figure 1: two cliques with empty separators.

Divide yi, ..., yp into k groups, and let s; indicate the group membership of
variable j. For each s € {1, ..., k} define a PARAFAC expansion for the marginal
probability tensor corresponding to ) = Pr({y jisj=s}),as

g )
x® = > va @ )\z]).

h=1 Jisj=s

We define the joint distribution of yq, ..., y, as

s=1jisj=s

This model can be described succinctly as k independent PARAFACs. This is a
generalization of the sparse PARAFAC (sp-PARAFAC) model of [44] to the case
of more than two groups, and gives much stronger control over parameter growth
than PARAFAC when the truth consists of marginally independent groups of vari-
ables. This is shown formally for the special case of graphical models with empty
separators in Theorem 4.2.

THEOREM 4.2. Consider a graphical log-linear model for binary data de-
fined by parameters 0. Let F be the collection of all cliques, and suppose |.F| =
o (k). Then if \/ ez | F| = 0 (log,(p)) and all separators are empty, the tensor w
can be expressed by k independent tensors 1V, ... w® with Zle rnk}L, (r®)y =
o (kp).

REMARK 4.1. In the special case where log,(p) is an integer and all cliques
have identical cardinality, we obtain Z’;=1 rnkj; T =o ( 2/ log, ( p)).

REMARK 4.2. The result in Theorem 4.2 also holds for any weakly hierar-
chical log-linear model with the same dependence structure, since the graphical
model has the maximum number of nonzero interaction terms for any set of de-
pendence/independence relationships.

It follows that where marginally independent sets of variables exist, grouping
variables and performing independent PARAFAC decompositions for each of the
marginal probability tensors corresponding to the groups can reduce the effective
number of parameters drastically. Although Theorem 4.2 is stated for the special
case of binary outcomes, conceptually it applies for general d; and the advantage
is borne out empirically, as we show with the following example.
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RMSE(8)/sd(6) Ly loss for
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FI1G. 4. Left figure: Boxplot of RMSE(@)/ sd(@) for PARAFAC (P), independent PARAFAC (IP),
lasso (L) and oracle MLE (O) estimated on data generated from ten replicate simulations from the
log-linear model in Example 4.3. The three subpanels of the figure show results for three different
sample sizes N = 1000, 5000, 10,000. Right figure: identical arrangement, but here the plotted values
are the Ly loss for estimation of 1.

EXAMPLE 4.3. Let 7 be a d° probability tensor corresponding to a sparse
log-linear model where all main effects are nonzero and in addition

011,2)(2,¢2) #0 for ¢p > 2, 0(3,4)(c3,2) #0 for ¢z > 2,
01,2y(c1,2) #0 for c; > 2, 03,5(c3,2) #0 for ¢z > 2,
03,4)(2,c4) #0 forcq > 2, 04,51(2,¢5) #0 forcq > 2,
03,51(2,¢5) #0 for cs > 2, 0i4,51(c4,2) #0 for c4 > 2,

with all other interaction terms equal to zero. Letting H = {{2}, {2}, {2}, {2},
{2}} € 2, we know rnkJIS () < 2° =32, so the PARAFAC decomposition has ap-
proximately 31 4 32 x 20 = 674 parameters. The structure of sparsity guarantees
that y1, y» L y3, ya, ¥5. As a result, the number of parameters in two independent
PARAFAC decompositions is only (3 +4 x 8) 4+ (7 + 8 x 12) = 138.

We simulated data from the model in Example 4.3 with d = 5 using the same
distribution for the nonzero log-linear model parameters as in the simulation study
for Example 3.8. We performed computation by MCMC for the PARAFAC model
as well as the independent PARAFAC model with two variable groups: y;, y» and
¥3, V4, y5. Figure 4 shows normalized RMSE for estimation of # and L loss
for estimation of m for PARAFAC, independent PARAFAC, Lasso and the ora-
cle MLE. PARAFAC performs poorly relative to Lasso in estimation of € but is
comparable to Lasso for estimation of 7, suggesting that the posterior concen-
trates around a lower-rank tensor with entries that are very similar to 7 but for
which the equivalent log-linear model has a rather different value of #. This is
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probably a consequence of the fact that the true PARAFAC rank in Example 4.3 is
much larger than the PARAFAC rank in Example 3.8, so that the exact expansion
has high parameter complexity. In contrast, the independent PARAFAC performs
slightly better than Lasso for estimation of # and substantially better for estima-
tion of m, despite the fact that the data generating model is a sparse log-linear
model.

The approach outlined above is limited to cases in which the variable groups
are marginally independent, which in the special case of graphical models corre-
sponds to empty separators. However, additional flexibility can be gained by in-
troducing another set of parameters to control dependence between the groups.
This is the essence of the collapsed Tucker model, where we project p di-
mensional y to k < p dimensional z and model the joint p.m.f. of z via a
PARAFAC.

4.2. Latent class models inducing collapsed Tucker decompositions. We now
define c-Tucker decompositions. Specifically, let

m m p .
(19) Tetmney = D O Ghyie | | /\Ef»«.)c,»
m=1  h=I =1’

where hjf = hs; withsj €{l,...,k} for j=1,..., pand k < p when p is mod-
erate to large. The s;’s are group indices for {y; : j € V}, with s; = p denoting
that y; is allocated to group p. For a particular configuration of the s;’s, the p
variables are assigned to k groups, and s; = s indicates that y; and y; belong to
the same group. We refer to (19) as a m-component collapsed Tucker (c-Tucker)
factorization.

c-Tucker is a latent class model with k latent class indices. Letting z =
(z1,...,zx)T denote a vector of group indices, the c-Tucker model in (19) has
a hierarchical representation where given z, yj,...,y, are conditionally inde-

() k
Z.vjcj'

core tensor; it is a probability tensor that parametrizes the joint distribution of
the latent categorical variables zi, ..., zx. Clearly, for k = 1 we recover the
PARAFAC decomposition and for k = p we obtain the Tucker decomposition.
Graphical representations of dependence between observed and latent variables
in PARAFAC, Tucker, and c-Tucker models are shown in Figure 8 in the Ap-
pendix.

The number of parameters in the core ¢ grows exponentially in &, so superfi-
cially the problem of rapidly growing parameter complexity remains. To control
this, we model ¢ using a PARAFAC decomposition

pendent with Pr(y; = cjlz,s;) = A The parameter ¢ is a m" nonnegative

r k
(20) Bt = 9 E [T W00

=1 s=1
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where £ = {£} is a vector of probabilities, w,(s) = {wl(;)} are probability vectors
of dimension m for s ={1,...,k},and 1 <k < p. If r = 1, we obtain a k-group
independent PARAFAC model as in Section 4.1. Under (20), the number of free
parameters’ in a c-Tucker expansion scales as

p
1) r—1l+rm—Dk+m) (d;j—1).
j=1

This effective parameter count depends not only on the number of components
m but also on r and k, suggesting that unlike in the PARAFAC case the rank is
not useful by itself as a measure of parsimony. Hence, we focus on parameter
count (21) and rank of the core r instead of m in what follows. The first two
terms in (21) are specific to the choice of a PARAFAC factorization for the core ¢,
while the term m Zle (dj — 1) appears in the parameter count for any c-Tucker
factorization.

We can obtain insight into what types of log-linear models might be parsimo-
nious in the c-Tucker representation but not the PARAFAC representation by con-
sidering the setup in Theorem 4.2: binary variables consisting of k independent
groups each with at most log,(p) members. In general, if X marginally indepen-
dent groups of variables exist and all outcomes are binary, the PARAFAC rank will
be of the order 27~*. The proof of this is straightforward and is omitted. Therefore,
Theorem 4.2 gives conditions under which the ordinary PARAFAC rank is ap-
proximately 27—, with parameter complexity 27K — 1 + p2P~k_ Under the same
conditions, c-Tucker has parameter complexity of approximately kp — k + p2, ob-
tained from (21) with r =1, m = p and d; = 2 for all 7.3 This is quadratic in p
instead of exponential.

5. Estimation and applications for c-Tucker models. We present an al-
gorithm for inference and computation for c-Tucker models in the Bayesian
paradigm. The model is illustrated in simulation studies and an application to the
functional disability data from the national long term care survey (NLTCS).

5.1. Bayesian inference for c-Tucker models. Bayesian inference for c-Tucker
models requires priors on the parameters of the core, arms and the group mem-
)]
hjfc j .
We specify truncated stick-breaking priors [27] on the latent class probabilities
Pr(z;s = h) and fix the maximum number of latent classes. A similar approach is

berships of the variables. We choose conjugate Dirichlet priors on the arms A

TThese are upper bounds rather than exact expressions. That the effective dimension of the pa-
rameter space for a PARAFAC model can in some cases be smaller than the nominal number of
parameters in the expansion has been well documented; see, for example, [19] and [16].

8The difference between this expression and that in Theorem 4.2 is simply a result of the latter
being the sum of PARAFAC ranks and the former a count of free parameters.
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used for the arms {;‘;ES)} in the PARAFAC expansion of the core. When group mem-
berships are inferred, we use a Dirichlet(1/k%, ..., 1/k) prior on variable group
membership probabilities.

The Bayesian c-Tucker model can be expressed in hierarchical form as

Vijlzits - .o Zik, AV ~Multi({1,....d;}, kﬁ,’,fs IERERE )‘E{;Y_dj)a
J o
A" ~ Diri(ap1, ..., ang,),
gslwi, YO ~Multi({1,...omb L)),

prwi =0 =v [[(1—vf), v/ ~beta(l, B),

t<l

wl(}i) = Cl(i:) (1- C,(;f/)), Cl(,f) ~ beta(1, &),
h'<h

815 Sp ~Multi({1,...,k},é],...,ék),
£ ~ Dirichlet(1/k, ..., 1/k),

where the index i = 1,...,n is a scalar subject index—not the multiindex i of
a cell of the corresponding contingency table—and y; is a p-vector of categori-
cal observations for the ith subject. Bayesian computation for this model can be
performed using a straightforward Gibbs sampler. Details of the computation are
given in the supplement [28].

5.2. Simulation studies and application for c-Tucker model. We revisit Exam-
ple 4.3 to illustrate the performance of the c-Tucker model in the case of marginally
independent variable groups. Using data from the simulation procedure in Sec-
tion 4.1, we performed computation for the c-Tucker model by MCMC using the
algorithm in [28], first by fixing two variable groups (y1, y» and y3, y4, y5) and
letting the algorithm learn the rank of the core, and then by setting the number of
groups to be two and allowing the algorithm to learn both the groups and the rank
of the core. In the latter case, the group membership was initialized by performing
agglomerative clustering using one minus the pairwise Cramér’s V statistic as a
dissimilarity matrix for the variables.

Figure 5 shows boxplots of >, ; v; (for v in descending magnitude order)
for the PARAFAC and c-Tucker model with fixed groups. When N = 1000, the
PARAFAC has approximate posterior rank five—judged by counting the minimal
number of classes such that the cumulative class probability is at least 0.99—as
does the c-Tucker core tensor, ¢p. However, as the sample size increases, the ap-
proximate PARAFAC rank grows, whereas the rank of the c-Tucker core ¢ de-
creases. With N = 10,000, the approximate rank of the c-Tucker core decreases
to three, with most of the weight on the largest class, whereas the approximate
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2u<n vt — PARAFAC 2i<n Y1 — c-Tucker
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FIG. 5. Left figure: Boxplots of posterior mean of Y j<p v for h =1,...,10 for the PARAFAC
model estimated on data from over ten replicate simulations from the log-linear model in Exam-
ple 4.3. The boxes within each panel are the posterior means of Y < v; for h =1, ..., 10, and the
three panels correspond to sample sizes N = 1000 (left), N = 5000 (?:enter) and N = 10,000 (right).
Right figure: the same posterior summary shown for the collapsed Tucker model with fixed groups;
here, v; are the component weights in the PARAFAC expansion of the core tensor ¢.

PARAFAC rank increases to seven, and the weight on the largest class decreases.
Recalling that the PARAFAC rank in this example is 32, while the rank of the c-
Tucker core is one, this result is consistent with the ranks converging toward their
true values as the sample size grows.

Figure 6 shows performance of PARAFAC, independent PARAFAC, c-Tucker
with fixed groups, and c-Tucker with learned groups in estimation of 6 and 7 (the
results for PARAFAC and independent PARAFAC are identical to those in Figure 4
but are shown for ease of comparison). The performance of c-Tucker is seen to be

RMSE(8)/sd(6) L loss for w
N=1000 N=5000 N=10000 N=1000 N=5000 N=10000

0.20

aﬁﬁ z a@éé

T =

ﬁég E$$$$*$
= lm ¢:é -

P IP C (,L P IP C CL ’ P C CL P IP C CL P IP CCL P IP CCL
Estimator Estimator

FI1G. 6. Left figure: Boxplot of RMSE(@)/ sd(@) for PARAFAC (P), independent PARAFAC (IP),
c-Tucker with fixed groups (C) and c-Tucker with learned groups (CL) estimated on data from ten
replicate simulations from the log-linear model in Example 4.3. The three subpanels of the figure
show results for three different sample sizes N = 1000, 5000, 10,000. Right figure: identical arrange-
ment, but here the plotted values are the Ly loss for estimation of .
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RMSE(8)/sd(6) L loss for
N=1000 N=5000 N=10000 N=1000 N=5000 N=10000
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FIG. 7. Left figure: Boxplot of RMSE(@)/ sd(@) for PARAFAC (P), c-Tucker with learned groups
(CL), Lasso (L) and oracle MLE (O) estimated on data from ten replicate simulations from the
log-linear model in Example 3.4. The three subpanels of the figure show results for three different
sample sizes N = 1000, 5000, 10,000. Right figure: identical arrangement, but here the plotted values
are the L1 loss for estimation of r.

virtually identical to that of independent PARAFAC at each sample size, regard-
less of whether groups are fixed or learned, showing that the enhanced flexibility
of c-Tucker need not result in loss of performance when the truth is exactly an in-
dependent PARAFAC. Recalling that independent PARAFAC is superior to Lasso
in this simulation on these loss functions, this indicates better performance for c-
Tucker as well. PARAFAC performs poorly relative to methods that incorporate
variable grouping, which is as expected for the reasons described in Section 4.1.
The superior performance of c-Tucker is consistent with the theoretical results in
Sections 3 and 4. In this example, the effective posterior parameter complexity
in the PARAFAC and c-Tucker models—computed using (21)—is roughly equiv-
alent, as shown in Figure S.2 in [28]. Thus, c-Tucker provides lower estimation
error with similar parameter complexity.

A final simulation illustrates the c-Tucker model in the more challenging case
when there are no marginally independent groups of variables, based on Exam-
ple 3.4. The nonzero entries of # were sampled as described in Section 4.1, and ten
replicates of each simulation were performed for sample sizes N = 1000, 5000 and
10,000. We perform computation by MCMC for both PARAFAC and c-Tucker,
and in the latter, we set the number of variable groups to three, allowing learning
of the group memberships. Normalized RMSE for estimation of § and L loss for
estimation of 7 are shown in Figure 7. c-Tucker outperforms PARAFAC with re-
spect to MSE for estimating 6, while showing similar performance for estimation
of 7. Lasso is superior for estimation of #, but similar to PARAFAC and c-Tucker
for estimation of w. That PARAFAC performs similarly to Lasso on either met-
ric is surprising given that w corresponds to a sparse log-linear model (only 57
nonzero parameters of 3125), whereas the PARAFAC rank is relatively high (a
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rank of 32, corresponding to 671 free parameters).” This is consistent with the
result for Example 3.8 and merits a similar interpretation.

We apply the c-Tucker model with learned groups to analysis of functional dis-
ability data from the national long term care survey (NLTCS). The data take the
form of a 2'® contingency table, and are extensively described in [13], who applied
a novel copula Gaussian graphical model. Their model is extremely flexible while
favoring parsimony, but has the primary disadvantage of being highly computa-
tionally intensive, lacking scalability beyond relatively small tables. Our interest
here is in assessing whether the much more computationally efficient c-Tucker
model can perform comparably to the [13] approach for these data. We performed
posterior computation using the MCMC algorithm described in [28]. Table S.1
in [28] shows the posterior means of pairwise Cramér’s V and Pr(H; ,|y), where
Hi , =1(p > 0.1) and p is the pairwise Cramér’s V. For comparison, we repro-
duce the same results based on posterior samples for the copula Gaussian graphi-
cal model from [13] in Table S.2 in [28]. Our results demonstrate close agreement
with [13].

6. Conclusion. The relationship between the sparsity of a log-linear model
and the rank of the associated probability tensor derived here makes clear that a
large class of very sparse log-linear models nonetheless has high PARAFAC tensor
rank. The statistical consequence of this result is that estimation performance for
single latent class models for the joint distribution of multivariate categorical data
will tend to degrade as the number of variables grows large, unless dependence
in the true model can be accounted for by a small number of levels of the vari-
ables, as is the case when marginal independence or highly structured conditional
independence exists.

This motivates development of more flexible tensor factorizations that can par-
simoniously characterize a broader class of interactions in multivariate categorical
data. Tucker factorizations are promising in this regard, and we obtain theory on
parameter complexity of Tucker factorizations of sparse log-linear models. These
results lead naturally to a novel meta-class of tensor decompositions we refer to as
collapsed Tucker. These decompositions are considerably more flexible than either
Tucker or PARAFAC, and are highly promising in broad applications. We illus-
trate some of this promise in simulation examples and an application to real data
showing similar results to those obtained with sophisticated graphical modeling
methods, which are much more computationally intensive. In fact, computational
algorithms for estimation in tensor factorization models in the classes we consider
are vastly more scalable to high-dimensional data than algorithms for estimation of
sparse log-linear models, so the theoretical results and methods developed here are
of substantial practical consequence for high-dimensional statistics with discrete
data.

9The effective dimension may be smaller than this—see [19].
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TABLE 1
Notation reference

Symbol Definition

\% Set of variables, usually {1, ..., p}

Z; Levels of jth variable, by default {1, ..., d;}

i (i1, ...,ip) withi; € Z;, generic notation to denote a cell

WAV X jev I the collectlon of all cells

y D1seens y,,), collection of p variables with y; € Z;

b4 Joint p.m.f. of y, my = m;, ;i i, =Pry1=ip,....yp=ip) forieZy
TE Marginal E-table, X . je gz

i A cell in the marginal E- table

Or(E) Interactions among variables in E corresponding to the levels inig
[4 Free log-linear model parameters in corner parameterization

spt(z) Support of a discrete random variable, that is, {A : Pr(z = h) > 0}

Sp Collection of nonzero parameters in

C(g] ) Collection of levels ¢; € Z; with a nonzero two-way interaction

Co Collection of tuples (E,ig) such that g (ig) #0

Co Collection of tuples (E,ig) with |E| =2 such that O (ig) # 0

H Collection of sets of indices {Hj, ..., Hp} with Hj C Ij

Tcy H Setof (E,ig) € Cg such thati; € H; for some j € E

H {H :T(cy,Hm)=Co} .
Py, j Partition of Z; consisting of singletons {c;} forc; € Hj and the set H; =Z; \ H;
Pg{ The product partition X. jev PH,j

rnkj,f () The nonnegative PARAFAC rank of a nonnegative tensor

rnk}t () The nonnegative Tucker rank of a nonnegative tensor

APPENDIX: PROOFS AND AUXILIARY RESULTS

A.1. Notation. Table 1 provides a summary of notation used throughout the
paper.

A.2. Auxiliary results. We state and prove Lemma A.1 which is used to prove
Theorem 3.1.

LEMMA A.l. Let  and ¥ be two nonnegative dP tensors. Then mk} p(mwo
Y) < kb (n)mk (), where o denotes a Hadamard product, and mk+(7r

¥) < mkp () 4 mkp (¥).

PROOF. Letrk} () =m,mk}(¥)=kandp =7 o . For 1 < j < p, there
exist nonnegative vectors A(’) eRE, h=1,...,m and {U) € Ri,l =1,...,k,
such that w = Y7}, )»(1) ®-Q A(p) and Y = Zl lg“(l) K - {;Ep). Then it is
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easy to see that
) )
=Yl e o
h=11[=1

where y(J ) for 1 < j < p. Clearly, for any j, yh(lj ) e Ri for h =
l,....m;l=1,..., k. Thus, mk}(¢) < mk.

In part1cular 1f rnk p(¥) =1, we have rnk“;(q&) < m. This bound cannot be
globally improved, or in other words, the upper bound can be achieved. Take for
example, ¥y =V ® ... @¢P, with¢@) =(1,..., )T forall j.

Finally, we note that if

”_Z®)‘U) and ¥ = Z®§(1)

h=1 j=1 h=1j=1

)"51]) ° é.l(J)

then

my p _
=Y @1+ Y Q5

h=1j=1 h=1 j=1

so k(7w + ¥) =my +my =mk} () + k5 (). O

Proof of Theorem 3.1. Without loss of generality, we assume o is the iden-
tity permutation and drop the corresponding subscripts. Let P be the parti-
tion of Z; consisting of the singleton sets {c} for ¢ € B; and the set (B)°.
Weak hierarchicality ensures that yi1(yea) AL yj—1j for any A € PM. Using
the fact that for any two random variables Z{, Z; and any measurable set A,
lel(ZleA) I Zr&s Z AL Zz|A, we have Y1 AL y[_1]|A for any A€ P(l). Enu-

merating the sets in PD as Ay, ..., Ay, wWith my = |'PD| = |By| + 1, we can
write 7T as
23 T, = Z Vh)\hcl WhCQ ..... cpo

where for each 1 <h <my, v, =Pr(Ap), A € A@=D with Ape = Pr(y; =c|Ap)
and v, is a dP~! nonnegative tensor representing the joint probability of Vi-11lAn,
that is,

Yhes, .., cp = Pr(y, =co, ..., Yp = Cp|Ah)-
Define d” tensors {JT}EI)} and {77,52)} by

AV =nele---0l,

.....
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The expansion of m in (23) can now be written in tensor notation as 7w =
Zh 1 n,(ll) orrh Clearly, mkh (rrh )) = 1 and it is easily verified that k5 (nhz)) <
rnkJ}C(wh) for all h. Therefore, using Lemma A.1 we have that rnk}; p(m) <mqr,
where r = rnk}r, (Yp).

Recursively applying this process for the variables y», ..., y,, we can show that
r< ]_[?:2 mj = ]_[i.’:z(lB_,-l + 1), so that

p
mk}, (1) < ]‘[ |Bj| +1).

For any permutation o, we can obtain a result as in the above display by scanning
through the variables in the sequence o (1), ..., o (p). Taking the minimum over
all permutations o, we obtain the desired result.

Proof of (14) in Theorem 3.2. Fix H € J7. Let I-_I =7;\ H;j and let Py ;
denote the partition of Z; cons1st1ng of the singleton sets {i} for ij € Hj and the
set H Define a partition PH of Zy as the Cartesian product of the partitions Pp ;
as in (11). We show that for any set A € PH, (12) is satisfied, that is,

)4
(24) Pr(yi =i1,....yp=iplA) =[] Pr(y; =i;|A),
j=l1

for any i € Zy . Based on the discussion in Section 3.1, the random variable z = z(,){

corresponding to the partition 73,01 defined via (10) will then satisfy (9), implying

B

P
mk} () < [Py =[] Pu.jl = 1‘[ |Hj| + 1)
j=1 j=1

We now proceed to establish (24). Fix A € 73%. By construction,

(25) A= X{a}x X H;j

keJ =
for some J C V, J =V \ J and c; € Hy for all k € J. Without loss of generality,
we assume J ={q, ..., p} for some integer g > 1.

Let Zy denote the subset of Zy consisting of cells i such that iy = ¢ for all
ke Jandi j€ H for all j € J. It is easy to see that for any i ¢ Iv (24) is satis-
fied trivially since both sides are reduced to zero or one simultaneously. Hence, it
suffices to show that (24) holds for any i € fv.

Fixie fv. Let A; denote the subset of Zy corresponding to the event {y; =
ij,j €V}in Y, so that

Ai= X{ij}, Pr(A;) = mj.
jev
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Clearly, A; C A, which implies Pr(A |A) = i/ Pr(A). Further, Pr(yx = ix|A) =1
for any k € J, since iy = ¢4 for k € J. Therefore, (24) reduces to showing

(26)

=[[Prv =il A).

Pr <A> leJ

For E C V, we introduce the notation

We shall use a to generically denote an element of Hy, that is, & is a |J|-vector
of indices with «; the entry in & corresponding to variable j € J.Forl e J, J =D
shall denote the set J \ {I}. We use a") to generically denote an element of H J=D,
with ay) the entry in ") corresponding to variable j € J (0.

Finally, for a partition of V into J1, J2, J3, denote!?

@7) w =] X () x X (51) * X )|
jeh; ke leJs

Forany!/ € J,

PI'|: Xkej{ck} X {ll} X Xje‘](*l) I:Ij:|

Pr(y; =ii|A) = Pr(A)
(28) (A1)
T
_ Ty Z Ckl/(xj
Pr(A) T

a(l)eﬁﬂ_l)
In_ the above display, we adopt the notation in (27), with V partitioned into
(J, {1}, 71 and
IAWASD) . 1
L(J {(},)J ) _Pr[ X{ex}) x iy x = X {oz;)}].
ke ke jeJh
From (28), we have

(J {13,JD)

1 “au)
Meo=in=|ors] o 0 - —

leJ a(q)eHj<_q) a(P)eH ( ) leJ

10Recall our convention, noted in Section 3.1, of identifying the event {y; € By, ..., yp € Bp} with
the event Xj.j:l Bj in the discrete o -algebra generated by Zy .
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Substituting this in (26), we have (26) is equivalent to showing

[Pr(A)}'”‘l B
ni a(q)eﬁj(iq)
(29)
L } J< D)
Lkl]Ot
DO | =
aPecH Jp) leJ
Recalling the set A from (25), we have
Pr(A) 5 !
& OlGI:IJ T
implying
(J.J)

Pr(A)VI-! o
(30) [r( )] =Y - Y I n"”,

T
! a el o, 1, leJ=P

where ag, ...,a, 1 denote |J| — 1 independent copies of the running index e,
and oy; is the entry in o¢; corresponding to variable ;.

It now amounts to show that the expressions in the RHS of (29) and (30) are the
same. We first argue that both expressions contain the same number of terms. To

see this, let |I-_Ij| = mj. The expression of Pr(y; = i;|A) in (28) is a sum over

. J)—1
[1jz1m; terms, and so [[;c; Pr(y; = i1|A) has [[e;[1jm; = [lies ml(| =D

terms. Accordingly, the RHS in (29) has [[;¢; ml(ljl_l) many terms. On the other

hand, Pr(A)/mj is a sum over ]_[jej m j terms, and hence {Pr(A)/JTi}(“'*l) in (30)

also has [ ¢, mSlJl Y terms.

Therefore, it now amounts to show that each term inside the summation in the
RHS of (29) has a one-to-one correspondence with a term in the RHS of (30). We
establish this by showing

<J {13, 7Dy

7.0
(31) I e [T o
7 B T

leJ leJ=P)

when for each /, ay) = ay; for all j # [. Introducing additional notation, let £ =

{E=E\U{j}:EiCJ,jeh),ED={E=EU{j}:ECJ,je]D}and

EO =(E=E U{l}: E, CJ}. For any [, clearly £ is a disjoint union of EED
and €D, Let iV denote the cell such that 1() = ¢t for k € J and l()
jelJ.

= qoy; for
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First, consider the expression in the RHS of (31). We have
J.J) _

nc;;i = exp| Y {0r (i) — 9E(iE)}]
! “ECV
(32) = exp Z{QE@@)_@E@E)}]
“ECE
—exp| {eE(ig))—eE(iE)}]exp[ 3 {eE(ig))—eE(iE)}].

TECeEED Ece®
The second equality in the above display simply follows from the expression of
the cell probabilities for log-linear models in (2). The third equality is the key one
which uses (i) since i ,El) =i = ci forall k € J, all interaction terms corresponding
to E C J cancel out; and (ii) any E C V such that [ENJ| > 2,05 () = 6 (ir) =
0, given weak hierarchically and the condition Cy = T¢, . To see this, suppose
that there exists £ C V with |[E N J| > 2 such that Og(ig) # 0 for some i € A.
By weak hierarchicality, there must be j, j* € J such that 6;; (e, ot j+) 7# O for
some (ozj,aj*) S ﬁj X I:Ij*. Then H{j,j*}(ozj,aj*) ¢ TC@,H, contradicting Cg =
Tc, H.

Using the same argument and additionally the fact that «
we can simplify the expression in LHS of (31) as

(J{11,JD)
)

0}

j o=y for all j #1,

crijo
(33) il :exp[ 3 {QE(i%))—eE(iE)}]
i EceD
Therefore,
0 T
leJ(=p) TTi
=1 exp[ 3 {eE(iSQ)—eE(iE)}}
leJ-»  “ECED
x ] exp[ > {QE(ig))—QE(iE)}}
leJ=P) EceD
n“_f“(};)’(_”)
. . crijos
=[Tew| ¥ (00l - oo} | = [T-"2—.
1

leJ Ec&EED leJ
establishing (31). The second inequality in the above display used

[ exp[ > {GE(iSé))—GE(iE)}}exp[ ) {GE(i%))—eE(im}],

leJ=p Ece® EceED
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since £P) = Uizp EW is a disjoint union.

Proof of (15) in Theorem 3.2. The main idea in this part of the proof is that
we can merge certain sets in 7321 to create a coarser partition without sacrificing
the conditional independence.

Foraset A= Xy Ajin 7321 and J C V,let IT;(A) denote

M, A)=[]A4;.
jeJ
With a slight abuse of notation, we shall use I1;(A) to denote the /th coordinate
projection, that is, IT;(A) = A;.
Fix eV and let VD =V \ {{}. In this proof, we shall use « to denote a
V =D_cell suppressing the dependence on I. Given e, let

(34) ’P;‘I’IZ{AE'P%IH\/(I)(A): X{al}}
J#l

Let A denote the collection of all V(~)_cells & such that Pt is nonempty. For
ac A, let

(35) B*= |J A.

AGP%J

Note that for any & € A, |7?}‘_‘“| = |Hj| + 1, since I1;(A) ranges over the elements
of Pu 1, thatis, {i;} for i; € H; and H;. 1t is also evident that B = Xz {aj} x 1.

We now create a coarser partition 772) out of 77(,)1 by replacing the collection of
sets P, ; by the single set B* for every a € A, so that

(36) Pua= \J [Py \ P U (B*)].
acA

The main idea is that if (|V| — 1) coordinate projections IT;(A) are singletons
{aj}, we can simply set the /th coordinate projection of A to be Z; and achieve
conditional independence (24). This follows immediately from the expression in
the display after (11). However, our construction of 732] clearly contains sets of
the form X#,{aj} x {i;} fori; € H; and Xj#{ozj} x Hj which are redundant. To
avoid this redundancy, we merge these sets in 77;‘_‘1, ; to form B* = X jifaj} x I
for every a € A.

It only remains to calculate the cardinality of Py ; now. As pointed out in the
previous paragraph, |P}'_‘1, /| =1H;| + 1 for all @ € A, and hence the net reduction

in the number of elements from 73% to Py is
Pl — Pra= Al Hil.

It thus remains to calculate |A|. We need to count the number of distinct a such
that (34) is satisfied. Recall that for any A € 7321 and any j € V, IT;(A) ranges over
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the elements of the partition Py, ;. The number of singleton sets in Py ; is |H;| as
long as |Hj| < (d — 1) (the sets {i;} fori; € H;). However, when |H| = (d — 1),
H ;j 1s also a singleton set, and hence the number of singleton sets in Py ; in that
case becomes |H | + 1. Therefore, we conclude

A=[ I (|H,-|+1)][ [ |HJ|]

Jj#L: | Hj|=d—1 J#LHj|<d—1

The proof is completed by noting [A[|H;| =[] ;ew,(1H;|+ 1) l_[jer |H | and tak-
ing minimum over / € V and H € J7.

Proof of Theorem 4.2. The condition that \/ z. z | F| = © (log,(p)) gives that
for each clique F the number of terms in the PARAFAC expansion corresponding
to that clique is linear in p. This follows because the maximum PARAFAC rank
corresponding to the joint distribution of the variables in each clique is bounded by
2Moz2(P) =11 = o (p). So the joint distribution can be represented by the Hadamard
product of k probability tensors 7V, ... 7® with rnkJIS Dy = o (p) for ev-
ery [ =1,...,k. Thus, le‘zl rnk}C(n(”) = 0 (kp). Note that in the special case
where log,(p) is an integer and all cliques have identical size, this will give
Yiomk (@) = p?/logy (p).

Dependence graphs associated with PARAFAC and c-Tucker.

PARAFAC c-TUCKER

- - - - - - z2

NG /N

Y1 Y2 Ys Ya Ys

TUCKER

22 — U2
I
1
I
Y1 — 21 1
R |
1
N
23 — Y3

FIG. 8. Graphical representations of hierarchical models inducing PARAFAC, c-Tucker and Tucker
decompositions of . Dashed edges indicate that there may or may not be an edge between nodes.
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SUPPLEMENTARY MATERIAL

Supplement to: ‘“Tensor decompositions and sparse log-linear models”
(DOI: 10.1214/15-A0S1414SUPP; .pdf). We provide a supplement with three
parts. In the first part, we provide a proof of Remark 3.4 and a constructive proof
of a bound on nonnegative rank for d? tensors corresponding to sparse log-linear
models. The second part provides an MCMC algorithm for posterior computation
in c-Tucker models and the third part provides supplementary figures and tables
for Section 5.
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