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1 Introduction

This document contains the supplementary material to the article “Maximum Likelihood Estimation in
Log-Linear Models” by S.E. Fienberg and A. Rinaldo, which henceforth we will refer to as FR.

We use the theory developed in FR to derive efficient algorithms for extended maximum likelihood
estimation in log-linear models under Poisson and product multinomial schemes. The restriction to these
sampling schemes is motivated by a variety of reasons. First, these schemes encode sampling constraints that
arise most frequently in practice. In particular, these are the sampling schemes practitioners use in fitting
hierarchical log-linear models, and especially the class of graphical models. Second, for these particular
sampling schemes the log-partition function has a closed form expression and we can easily optimize the
associated log-likelihood. Finally, as shown in theorem 9 of FR, the extended MLE of the cell mean value
is identical in the two sampling schemes and, for the product multinomial scheme, the estimator is in
fact the conditional MLE of the cell means given the sample constraints. Thus these estimates are highly
interpretable. Some of the algorithms described in this document are implemented in a MATLAB toolbox
available at http://www.stat.cmu.edu/~arinaldo/ExtMLE/.

We begin with a high-level overview of extended maximum likelihood estimation, summarizing the theo-
retical contributions from the previous section and laying down the rationale for the algorithm we propose.
To simplify the exposition, we initially develop our result for the simpler case of a Poisson sampling scheme,
and later treat the more complex case of product multinomial schemes.

Consider a log-linear model with associated d-dimensional log-linear subspace M and design matrix A,
which for simplicity we assume to be of full-rank d. (When A is not of full rank, we need only minor changes
to the arguments.) We focus on the problem of estimating the cell mean values of the corresponding extended
exponential family based on the observed table n. From the results described in section 3.1 of FR, we know
that the MLE of p and, therefore, of m, exists if and only if the observed sufficient statistics t = ATn lie
in the interior of the d-dimensional marginal cone C4. In this case, the log-likelihood, parametrized either
using the log-linear parameters g € M or the natural parameters @ € R? is a concave function admitting
a unique optimizer with finite norm, the maximum likelihood estimate. The MLE does not existent if and
only if t € ri(F'), for some face F' of Ca of dimension dr < d with associated facial set F. Notice that
F, dr and F are random, since they depend on t. Nonexistence of the MLE implies non-estimability of
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both the log-linear and natural parameters, as formalized in theorem 7 of FR. The log-likelihood function is
still concave, though not strongly so (see remarks in section 3.1), and, under the natural parametrization,
it contains directions of recession, given by the normal cone to the face of the marginal cone containing in
its relative interior the observed sufficient statistics (see Rinaldo et al., 2009, corollary 2.8 ). While this
is an issue that cannot be resolved unless more data become available or we consider a different model, of
dimension no larger than dp, the theory of extended exponential family provides the theoretical justification
for identifying a subset of size dp of the original parameters that are in fact estimable. For the log-linear
parameters, we can construct this subset as follows. Let A denote the matrix obtained by considering only
the rows of A with coordinates in F, so that rank(Ax) = dp. Then, the columns of Ax span Mg, the
dp-dimensional linear subspace of R” obtained as the coordinate projection of M. The set M £ is the set of
log-linear parameters for the extended exponential family describing the restriction of the log-linear model
M to the cells in F. Within this restricted family, the MLE of the log-linear parameter exists and is given
by a unique point @i € Mz, with the corresponding MLE for the cell mean value given by mz = exp(fi z),
so that 77(mz) € M. For the natural parametrization of the restricted family, it is sufficient to replace the
|F| x d design matrix Az, which is not of full-rank, with any another matrix A% of full rank dr and identical
column range, i.e., to use a minimal representation. Then the natural parameter space for the restricted
model becomes R

Once we identify the random facial set F corresponding to the observed sufficient statistic t, extended
maximum likelihood estimation is a relatively straightforward problem from the computational standpoint.
Indeed, under natural parametrization and using a full-rank design matrix, the extended log-likelihood is a
strictly concave function on R4 with no direction of recessions, thus admitting a unique minimizer, which
we can compute efficiently using Newton-Raphson procedure (see section 3 below). The computational
difficulties in extended maximum likelihood estimation rest mainly in isolating the coordinates comprising
F. Due to the combinatorial complexity of the face lattice of Ca, facet enumeration is computationally
infeasible, even for small models, such as those in the examples in section 4 of FR. Thus, we need algorithms
for isolating F that are applicable to large tables and complex models.

The computational procedure we propose for maximum likelihood estimation proceeds in two fundamental
steps, described in detail below and summarized in Table 1. The input to the procedure is the design matrix
A and the observed table n.

1. Identification of the facial set (section 2). Computing the facial set is a task that corresponds
to:

Given a conic integer combination t = ATn of the columns of A, determine the set F of those columns
which span the face of Cx containing t in its relative interior.

For this task, the design matrix does not have to be of full rank, even though this is preferable.

2. Log-likelihood optimization (section 3).
After we obtain the appropriate facial set F, if F = Z, then the MLE exist and can be obtained as

~

0 = argmaxaeRdﬁp(Q) = argmaxg_pa t'0 — 17 exp(A0). (1)

We have slightly abused our notation by writing /£ (x), x € R? in lieu of ¢F(u), p € M, as originally
defined in equation (2) of RF. Since R and M are isomorphic, this is inconsequential. We can carry
out the optimization of £ using the Newton-Raphson method, but A must be of full rank in order for
¢F to have a unique optimizer. The MLE of the cell mean vector is m = exp(A#).

If 7 ¢ Z, and thus t the MLE does not exist, a new, we can compute a reduced design matrix A%
of rank dp by selecting any subset of linearly independent rows from Az, e.g., using in proposition
5.1 from section 5. The extended likelihood is strictly concave and admits a unique optimizer, the
extended MLE: e

0 = argmaxg_pa, (2(0) = argmaxg_pap t50 — 1" exp(A%0), (2)

where tp = (A;’{-)Tn}-. Our primary approach uses the Newton-Raphson procedure, but we could
substitute alternatives for specific purposes, as we note below. Note that we use only the observed



Table 1: Pseudo-code for extended maximum likelihood estimation under Poisson sampling.

Input: A and t

Identification of the facial set
Compute F
Log-likelihood optimization
if F=27
compute 6 € R? as in (1)
return 6 and M = exp(Aa)
else
find A% such that R(A%) =My and rank(A%) = dim(Mz) = dp
compute 6 € R as in (2)
return 0 and M = 7r (exp(A}@))

end

counts corresponding to cells in F in the optimization of the extended likelihood. In fact, the mean
values for the cells in F¢, the likelihood zeros, are not estimable and, therefore, we set them to zero.
The extended MLE of the cell mean vector is

~€e

m’ =r1r (exp(Aj{-G )) e M.

As a by-product of this procedure, we obtain a basis for the subspace M, whose dimension is also
the dimension of the boundary log-linear model, or the order of the reduced exponential family corre-
sponding to F.

We close this introductory section with a remark about detecting existence of the MLE. If we only need
to decide whether the MLE exists or not, then it is sufficient to set up the following linear program:

max s
st. Ax=t
X; — 8= 07 Vi
s = 0.

The MLE does not exists if and only if the optimum s* is zero, because that implies that there does not exist
any strictly positive vector x with t = Ax, which is equivalent to t lying on the boundary of Cy. Clearly,
this procedure cannot be used to detect parameter estimability or evaluate the effective dimension of the
model under a nonexistent MLE.

Maximum Likelihood Estimation and Cuts

Maximum likelihood estimation under general conditional Poisson sampling scheme is typically computa-
tionally intractable. Indeed, unless the log-partition function v has a known closed form, its evaluation
requires summing over all the points in S(V), a task that becomes computationally too expensive to carry
out even in models of small dimension.

In the special case where V'n is a cut (see Bardorff-Nielsen, 1978) for the exponential family arising
from the unrestricted Poisson scheme, there exists a strategy for maximum likelihood estimation that is
computationally feasible. In fact, suppose that A has the form given in equation (8) of RF, and partition the



vector of natural parameters 6 = (8, 6®) and of sufficient statistics t = ATn = (), ) accordingly,
where 0(1)7t(1) e R and 0(2),1:(2) e R™. It follows from lemma 1 of RF and the subsequent remarks
that t(1) is the vector of sufficient statistics and that only 0" is estimable. In practice, one could always
maximize the Poisson likelihood, using (t(1),1) as the sufficient statistics, where 1 € R™. Effectively, this is
equivalent to disregarding the fact that some of the sufficient statistics, namely the entries of t(2), are fixed
by design, treating them as random instead, and optimizing the Poisson likelihood function with respect
~ ~(1) =(2
to @, which is computationally tractable. Let 8 = (0( ),9( )) denote the optimum value, assumed finite
(1
and partitioned in the fashion described above. Furthermore, let 0( ) the actual MLE of 9(1), once again

assumed it exists. Then, the arguments described on page 128 of Bardorff-Nielsen (1978) yield that, if 2 is

(1 ~(1
a cut, 0( ) 9( ). These results generalize to the extended maximum likelihood estimation. In the interest

of space, we omit the details, but, as a concrete example, we point out that, when V is the sampling matrix
encoding the product multinomial scheme constraints, it is easy to see that Vn is a cut. Thus we can view
theorem 7 of RF as a special case of this more general phenomenon.

2 Determination of the Facial Sets

We derive two methods for determining facial sets, one based on linear programming and the other on the
maximization of a non-linear function via Newton-Raphson procedure. We describe alternative methodolo-
gies in section 6. Throughout this section, we denote with A and Ay the sub-matrices obtained from A by
considering the rows indexed by Z := supp(n) and Zy := supp(n)¢, respectively.

Recall that each face F' of the marginal cone Cj is uniquely identified by the associated facial set F < Z,
which is determined by the conditions that

ajc=0 if ieF 3)
ajc>0 if ieFe

where a; denotes the i-th row of U and —c is any point in the interior of the normal cone to the face
F' corresponding to F. For simplicity we call the set F¢ = Z\F the co-facial set of F. Without loss of
generality, we have switched the sign of the inequalities from the original definition given in equation (10)
of RF.

Equation (3) implies that the observed sufficient statistics t = A'n belong to the relative interior of
some proper face F' of the marginal cone if and only if the associated co-facial set F¢ satisfies the inclusion
F¢ € Zy. This, in turn, is equivalent to the existence of a vector c satisfying:

1. ALc=0;
2. AQC > 0,
3. the set supp(Ac) has maximal cardinality among all sets of the form supp(Ax) with Ax > 0.

Therefore, any solution x* of the non-linear optimization problem

max |supp(Ax)|
AoX =0

will identify the required co-facial set F¢ = supp(Ax*). In particular, the MLE exists if and only if F¢ = .
It is worth pointing out that the non-existence of the MLE only depends on the location of the sampling
zeros, not on the magnitude of the non-zero cells. Thus we can simplify all calculations using a table of Os
and 1s.

The problem (4) can be simplified making use of the following, simple fact.

Lemma 2.1. The MLE exists if rank(A.) = rank(A).



Proof. If rank(A ) = rank(A), every row of Ay is a linear combination of the rows of A;. Thus, for any
vector ¢ with A, c = 0, it must be that Agc = 0 as well. This implies that the feasible set for the problem
(4) is kernel(A), hence F¢ = ¢, so the MLE exits. [ ]

The condition of lemma 2.1 is only sufficient, as in the following example demonstrates.

Example 2.2. If rank(A,) < rank(A), the MLE may still exist. Indeed, consider the 3-way table

0

where the empty cells correspond to positive counts. For the hierarchical model [12][13][23], the MLE is
well-defined but rank(A ) = 18 and rank(A) = 19. &

In light of lemma 2.1, it is necessary to look for a facial set only when rank(A) > rank(A ). If this is in
fact the case, define the matrix B = AgZ, where the columns of Z form a basis for kernel(A ;). Note that
rank(B) = ¢, with ¢ = codim(R(A,)) = d —rank(A ) and that B is of full rank. Next, observe that (the
permutation of the elements of) any vector y € R(A) with yz, = 0 can be written as

A, 7Zx 0
y_AZX_( AgZx ) a ( Bx )’
for some x € RY. The nonzero rows of B are indexed in a natural way by the corresponding subset of Zy,

denoted with Zg. In the remainder of the section it is assumed, without loss of generality, that B does not
have any zero rows, namely B = Bz,. Then, another condition for existence of the MLE follows readily.

Corollary 2.3. Consider the non-linear optimization problem

max |supp(Bx)] (5)
s.t. Bx>=0.

The MLE exists if and only if the system Bx = 0 is infeasible. Any optimal solution x* of (5) will identify
the co-facial set F¢ = supp(Bx*)

In order to compute the matrix B, we need to determine a basis for kernel(U.), if it is different than the
trivial subspace {0}, e.g., using the results discussed in section 5, and, in particular, equation (22).

We consider two methods for finding a solution to problem (5), one based on linear programming, the
second one on non-linear optimization. See section 6 for alternative procedures.

2.1 Linear Programming

Although the optimization problem (5) is highly non-linear, we can still use linear programming (LP) methods
to compute its solution. The non-linearity is in fact problematic to the extent that it typically requires
repeated implementations of LP algorithms, whose complexity, however, decrease at each iteration.

A linear relaxation of problem (4) leads to the linear program

max (1JA0) X

s.t. A+X =0
A()X =0 (6)
A()X < 1,

where the third constraint is required to bound the value of the objective function. The feasible set contains
kernel(A) and is contained in the dual cone of Ca. If x € kernel(A), the objective function takes on its
maximum value 0. In fact, the MLE exists if and only if the feasible set reduces to kernel(A).



It is convenient to take advantage of the simplified problem (5) to re-formulate (6) more compactly as

max1Ty
s.t. y = Bx
Yy = 0 (7)
y < L

If (x*,y*) is a pair of optimal solutions, 1Ty* = 0 if and only if the MLE exist, which happens if and
only if 0 is the only point in the feasible set. When the MLE does not exist, the optimal solution y* is not
necessarily the one with maximal support and, consequently, it would not identify the correct facial set, but
instead a larger facial set corresponding to a face of C'a which contains t on its relative boundary. This is
illustrated in the next example.

Example 2.4. For the case of 4% tables and the hierarchical log-linear model of no-3-factor effect [12][23][13],
consider the following table

[en) 21 B \V] Ran)
=lRolo
(v} Hen) Hen) Nan}
N OO =~
jen) Hen) Hen) Nan}
[en) NUV) Renl Ran]
(] &) | Hen) Nean)
[en) NUV) Renll Ran)
O Uy O W
[en) New) RUL] Ran]
[en) Nen) el e}

OO | Ot

= OO N

| Ol | =

oo O

[==) Nenl§ \O] Ren]

in which the zeros are likelihood zeros obtained by taking the union of two among the 113,740 possible
patterns of likelihood zeros characterizing the facets of the corresponding marginal cone. Using the MATLAB
routine linprog!, one application of the LP procedure identifies only a subset of likelihood zeros, namely

0

and to correctly determine the complete pattern, we need to use a second iteration, after removing the
likelihood zeros found in the first one. l

The above example suggests that repeated applications of (7) will eventually produce the required co-
facial set: replace B with Bgupp(mx#)e, where supp(Bx*)¢ = Zg\supp(Bx*) (so that Zp becomes smaller)
and iterate, until either the objective function is 0 or supp(Bx*)¢ = ¢J. Table 2 provides the details of the
algorithm, which consists of a sequence of linear programs of decreasing complexity, while the next result
shows its correctness.

Lemma 2.5. Let (x',y!) an the optimal solution for the first iteration of the algorithm described in Table
(2). Then 1Ty' =0 if and only if the MLE exist. If the MLE does not exist, the algorithm will return F in
a finite number of iterations.

Proof. In the first round of the procedure, 1Ty! > 0 if and only if the system Bx > 0 is feasible, which is
equivalent to the existence of the MLE by corollary (2.3).

As for the second claim, suppose that the MLE does not exist, that is t € ri(F') for some face F of Cha.
Then, let (x*, y*) be the optimal solutions returned based on the coefficient matrix By at the k-th round of
the algorithm, k£ > 2, so that B = B;. Explicitly, By is the submatrix of B;_; obtained by considering only
the rows indexed by the coordinates {i: y*~1 = 0}.

1The default optimization options for linprog were used: options=optimset(’Simplex’,’off’,’LargeScale’,’on’).



Table 2: Pseudo-code for the LP procedure to compute the facial set F. Recall that the rows of B are
indexed by the set Zg. At each round of the algorithm, only the rows of B with indexes in supp(y*) € Zp
are retained.

F=1
do repeat
compute a solution (y*,x*) of (7)

if 1Ty* =0
return F
else

F = F\supp(y™)
if supp(y*)® = &

return F
else
B = Bsupp(y#)e
end
end
end

Suppose that 1Ty* > 0. Notice that, while, necessarily, y* = Bpx; > 0, the coordinates of Bx”* are not
guaranteed to be non-negative. Below, we will rescale x; appropriately so that the resulting vector Xj is
such that supp(ByXy) = supp(Bgxx) and, at the same time,

o(3) s
j=1
To this end, for a generic vector w, let

smax(w) = max {|w;|: ¢ € supp(w)} and smin(w) = min {|w;|: i € supp(w)}.
Next, set X! = x!' and

- 1 smin(Bxx_1)
x

X = k> 1.

smax(Bxy) 2 ’

Because the entries of Xj are proportional to the entries to xj, is clear that supp(BigXx) = supp(Bgxx).
Furthermore, due to the recursive nature of the normalizations described above, we also obtain

Bz, > 0.

where
k
2 = )%,
j=*

as claimed. Thus, —z" is a vector in the normal cone to the face of F' containing the observed sufficient
statistics in its relative interior and, therefore, supp(Bz"*) is the co-facial set corresponding to a face containing
F, possibly to F itself.
If, on the other hand, y* = 0, then supp(Bz*~!) is maximal and, therefore, identifies the co-facial set
corresponding to F (that is, —z"~! must also be a point in the relative interior of the normal cone to F).
Finally, if supp(y*)¢ = &, then Zg itself is found to be the co-facial corresponding to F. |

k



Remark.
An equivalent but much less efficient way to computing the facial set based is to solve I linear programs,
one for each row of the design matrix A:

max a; x

s.t. x"t=0
Ax >0
—-1<x<1

where a; denotes the i-th row of A. Letting x; denote the optimal solution to the i-th program, the MLE
does not exist if and only if a/ x; > 0 for some 4, in which case the facial set associated with t is given by

{i:a/x; = 0}.

Geyer (2009) discusses a similar algorithm.

2.2 Newton-Raphson Procedure

We now describe a non-linear optimization approach to solve (5) using the Newton-Raphson method. While
this procedure is also guaranteed to correctly return the appropriate facial set, it needs to be run only once,
unlike the LP method presented above.

Let the function f: R? — R be defined as

f(x) = =17 exp(Bx), (8)

with gradient Vf(x) = —BT exp(Bx) and Hessian V2f(x) = —BT exp(Bx)B. The following proposition
relates the problem of optimizing f with the existence of the MLE. In addition, when the MLE is nonexistent,
the sequence of points {x,} realizing the supremum of f is not only diverging, but it is guaranteed to
eventually identify the appropriate co-face.

Proposition 2.6. Let f be as in (8) and consider the optimization problem

sup f(x). 9)
xeRF
The MLE exists if and only if the mazimum of the problem (9) is attained for a finite vector x* € R¥. If the
MLE does not exist, for any optimizing sequence {X}} such that supyege f(x) = lim,, f(x}),

Zg\supp(lim exp(Bx})) = F¢.

Proof. The function f(x) is bounded from above and, since the Hessian is negative definite for each x € R?
(due to the fact that rank(B) = ¢), concave on R?. Thus, the optimum is unique and furthermore, it
is enough to consider the first order optimality conditions. Suppose the optimum occurs for some vector
x* € R¥, so that Vf(x*) = 0. Letting y* = exp(Bx*) > 0, the optimality condition on the gradient implies
that BTy* = 0. By Stiemke’s theorem 6.3, the system Bx > 0 has no solutions hence the MLE exists. To
show the reverse, assume the MLE exists, so the system Bx > 0 is unfeasible. Then, by Stiemke’s theorem
again, the system BTy = 0 does not admit any positive solutions, which implies that Vf(x) # 0, for all
x € RY.

To prove the second claim, suppose the MLE does not exists. Denote with b; the i-th row of B. Then,
there exists a subset (possibly improper) F¢ of the row indices Zg and a sequence {w},, such that b]w, <0
for each n and b/ w,, | —oo if i € F¢, while b/ w,, = 0 for each n if i ¢ F¢. By concavity of f, there exists
an optimizing sequence {x*} c R? such that

hrILn f(xn) = sup f(X), (10)

xeR4



where lim,, |x%| = o0. Let y* = lim,, exp(Bx}). It is easy to see that y* does not depend on the choice of the
optimizing sequence. Hence it is unique. We show that supp(y*)¢ = Zg\supp(y*) = F¢, which will prove
the claim. For any i € supp(y*)¢, it must be the case that b] x* < 0 for all n big enough. This implies that

c

1 € F¢. Thus, we have established that supp(y*)¢ € F¢. To show the opposite inclusion F¢ € supp(y*)©,
suppose there exists an index i € F¢ which does not belong to supp(y*)¢. Then, letting {w},, be defined as
above, b w,, | —oo but lim,, |b, x¥*| < o0, so that

lim f(x% +w,) > lim (%) = sup £(x),

xeRY
which contradicts (10). Thus, F¢ € supp(y*)°. ]

Remark.
If the MLE does not exist and Zg = F°¢, then supyegr f(x) =0

As we already mentioned, we can optimaze the function (8) using Newton-Raphson method. In fact, when
the MLE exists, (8) satisfies the conditions guaranteeing quadratic convergence (see Boyd and Vandenberghe,
2004, Chapter 9). When the MLE does not exists, we can still apply the Newton-Raphson procedure and it
will return the correct facial set by producing a divergent Newton sequence, as we show in our next result.

Theorem 2.7. Let f: R® — R be a strictly concave function of class C3, strongly concave on any bounded
ball and having no mazimum on the closure of the open ball B. For any x € B let dyx be the Newton direction
corresponding to x. Then, there exists a positive number o < 1 such that such that

fx+ady) = f(x) =7, (11)

for all x € B, where v = 7 (infxep ||V f(x)||?) for some number 7 depending on a and B only.

Proof. Let B’ be the smallest ball containing the bounded set
Bu{x+dy,:x€B,dy = -Vf(x)Vf(x)}.
Using strict concavity on B’ of f, there exist positive constants K and L such that
K<-y ' Vf(x)'y<L (12)
for all x € B and all unit vectors y. Since, for any z € B,
dx = =V f(x) 'V f(x),

it follows that

K[V < lldx|l < LIV Fx)]]- (13)
Let 8 € (0,1], to be chosen below. Using Taylor’s expansion,
2
Fx+ Bd) = F09) + BVI09) T+ - dlV2x + ), (1)

for some 0 < ¢ < 1. Using (12) and (13), we can bound the right hand side of (14). In fact,

BYI()Tdy = —A1blr V2 f(x) 7ebh [V ()
> KV
and 2 2 T
FAIVf(x+cBd)de = T VAF(x + cBdy) 3yl

~ 2 Ljd.?
S|V i)1,

VWV



Therefore,

2
ot ) = ) > (9K = 12 ) V560

The term <ﬂK— %QLQ) is positive provided f < % Choose any 0 < 8 < % and set @ = min{l, 5}

and 7 = (aK — %ZLQ). Next, the term v = 7 (infxep ||V f(x)|[?) is strictly positive, as 7 > 0, f has no

maximum on the closure of B. Therefore, for such a choice of @ and 7, f(x+adx)— f(x) = 7, as desired. N

3 Maximization of the Extended Log-Likelihood Function

We describe the use of the Newton-Raphson algorithm to optimize of the log-likelihood function under natural
parametrization (see also Haberman, 1974, Chapter 3). Provided the MLE exists, it is well known (see, for
example, Agresti, 2002) that Newton-Raphson method for maximum likelihood estimation of the natural
parameters eventually achieves a quadratic rate of convergence to its unique optimizer. However, when MLE
fails to exist, the procedure becomes highly unstable. Indeed, in this case the negative log-likelihood function
has directions of recessions and its optimum is realized as the limit of sequences with norms exploding to
infinity. Furthermore, the Fisher information matrix evaluated along any optimizing sequence will converge
to a singular matrix (as shown the remarks following corollary 8 of RF). However, as we explained above,
these issues disappear once we optimize the extended log-likelihood function, as described below.

For hierarchical log-linear models and, in fact, for more general log-linear models, iterative algorithms
such as the iterative proportional fitting or scaling (IPS), are popular, e.g., see Fienberg (1970), Bishop et al.
(1975), Darroch and Ratcliff (1972), Csiszar (1975, 1989), Lauritzen (1996) and Ruschendorf (1995). See
also Hunter (2004) for the variation known as MM algorithms. Typically, these alternative algorithms are
very simple to implement and do not require matrix inversion, resulting in a much lower space complexity
compared with the Newton-Raphson procedure. Furthermore, since they carry out optimization in the
mean value space, convergence to the unique optimum occurs regardless of the existence of the MLE. These
algorithms suffer from serious drawbacks, however, that do not affect the Newton-Raphson procedure. First,
the rate of convergence is often unknown and can be extremely slow, especially if the MLE fails to exist.
Secondly, it is typically hard to detect whether the MLE exists or not, other than by monitoring the (usually
slow) rate to convergence. As a result, computing the number of estimable parameters (i.e. the dimension of
the extended model) is rather difficult. Finally, these algorithms are suitable for estimating the mean-value
parameters parameters, but not the natural parameters.

We cannot recommend one type of algorithm over the other for all practical purposes: this choice nec-
essarily depends on a various factors, such as the dimension of the problem, the computational resources
available and the time constraints, all of which contributing to the trade-off between space complexity (low
for IPS and large for Netwon-Raphson) versus time complexity (high for IPS and low for Netwon-Raphson).
For very high-dimensional problems, however, IPS algorithms may be the only feasible way.

A notable instance where IPS confers computation simplifications is for decomposable log-linear models,
for which the MLE and extended MLE are rational functions of the table margins (see, e.g., Haberman,
1974; Lauritzen, 1996; Geiger et al., 2006). For these models, the IPS algorithm is known to converge in very
few iterations; in fact, provided that the IPS updates are carried out according to a perfect ordering of the
graph cliques, convergence is achieved in just one pass. Furthermore, explicit formulae for computing the
number of estimable parameters even with a nonexistent MLE are available (see Lauritzen, 1996). Thus, for
decomposable log-linear models, we can carry out extended maximum likelihood estimation very efficiently.

For non-decomposable models, there are a number of modifications of the IPS algorithm that guarantee
in some cases a considerable reduction in computational complexity. Most of these improvements rely on
graph theoretical properties of the log-linear models and on some form of approximation of the original
model by decomposable models. See, in particular, Jirousek and Preucil (1995); Jirousek (1991), Badsberg
and Malvestuto (2001) and Endo and Takemura (2009).
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We can optimize the Newton-Rapshon algorithm for hierarchical log-linear models, through a careful
handling of the design matrices. Indeed, we can construct these matrices to be sparse or have rather special
structures, properties that can be exploited to significantly reduce the computational burden associated with
matrix multiplication and inversion (see Fienberg et al., 1980).

3.1 Poisson Sampling Scheme

Using a full-rank design matrix A, the MLE of the natural parameter and the mean-value parameters for
the corresponding log-linear model can be found by optimizing the function

sup £7(x),
xeR
where /7 (x) = n"Ax — 1" exp(Ax). If the MLE exists, the optimum will be attained by a unique vector
6 of finite norm, the MLE of the natural parameter. The MLE of the mean value parameter is then
m = exp(A6) > 0.
The gradient and Hessian of ¢© needed by Newton-Raphson algorithm, are easy to evaluate. Indeed,
setting p, = Ax and myx = exp(py), it can be seen that

Px) = n'p, —1"my
VIP(x) = AT(n—my) (15)
VP (x) = —ATDp A,

where Dy, is a diagonal matrix whose diagonal elements are m,. Since my > 0 for each x € R%, the
Hessian is negative definite on all R? which implies that V¢ is strictly concave, but not strongly concave,
as pu(i) —» —oo for any ¢ € Z implies m(i) — 0. It is this “weaker” degree of convexity that permits the
occurrence of the extended maximum likelihood estimates.

If the MLE exists, Newton-Raphson method will convergence from any starting approximation xq to
the unique optimum x*. To see this, we note that the existence and uniqueness of the extended MLE
for the restricted exponential family, along with the strict concavity of ¢, imply that the contour of ¢F
corresponding to the value of /¥ (xg) is a simple closed curve bounding a compact set B. Since the step size
algorithm increases the value of ¢© with each iteration, the sequence of iterations {x;},0 all lie inside B.
By strong convexity on B, the iterates must converge to a maximum.

At the k-th step of the Newton Raphson algorithm, we can use the current approximation xj, along with
Equation (15), to compute the Newton direction dy by solving the system

V2€P(Xk)dk = Vép(xk). (16)

The Cholesky factorization of V2¢7 (x},) is useful for solving the above system.
After we compute the new direction by solving the system (16), we must determine the stepsize ay. To
this end, we consider the scalar function

qbk(oz) = EP(Xk + adk),
and set ¢, = Ady, so that
dp(2) =n'py, +an'c, — 17 (my, - exp(acy)),

where p;, = Axy, my = exp(p,) and the dot product operator between two vectors x and y is defined as
z = (x-y), with z(i) = x(i)y(¢) for each i. The first and second derivative of ¢y are easily computed as
¢i.(a) = ¢ (n = (my, -exp(acy)))  and  ¢f(a) = = Y i (i) my (i) exp(ack(i)).

With this information, we can compute the step-size ay using any of the usual strategies (see, for instance
Boyd and Vandenberghe, 2004, Chapter 9).
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After we have evaluated oy, we set Xp41 = X + apdy, so that g, = py + axcr € M, since ¢, € M.
As a starting point x¢ we can take, for example, xg = (ATA)f1 AT @i, with fi = log (max(n, 1)).

When the MLE does not exist because t belongs to the relative interior of a face F' of Ca of dimension
dp, and the extended MLE corresponds to a facial set F, the extended log-likelihood optimization problem
becomes

sup (2(x), (17)
weR?AF
where (%(x) = n'A%x—1" exp(A%x) and A% is a | F| x dp full-column rank design matrix consisting of any
set of linearly independent columns from Ax. In order to compute A% from Az proposition 5.1 in section 5
could be used, for instance. The optimum x* for (17) is the extended MLE of the natural parameters, while
the extended MLE for the cell mean values is the non-negative vector

m° = 7r (exp(A%x*)).

3.2 Product Multinomial Sampling Scheme

We now provide the details for carrying out maximum likelihood estimation under product multinomial
setting. When the product multinomial sampling scheme applies, two strategies for maximum likelihood
estimation are available. One possibility is to take advantage that the extended MLE of the cell mean
values are identical under Poisson and product multinomial scheme, and, provided the sampling subspace
N is contained in the log-linear subspace M, proceed as if Poisson sampling were in fact used. On the one
hand, this approach is appealing because, as we just saw, the computations for the Poisson log=likelihood
are relatively straightforward and computationally inexpensive; on the other hand, those computations are
carried out over d-dimensional space, while the effective number of parameters is d — m = dim(M @ N).
The second possibility is to use lemma 2 of RF and thus optimize the log-likelihood function parametrized in
minimal form by any full-rank design matrix for M ©N. This second approach is more elaborated because,
as we will see below, the gradient and Hessian of the re-parametrized log-likelihood are more complicated
and harder to evaluate numerically. When dim(/N/) is very large relative to to d, however, we can achieve
a considerable reduction in the dimensionality, more than offsetting the computational ease of the Poisson
case, despite the increase in complexity needed to obtain the Newton steps.

Before we proceed, we show how to obtain a design matrix for M. Let A; be the I x m matrix whose
J-column is x; (see section 2 of RF), so that D = ATA; is a m-dimensional non-singular diagonal matrix.
Let A = [A; As] be such that R(A) = M.

Lemma 3.1. The columns of the matriz W = Ay — A{D~YA] Ay form a basis for MON.
Proof. Orthogonality of R(W) and R(A;) follows from the chain of equalities

AlTW = AIAQ — AIAlDilAIAQ
AIAQ — DD_lAIAQ (18)
0.

It only remains to show that (A; W) span M. Let u = A1by + Asbs be any vector in M. Then,

Mmoo = Aib; + (W + AID_IAIAQ)bQ
= A (b1 + D_lAIAng) + Who,
so that p is a linear combination of the columns of A; and of W. ]

Determination of the facial set

As we described in section 2, we can determine the facial set by solving (5). Under a product multinomial
scheme,we modify the procedure to obtain matrix B as follows. Assume that the design matrix for M has
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the form A = [A; As] described above and set
W=A,—A DAl Ay,

where A; 1 and A, 4 are the submatrices of A; and Ay obtained considering only the rows indexed by Z,
respectively, and D = AI +A1 4+ = D, diagonal and invertible. Using the very same arguments from the
proof of lemma 3.1, we see that the columns of [A; W] span M and that the columns of W_ are orthogonal
to the columns of A; . It follows from the independence of the columns of A; ; that any basis for the null
space of [A; W]} must have the form
0
(z)

i.e. the entire dependency resides in the columns of V.. We can now use the matrix

0
B= (Alaw)-‘r ( 7 ) :W+Z7

to set up the optimization problem (5) for the determination of facial sets, after the elimination of possible
redundant zero rows.

Optimization of the extended log-likelihood

According to lemma 2 of RF, we can parametrize the log-likelihood using the vectors 3 € M @ N. In fact,
with a slight abuse of notation, we can write the log-likelihood function as

M(x) =n"Wx — Z N log X]T exp(Wx), (19)

Jj=1

where, in Poisson sampling case, £ (x) is in fact identical to ¢M(3) from equation 9 of RF, with 8 = Wx.

For x € R4™ let by = exp(B,), where 3, = Wx (in fact, W is a homeomorphism between M ON and
R4=™). The proof of lemma 2 of RF shows that, for each 3, there exists a corresponding v, € N such that
the vector cx = exp(vy) satisfies

1. cx(i) =¢j := ijx,zexj,jzl,...,r;

2. bx(i)ex (i) = my(i), i € Z, , with my being the conditional mean cell vector.

Then, some algebra yields that the gradient at x is

N- 1
(%% v

VM (x) =W'n—-WT : =W'n—-W'm,.
N,. m
L
while the Hessian is oM m 1 . T
VHM(x) = —Dpm, =X, i (mi)

= —Dp, I-1I{),

where mJ, = {my(i): i € x;} for j = 1,...,m and TI}} is the (oblique) orthogonal projection matrix onto
N relative to the inner product [, ]m on RT defined by [x,y] = x "D,y (see equation 2.28 in Haberman,
1974). For a characterization of maximum likelihood estimation in terms of oblique projections on M QN
see Haberman (1977). Note that V2¢M is negative definite on R?~™ but not strongly concave on it. As in
the Poisson case, this feature allows for the possibility of a non-existent MLE. An equivalent expression for
the Hessian is .

VM (x) = = > WIHLW;,

j=1
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where W denotes the submatrix of W obtained by considering only the rows indexed by supp(xj) and

N 1 oo
H; = Ti) lDbi - ( Iy ) bgc(bgc)—r] :
X; Px X; bx

When the MLE does not exist and the extended MLE corresponding to for a given facial set F, the
procedure is identical to the Poisson case. Specifically, we re-define the restricted log-likelihood function
(19) with domain R dp < d —m, as

m
(X (w) =n"TWhw — Z N;log X;r exp(Wiw),
j=1

where W% is the full-column-rank |F| x dr dimensional matrix consisting of any set of linearly independent
columns of Wz, isolated using any of the procedures described in section 5. As usual, dp is the dimension
of the face of the convex support of the associated family containing the observed sufficient statistics ATn
in its relative interior (see theorem 3 of RF). The extended MLE of the natural parameters is the unique
solution x* to the optimization problem

sup /¥ (x).
xeRIF

The extended MLE for the cell mean vectors is then vector m® € RZ>0 with coordinates
o by (i)cxx (i) if ieF
e _ X X
() = { 0 otherwise.

where bes = exp(Wix*) and cx# is the vector R? with coordinates cyx () Jforiex;,j=1...,m.

_ _ N
X b

4 The case N ¢ M

We have followed the convention, suggested by Haberman (1974), that N' & M. In practice, there are
certainly log-linear models for which this assumption fails, such as the Rasch model or variations on the
Bradley-Terry paired comparisons model. For simplicity we consider only the case that A is the sampling
subspace generated by a product multinomial sampling scheme and that A" n M = {0}.

In order to check for the existence of the MLE and to determine the appropriate facial sets, we can use
the following trick, which consists in building a larger model for which the calculations are simpler. Set
M’ = M + N < R? and consider a new, (d + m)-dimensional log-linear model with log-linear subspace M’
and product multinomial sampling scheme with sampling subspace A'. Then, if A is a design matrix for M
of dimension Z x d and V the sampling matrix for N of dimension Z x m, A’ = (A, V) and Ca. are the
design matrix for M’ and its marginal cone, respectively. Thus, if t € R? is the observed sufficient statistics
for M, t’' = (t,1) is also sufficient. Then, by theorem 3 of RF, the MLE for the parameters of M exists if
and only if t' € ri(Ca/) and, furthermore, the facial set associated with t is precisely the facial set of Ca:
associated with t’. For these tasks, we can use the algorithms of section 2.

The reason why it is simpler to work with the enlarged model M’ is that we do all the calculations on the
corresponding marginal cone, and not on the convex support for the original log-linear model M. Indeed,
under product multinomial scheme, this convex support takes the form of a Minkwoski sum of polytopes,
which is computationally very hard to manage. In contrast, the marginal cone C, though having larger
dimension, is much simpler to handle both theoretically and computationally. In polyhedral geometry, this
trick goes under the name of Cayley embedding. See Rinaldo et al. (2011) for a detailed application of this
trick to the problem of existence of the MLE for generalized Bradley-Terry and Rasch models and for the
determination of the relevant facial sets.

For the maximization of the extended likelihood, there are two options. The first is to optimize directly
the extended product multinomial log-likelihood for the model M (see section 3.2 for details), and the other
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option is to optimize the extended Poisson log-likelihood of the enlarged model M’. By theorem 7 of RF, the
resulting estimates coincide. The advantage of the first method is that is has a smaller number of parameters
to optimize, while the advantage of the second method is that the likelihood itself, though depending on a
larger set of parameters, is simpler to optimize.

5 Detecting Rank Degeneracies

The present section describes a method for isolating a set of independent columns from a matrix U based
on the Cholesky decomposition with pivoting. See Stewart (1998) for detailed descriptions and properties of
algorithms we use below.

For a given squared, positive definite p-dimensional matrix U, the Cholesky decomposition is an upper
triangular matrix R with positive diagonal elements, called the Cholesky factor, such that U can be uniquely
decomposed like

U=R'R.

The computation of R is simple, numerically stable and can be performed quite efficiently. It encompasses
a sequence of p operations such that at the k-th step of the algorithm, the k x p matrix Ry is obtained,
satisfying

nTn _ [0 0

U—-R,Rik = < 0 U ) (20)

where Uy, is positive definite of order p—k and Ry, = ( erfT_l ) , so that R = R,,. The first (k—1) coordinates
k

of the vector ry are 0, the k-th coordinate is equal to ry = aglfl_l) and the last (p —k — 1) coordinates are

(k—1)

M i=k+1,...,p.

T

A simple modification of the algorithm described above allows us to consider matrices that are only
positive semidefinite. In fact, it is not necessary to accept diagonal elements as pivots (i.e. as determining the
diagonal elements of R). Specifically, suppose that, at the k-th stage of the reduction algorithm represented

by equation (20), the pivoting for the next stage is obtained using another diagonal entry of Uy, say al(li),

l # 1, instead of ag]fl). Let J}, +1, be a permutation matrix obtained by exchanging the first and I-th rows of
the identity matrix of order p — k so that

7 !
k+1,lUka+1,l

is a symmetric matrix with al(li) in its leading position and set

(L 0
J’“‘(o J)

0 0
_1.RT _
J:UJ — J.RTRiJs ( 0 oy Undis, ) . (21)
The matrix RyJy differs from Ry only in having its (k + 1)-th and (k + I)-th columns interchanged. Con-

sequently, (21) represent the k-th step of the Cholesky decomposition of J;UJy in which aglfl) has been

replaced by al(’?. If interchanges of leading terms are made at each step, with the exception of the last one,

the Cholesky factorization will produce an upper triangular matrix R such that

Then, from (20),

Jp1Jp 2. 21 UJ ... T, 2], 1 =RTR.

That is, R is the Cholesky factor of the matrix U with its rows and columns symmetrically permuted
according to J = J,_1Jp_2... J1.
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If U is positive semidefinite and we carry the algorithm to its k-th stage, we can show that Uy is also
positive semidefinite. Unless Uy is zero, it will have a positive diagonal element, which we can exchange
into the pivot to initiate the (k + 1) step. Among the possible pivoting strategies, one that is particularly
well-suited to problems of rank detection is taking as pivot element the largest diagonal element of Uy, for
every stage k of the reduction. This will result in a matrix R such that

so that the diagonal elements of R satisfy r11 = roo > ... = rp,. Moreover, if 7411 11 = 0 for some &,
then the Cholesky factor of U will be of the form

_ [ Ri1 R
()
where Rq; has order k = rank(U).

The following result show how we can the Cholesky decomposition with pivoting of a positive semidefinite
matrix to isolate a set of independent columns from a matrix A

Proposition 5.1. Let A be a matriz with p columns and J be a permutation matriz such that AJ = [A1 Az]
with A1 having k columns. If

T
T _ Rll R12 Rll R12
(A17A2) (A15A2) - < 0 0 ) ( 0 0 ) 5

where Ry1 is non-singular of order k, then:
i. the columns of Ay are linearly independent;
ii. Ay = AyRiT Riz;

115. the columns of the matrix

< i Rz ) (22)

| PR
form a basis for the null space of UJ.

Proof. Since A] A; = R[;Ry1, and Ry; is non-singular and positive definite, A; has independent columns,
proving ¢.. To establish #i., note that

rank (A; Ug) = rank( R(;l ASQ ) =k,

so we can obtain A, as a linear combination of columns of Ay:
Ay = A XL (23)
Then, after pre-multiplying both sides by A ,we get
X = (ATA;)T*AT Ay = Ri7 Rio.
To show iii, we observe that the matrix (22) has p — k independent columns and, by i, it satisfies

-R'R -
(A1, A9) ( 1% 12 > = A RJRis+ Ay =0,

where we justify the last inequality by (23). Since the null space of (A; A) has dimension p—k, the columns
of (22) form a basis for it. [ |
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6 Alternative Methods for Determining Facial Sets

This section describes various methods for identifying the facial sets that are alternative to the LP and
non-linear optimization procedures we described above.

6.1 Maximum Entropy Approach

We can carry out identification of the appropriate facial set by replacing the linear objective function of the
optimization problem (7), with Shannon’s entropy function. The new problem is

max — ZieIB y(i)logy(7)

s.t. y = Bx
y = 0 (24)
1Ty = 1

The strictly concavity of the entropy function and the fact that lim; oz logaz = 0 guarantee that, for the
unique maximizer y* of 24, supp(y™*) is maximal with respect to inclusion. In fact, letting Ag denote the
simplex in RZ®, we maximize the entropy function over the convex polytope DC]13 = DCg n Agy. Such
intersection is trivial when the MLE exists and is the point 0. In this case, the problem is infeasible.
Otherwise, due to the strict concavity of the entropy function, the optimum occurs inside ri (DCllg), which
corresponds to the maximal co-face. Note that DCg is typically not of full dimension (unless Zg = F°¢), in
which case the maximizer belongs to a relatively open neighborhood inside DC}13.

If we denote the i-th row of B by b., we can rewrite the problem (24) in a more compact form by making
the constraint y = Bx implicit. Then

where, for Bx > 0, H(x) = — Y., bl xlog(b]x), with gradient

1€l
VH(x) = BT (1 +log(Bx))
and Hessian

: _ 1
V?H(x) = —B'diag (Bx) "' B=—) ﬂbib]

3 (3

6.2 Maximum Entropy and Newton-Raphson

By taking the log of the negative of the function f of Equation (8), we can represent the optimization
problem (9) as an unconstrained geometric program

min log (ZieIB exp(b;rx)) ,

which is equivalent to a linearly constrained one,

I:;n log (Zﬁff EX;(Y(Z'))) (25)

with feasible set given by the kernel of the matrix (I — B). See also Borwein and Lewis (2000, theorem
2.2.6). If x* is the maximizer of the original problem (9), then this is also the minimizer for the geometric
program (25), where the infimum can possibly be —oo, but only when sup,cgx f(x) = 0).
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The conjugate of the log-sum-exp function appearing in (25) is the negative entropy function restricted
to the simplex, given by
Yyv()logr(i) v=0 1Tv=1
{ 0 otherwise,

so the dual of the reformulated problem (25) is

max — .7 V(i) logv(i)
st. 1'v=1

B'v=0

v=0.

(26)

Proposition 6.1. If the MLE exists, the problem (26) admits a unique strictly positive solution v*. If the
MLE does not exist:

a) if the zeros Iy = F°, then (26) is infeasible;

b) otherwise, the problem (26) is feasible and admits a unique solution v* such that the co-face is given
by the coordinates not in supp(v*).

Proof. Note that, by the properties of the entropy function, any solution v* to the above problem has
maximal support among all the non-negative vectors satisfying the equality constraint. Next, by strict
concavity of the entropy function, if the problem is feasible, then it admits a unique solution. If the MLE
exists, the maximum occurs at a strictly positive point v* > 0 by Stiemke’s theorem 6.3.

Suppose instead that the MLE does not exist. If the system Bx > 0 admits a solution, then, by Gordan’s
theorem 6.2, there is only one vector v* satisfying the matrix equality constraint: v* = 0. Therefore, in
this case the problem is infeasible. This proves a). Otherwise, the solution is given by a vector v* > 0.
In this case, the coordinates in supp(v*)¢ give the appropriate co-face. In fact, 0 = (v*)'B = (v*)TA(X
implies that every d € kernel(A ) will be orthogonal to a strictly positive convex combination of the rows
of Ag corresponding to the coordinates in supp(v*). Since the MLE does not exist, there exists a vector
d, € kernel(A ) such that dju; = 0 for all i € F and d}u; > 0 for all i € F¢, that is, d, is orthogonal to
all strictly positive combinations of rows of A indexed by F. By maximality of supp(v*), these rows are the
ones in A, and the ones in supp(v*). Hence the result in b). |

Appendix: Theorems of Alternatives

Theorem 6.2 (Gordan’s Theorem of Alternatives). Given a matriz A, the following are alternatives:
1. Ax > 0 has a solution x.
2. ATy =0,y >0, has a solution y.

Theorem 6.3 (Stiemke’s Theorem of Alternatives). Given a matriz A, the following are alternatives:
1. Ax > 0 has a solution X.
2. ATy =0,y >0, has a solution y.

Schrijver (1998) provides proofs of both theorems.
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