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Abstract

A discrete statistical model is a subset of a probability simplex. Its maximum likelihood
estimator (MLE) is a retraction from that simplex onto the model. We characterize
all models for which this retraction is a rational function. This is a contribution via
real algebraic geometry which rests on results due to Huh and Kapranov on Horn
uniformization. We present an algorithm for constructing models with rational MLE,
and we demonstrate it on a range of instances. Our focus lies on models familiar to
statisticians, like Bayesian networks, decomposable graphical models, and staged trees.

1 Introduction

A discrete statistical model is a subset M of the open probability simplex A,,. Each point p in
A, is a probability distribution on the finite state space {0,1,...,n},i.e. p = (po, P1, .-, Dn),
where the p; are positive real numbers that satisfy po + p1 + -+ + p, = 1. The model M is
the set of all distributions p € A,, that are relevant for the particular application of interest.
In data analysis we are given an empirical distribution u = (ug, u1, ..., u,). This is the
point in the simplex A, whose ith coordinate u; is the fraction of samples observed to be in
state i. The mazimum likelihood estimator (MLE) of M is a function ®: A,, — M that takes
the empirical distribution u to a distribution p = (pg, p1, - - ., Pn) that best explains the given
observations. Here “best” is understood in the sense of likelihood inference. This means that
p = ®(u) is the point in M that maximizes the log-likelihood function p — > " o u; - log(p;).
By convention, for any vector u in R, we set ®(u) := ®(u/|u|) where |u| = ug+ - - - + up.
Likelihood inference is consistent. This means that ®(u) = u for u € M. This fol-
lows from the fact that the log-likelihood function is strictly concave on A, and its unique
maximizer is p = u. Therefore, the MLE & is a retraction from the simplex onto the model.
This point is fundamental for two fields at the crossroads of mathematics and data sci-
ence. Information Geometry [I] views the MLE as the nearest point map of a Riemannian
metric on A, given by the Kullback-Leibler divergence of probability distributions. Alge-
braic Statistics [0] is concerned with models M whose MLE & is an algebraic function of
u. This happens precisely when the constraints that define M can be expressed in terms of
polynomials in p. In this article we address a question that is fundamental for both fields:
For which models M is the MLE ® a rational function in the empirical distribution u?
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The most basic example where this happens is the independence model for two binary ran-
dom variables (n = 3). Here M is a surface in the tetrahedron Aj. That surface is a
familiar picture that serves as a point of entry for both Information Geometry and Algebraic
Po P1

Statistics. Points in M are positive rank one 2 x 2 matrices [p »
2 D3

to one. The data takes the form of a nonnegative integer 2 x 2 matrix u of counts of ob-
served frequencies. Hence |u| = ug+ui+us+us is the sample size, and u/|u| is the empirical
distribution. The MLE p = ®(u) is evaluated by multiplying the row and column sums of u:

} whose entries sum

o (uotur)(uotuz) P (uotuq) (ur+us) by = (ug+us)(ugtusz) by = (ugtuz)(ug+us)
- y M1 — y M2 — y M3 — .

Jul? Jul? Jul? Jul?

These four expressions are rational, homogeneous of degree zero, and their sum is equal to 1.
We refer to [10, Example 2] for a discussion of these formulas from our present perspective.
The independence model belongs to the class of graphical models [14]. Fix an undirected
graph GG whose nodes represent random variables with finitely many states. The undirected
graphical model Mg is a subset of A,,, where n+1 is the number of states in the joint
distribution. The graphical model M is decomposable if and only if the graph G is chordal.
In this case, each coordinate p; of the MLE is an alternating product of linear forms given by
maximal cliques and minimal separators of G. A similar formula exists for directed graphical
models, also known as Bayesian networks. In both cases, the coordinates of the MLE are not
only rational functions, but even alternating products of linear forms in u = (ug, u1, . .., uy,).
This is no coincidence. Huh [10] proved that if ® is a rational function then each of its
coordinates is an alternating product of linear forms, with numerator and denominator of
the same degree. Huh further showed that this alternating product must take a very specific
shape. That shape was discovered by Kapranov [12], who named it the Horn uniformization.
The results by Kapranov and Huh are valid for arbitrary complex algebraic varieties. They
make no reference to a context where the coordinates are real, positive, and add up to 1.

The present paper makes the leap from complex varieties back to statistical models.
Building on the remarkable constructions found by Kapranov and Huh, we here work in
the setting of real algebraic geometry that is required for statistical applications. Our main
result (Theorem [I]) characterizes all models M in A,, whose MLE is a rational function. It
is stated in Section 2 and all its ingredients are presented in a self-contained manner.

In Section 3 we examine models with rational MLE that are familiar to statisticians,
such as decomposable graphical models and Bayesian networks. Our focus lies on staged tree
models, a far-reaching generalization of discrete Bayesian networks, as described in the book
by Collazo, Gorgen and Smith [3]. We explain how our main result applies to these models.

The proof of Theorem [ is presented in Section 4. This is the technical heart of our
paper, building on the likelihood geometry of [11], §3]. We also discuss the connection to
toric geometry and geometric modeling that appeared in recent work of Clarke and Cox [2].

In Section 5 we present our algorithm for constructing models with rational MLE, and
we discuss its implementation and some experiments. The input is an integer matrix rep-
resenting a toric variety, and the output is a list of models derived from that matrix. Our
results suggest that only a small fraction of Huh’s varieties in [I0] are statistical models.



2 How to be Rational

Let M be a discrete statistical model in the open simplex A,, that has a well-defined maxi-
mum likelihood estimator ® : A,, — M. We also write ® : RZ}' — M for the induced map
u+— ®(u/|u|) on all positive vectors. If the n + 1 coordinates of ® are rational functions in
u, then we say that M has rational MLE. The following is our main result in this paper.

Theorem 1. The following are equivalent for a discrete statistical model M with MLE ®:
(1) The model M has rational MLE.

(2) There exists a Horn pair (H, \) such that M is the image of the Horn map @(p »).

(8) There exists a discriminantal triple (A, A, m) such that M is the image under the
monomial map ¢am) of precisely one orthant () of the dual toric variety Y.

The MLE of the model satisfies the following relation on the open orthant ]R%l:

¢ = SO(H,)\) = ¢(A,m)OH- (1)
The goal of this section is to define all the terms seen in parts (2) and (3) of this theorem.

Example 2. We first discuss Theorem [I] for a very simple experiment: Flip a biased coin. If
it shows heads, flip it again. This is a statistical model with n = 2 given by the tree diagram

S0 O Do
w o
. / Xl -
xl O p2.

The model M is a curve in the probability triangle A,. The tree shows its parametrization
Ay — Ay, (80,81) = (85,5051, 51) where sg, s, > 0 and so + s; = 1.

The implicit representation of the curve M is the quadratic equation pops — (po + p1)p1 = 0.
Let (ug,uy,us) be the counts from repeated experiments. A total of 2ug + 2u; + uy coin
tosses were made. We estimate the parameters as the empirical frequency of heads resp. tails:

2ug + uq ~ Uy + Us
= and $; = .
QUO + 2u1 + U2 QUO + 2u1 + U9

S0

The MLE is the retraction from the triangle A, to the curve M given by the rational formula

(QU() + U1)2 (2uO+U1)(U1+U2) U1 + U )

(I) = §2 5.5 S =
(U(], Y1 Ug) (807 5051, Sl) <(2u0+2u1+uz)2 ’ (2U0 + 2U1 -+ U2)2 ’ 2u0+2u1+u2



Hence M has rational MLE. The corresponding Horn pair from part (2) in Theorem [I] has

2 1 0
H = 0o 1 1 and A = (1,1,—1).
-2 -2 -1

We next exhibit the discriminantal triple (A, A, m) in part (3) of Theorem [Il The matrix
A= (1 1 1) gives a basis of the left kernel of H. The second entry is the polynomial

A = SL’;Z) — SL’% — T1T9 + Tol3 — (S(Ig — LL’l)(SCl + i) -+ LL’3). (2)

The third entry marks the leading term m = 2. These data define the monomial map

2
Ty T1X2 T
¢(A,m) : (951,552,1'3) = <x_§’ ZL'% ’_:)3_3)'
The toric variety of the matrix A is the point Y4 = {(1:1: 1)} in P2. Our polynomial
A vanishes on the line Y} = {21 + 22 + z3 = 0} that is dual to Y4. The relevant orthant
is the open line segment Y3 = {(z1 : 22 : 23) € Y : x1,22 > 0 and 23 < 0}. Part (3) in
Theorem [l says that M is the image of Y , under ¢(a m). The MLE is ® = ¢A m) o H.

We now come to the definitions needed for Theorem [l Let H = (h;;) be an m x (n+1)
integer matrix whose columns sum to zero, i.e. .~ h;; =0 for j =0,...,n. We call such a
matrix a Horn matriz. The following alternating products of linear forms have degree zero:

m

(Hu)" = H(hiouo + hauy + - -+ hmun)h” for j=0,1,...,n.

i=1

The Horn matrix H is friendly if there exists a real vector A = (Ag, A1,..., A,) with A; #0
for all 7 such that the following identity holds in the rational function field R(ug, uq, ..., u,):

Mo(Hu)" + X\ (Hu)"™ + -+ + N, (Hu)™ = 1. (3)
If this holds, then we say that (H, \) is a friendly pair, and we consider the rational function
R — R™™ w = (Ao(Huw)™, M(Hu)™, ..., A (Hu)™). (4)

The friendly pair (H, \) is called a Horn pair if no row of H is zero or is a multiple of another
row, the function () is defined for all positive vectors, and it maps these to positive vectors.
If these conditions hold then we write oy : RZ5Y — RZE! for the restriction of (@) to the
positive orthant. We call ¢\ the Horn map associated to the Horn pair (H, ).

Remark 3. Let (H,\) be a friendly pair satisfying the positivity condition for the func-
tion (). To it we associate a Horn pair (H, \) by aggregating its collinear rows by summing
them together, deleting the zero rows of H, and defining ) as in [2, Proposition 6.11]. The
pairs (H,\) and (H, \) define the same rational function [@). Furthermore, every Horn pair
(f] , 5\) can be uniquely recovered, up to permutation of its rows, from its Horn map -

4



Example 4. We illustrate the equivalence of (1) and (2) in Theorem [II for the model de-
scribed in [11, Example 3.11]. Here n = 3 and m = 4 and the Horn matrix equals

-1 -1 -2 -2
1 0 3 2
=11 3 0 2| (5)

-1 -2 -1 -2

This Horn matrix is friendly because the following vector satisfies the identity (B]):

2 4 4 1
A= Ao, A, A 03) = [ =, —, ——, — ). 6

(o, Az, Az, Ao) (3’ 27 27’27) (6)
The pair (H,\) is a Horn pair, with associated Horn map

2(up+3u2+2us)(uo+3u1+2us)
3(u0 +u142usg +2U3)(u0 +2u1+u2 +2ug)

Uu .
0 4(u0+3ug+2u3)3
. 4 4 U1 27(uo+u1+2uz+2u3)? (uo+2u1+uz+2u3)
(p(Hv)‘) . R>0 - R>0’ Uy = 4(u0+3u1+2u3)3 . (7)
U 27(uo+u1+2uz+2u3) (uo+2u1 +uz+2u3)?
3

(uo+3ua+2us)? (uo+3u1 +2us)?
27 (uo+u1+2u2+2u3)? (uo+2u1 +uz+2u3)?

Indeed, this rational function evidently takes positive vectors to positive vectors. The image
of the map p(p,y) is a subset M of the tetrahedron Ay = {p € R%, : po + p1 + p2 + p3 = 1}.
We regard the subset M as a discrete statistical model on the state space {0, 1,2,3}. The
model M is the rational space curve of degree 4 defined by the two quadratic equations

Ip1p2 — 8pops = Py — 12(po + p1 + p2 + p3)ps = 0.
As in [11, Example 3.11}, one verifies that the curve M has rational MLE, namely ® = ¢y »).

We next define all the terms that are used in part (3) of Theorem [l Fix a matrix
A = (a;;) € Z™™ of rank r that has the vector (1,...,1) in its row span. The connection to
(2) will be that the rows of A span the left kernel of H. We identify the columns of A with
Laurent monomials in r unknowns ¢y, ...,%.. The corresponding monomial map is

ya @ (R = RP™ ) (ty,...,t) — (ﬁt?ﬂ : ﬁt?iz IR ﬁtf“”) (8)
i=1 =1 =1

Here R* = R\{0} and RP™! denotes the real projective space of dimension m — 1. Let Y
be the closure of the image of 4. This is the projective toric variety given by the matrix A.

Every point x = (21 : -+ : x,,) in the dual projective space (RP™ 1)¥ corresponds to a
hyperplane H, in RP™~!. The dual variety Y} to the toric variety Y} is the closure of the set

{2z e RP"" |74 (H, NYy) is singular }.

A general point x in the dual toric variety Y corresponds to a hyperplane H, that is tangent
to the toric variety Y at a point y4(¢) with nonzero coordinates. We identify sign vectors

5



o € {—1,+1}™ with orthants in R™. These map in a 2-to-1 manner to orthants in RP™!,
If we intersect them with Yj, then we get the orthants of the dual toric variety:

Yie = {ZL'EYX Doy >0forz':1,2,...,m} c RpP™1! (9)
One of these is the distinguished orthant in Theorem [I], part (3).

Example 5. Fix m = 4, r = 2, and the following matrix with (1,1,1, 1) in its row span:

! w

As in [11), Example 3.9], the toric variety of A is the twisted cubic curve in projective 3-space:

Vi ={(t]: 83 : 83 :13) € RP? : t;,t, € R*}.

The dual toric variety Y7 is a surface in (RPP?)V. Its points x represent planes in RP? that are
tangent to the curve Y,. Such a tangent plane corresponds to a cubic x;t> + z9t? + x5t + 24
with a double root. Hence, Y} is the surface of degree 4 in (RP?)V defined by the discriminant

Ay = 27931334 — 18z w9374 + 4:512:3 + 4:)32554 z%x% (11)

All eight orthants Y} , are non-empty. Representatives x for the orthants are the eight cubics

~—

(t+1)2(t+3), t+5)2t—1), (t—1)%(t+
(t—3)2t+1), (t—12(t—3), (t—2)%(t+

The underlined cubic is the point z = (1,~1,-8,12) in Y} , where o = (1, -1, -1,1).

We now present the key definition that is needed for part (3) of Theorem [Il Let A be
a homogeneous polynomial with n 4+ 2 monomials, and let m be one of these monomials. If
we divide A by m, then we obtain a homogeneous Laurent polynomial of degree zero:

1
EA - 1 — )\Ozfluozgzo . _zf;%mo _ )\11,}1111$f2121 . xﬁlml _ _ )\nzflun on . ‘l.ilnmn.

We write H(a m) for the m x (n + 1) integer matrix with entries h;;. Its column vectors are
denoted h; = (hyj, hoj, ..., hyj) for j =0,1,...,n. These data define the monomial map

dam) @ (RY)™ — R 2 — ()\oxho, Az, )\n:)sh").
Definition 6. A discriminantal triple (A, A, m) consists of

1. an r X m integer matrix A of rank r having (1,1,...,1) in its row span,
2. an A-homogeneous polynomial A that vanishes on the dual toric variety Y,

3. a distinguished term m among those that occur in the polynomial A,



such that Ham) = lfI(A,m), the sign vector ¢ = sign(Ha m) - ) is the same for all positive
column vectors u € R}, and it satisfies the condition

Ni-oti>0foralli=1,2...,m. (12)

Remark 7. Let (A,A,m) be a triple as in Definition [6] 1-3, such that for its associated
Horn matrix Ha m) we have that sign(Ham) - ) is the same for all positive u and the pair

(H(am), A) satisfies (IZ). As in Remark [ we associate to (A, A, m) a discriminantal triple
(A, A, m) with Im O(am) = Im (b(A,rh)'

All definitions are now complete. We next illustrate Definition [6l for our running example.

Example 8. Let A be the 2 x 4 matrix in ([I0), A = A, its discriminant in (II), and
m = 272322 the underlined term. Then (A, A, m) is a discriminantal triple with associated
sign vector 0 = (—1,+1,+1,—~1). The orthant Y} , was highlighted in Example Bl It is a
semialgebraic surface inside Y; C RP3. This surface is mapped into the tetrahedron As by

2x9r3 4 13 4 3 1x§x§) (13)

m) - \X1,T2,T3,T = 9 Y ' 97 ' 97
O(A,m) (@1, 22, T3, 24) <3x1x4 2755’1%21 27x%x4 27$%xi

The image of this map is a curve in Az, namely the model M in Example [d We verify ()
by comparing (7)) with (I3]). The former is obtained from the latter by setting z = Hu.

We close this section with two remarks on Horn matrices, Horn pairs and Horn maps.

3 Staged Trees

We consider contingency tables u = (u;,4,...i,, ) of format ry X rg X - -+ X r,,. Following [5] [14],
these represent joint distributions of discrete statistical models with n +1 = ryry---1r,,
states. For any subset C' C {1, ..., m}, one considers the marginal table uc that is obtained
by summing out all indices not in C'. The entries of the marginal table us are sums of
entries in u. Namely, to obtain the entry u; ¢ of ue for any state I = (iy, s, ..., %,), we fix
the indices of the states in C' and sum over the indices not in C'. For example, if m = 4,
C={1,3}, I = (i,],k, 1), then uc is the r; X r3 matrix with entries

T2 T4

urc = Ui+k+ = E E WUigkl-

=1 =1

Such linear forms are the basic building blocks for the familiar models with rational MLE.
Consider an undirected graph G with vertex set {1,...,m} which is assumed to be
chordal. The associated decomposable graphical model M¢ in A, has the rational MLE

. HC ur,c

hy = ==C Y 14
b1 HS urs ’ ( )



where the product in the numerator is over all maximal cliques C' of G, and the product in
the denominator is over all separators S in a junction tree for G. See [14] §4.4.1]. In what
follows we regard G as a directed graph, with edge directions given by a perfect elimination
ordering on the vertex set {1,...,m}. This turns M into a Bayesian network.

More generally, a Bayesian network Mg is given by a directed acyclic graph G. We write
pa(j) for the set of parents of the node j. The model Mg in A, has the rational MLE

m

A UT pa(j j

pr = P (])U{]}. (15)
j=1 u[,pa(j)

If G comes from an undirected chordal graph then (I4) arises from (I5) by cancellations.

Example 9 (m = 4). We revisit two examples that were discussed on page 36 in [5], §2.1].
The star graph G = [14]]24][34] is chordal. The MLE for M is the map ® with coordinates
g = U Uk Ui Ui Uk Ui

’ Uiy US4 Upppt Upppl Ul Uip4

The left expression is (I4]). The right is (1) for the directed graph 1 — 4, 4 — 2, 4 — 3.
The chain graph G = [12][23][34] is chordal. Its MLE is the map ® with coordinates
Wit 4l Ujk+ * Ukl

ﬁz’jkz = = @(H,A)(U)ijkz-
Utjt+ * Ut tk+

This is the Horn map in Proposition [[2] given by the specific pair (H, A) in Example [T1]

The formulas (I4)) and (IH) are familiar to statisticians. Theorem [ places them into a
larger context. However, some readers may find our approach too algebraic and too general.
Our aim in this section is lay out a useful middle ground: models given by staged trees.

Staged trees were introduced by Smith and Anderson [16] as a generalization of discrete
Bayesian networks. They furnish an intuitive representation of many situations that the
above graphs G cannot capture. In spite of their wide scope, staged tree models are appealing
because of their intuitive formalism for encoding events. We refer to the textbook [3] for an
introduction. In what follows we study parts (1) and (2) in Theorem [I] for staged trees.

To define a staged tree model, we start with a directed rooted tree 7 having at least two
edges emanating from each non-leaf vertex, a label set S = {s; | i € I}, and a labeling
0: E(T) — S of the edges of the tree. Each vertex of 7 has a corresponding floret, which
is the multiset of edge labels emanating from it. The labeled tree T is a staged tree if any
two florets are either equal or disjoint. Two vertices in 7 are in the same stage if their
corresponding florets are the same. From this point on, F' denotes the set of florets of T.

Definition 10. Let J be the set of root-to-leaf paths in the tree 7. We set |J| = n + 1.
For i € I and j € J, let p;; denote the number of times edge label s; appears in the j-th
root-to-leaf path. The staged tree model M+ is the image of the parametrization

o110 = Ay, (Si)ier = (D5)jed,
where O := {(Si)ie] € (0, )M > siep si = 1 for all florets f € F} is the parameter space of
M, and p; = [],.; s is the product of the edge parameters on the j-th root-to-leaf path.

i€l 7@
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In the model M+, the tree 7 represents possible sequences of events. The parameter s;
associated to an edge vv’ is the transition probability from v to v’. All parameter labels in
a floret sum to 1. The fact that distinct nodes in 7 can have the same floret of parameter
labels enables staged tree models to encode conditional independence statements [16]. This
property allows us to represent any discrete Bayesian network or decomposable model as a
staged tree model. Our first staged tree was seen in Example 2l Here is another specimen.

Example 11 (n = 15). Consider the decomposable model for binary variables given by the
4-chain G = [12][23][34]. Figure 1 shows a realization of M as a staged tree model M.
The leaves of T represent the outcome space {0,1}*. Nodes with the same color have the
same associated floret. The blank nodes all have different florets. The seven florets of 7 are

f1={80> 51}, f2={52, 83}, f3={84, 85}, f4:{56> 87}, st{Ss, 89}, f6:{810, 811}, f7={812, 813}-

510

. 27, O Poooo
O “s11” © Pooor
T 82 O Poo10
O op S0 11 1 1 1 1 1 1 - « « « o .
0011 s |- - o o o o . 11111111
3 O Po10o O
S O DPoio1 53 T T T T
S12 fol------- - e
O <} O Po11o Sy .. . . . . . . 1111 - - . .
S13 O Poi111 ;5 A e |
S
s . O P1000 s6 11 - 1T e
/6 0o poor H=s | - 11 1
f4 _____ . . . - - - = . .
81 8/4 5\7, 0O P1o10 S8 -AA-11ii~...1111
0 Puon F A e
S5 . N O P1100 S10 1 - - <1 - < 1 < . .1 .
] .\ s11 R S S ST [
./ O Pi101 R
S19 T T T E R
S\g" O _—0 P1110 S13 T I T ST
T O Puu o\ m = — = = - o

Figure 1: A staged tree 7 and its Horn matrix H in Proposition[I2l Entries — indicate —1.

Next we show that staged tree models have rational MLE, so they satisfy part (1) of
Theorem [Il Our formula for ® uses the notation for 7, J and p;; introduced in Definition L0l
This formula is known in the literature on chain event graphs (see e.g. [15]).

Proposition 12. Let M be a staged tree model, and let u = (u;);es be a vector of counts.
Forie I, let f be the floret containing the label s;, and define the estimates

> Hij
§; = and p; = (8;)H.
' D eses Do et ’ g Z

The rational function ® that sends (u;j)jes to (p;)jes is the MLE of the model M.

9



Proof. We prove that the likelihood function L(p,u) has a unique maximum at p = (p;) e
For f € F, we fix the vector of parameters s; = (s;)s,ef. Associated with the floret f is the
local likelihood function Ly(sy,u) = [],,c; 8i", where a; = 3, ju;ju;. We have

Lp,u) = [[»7 = [TTIs" = []s" = [] Ls(srow)-
J J ot 7

feF

Since the Ly depend on disjoint sets of unknowns, maximizing L is achieved by maximizing
the factors Ly separately. But Ly is the likelihood function of the full model A _;, given
the data vector (c;)s,er. The MLE of that model is given by §; = «;/ Zsﬁf oy, where s; € f.

We conclude that argmax,, (Ly(sp,u)) = (5:)s;er and argmax,(L(p,w)) = (p;)je- O

Remark 13. Here is a method for evaluating the MLE in Proposition [2l Let [v] C J be
the set of root-to-leaf paths through a fixed node v in the tree 7 and define up) = jel] Y-
The quotient % is the empirical transition probability from v to v’ given arrival at v. To

Y]

obtain §; we first compute the quotients for all edges v’ with parameter label s;. Then

we aggregate them by adding their numerators and denominators separately. We obtain
s; = (D_upn)/(X_ upy), where both sums range over all edges vv” with parameter label s;.

Proposition 2 yields an explicit description of the Horn pair (H, 5\) associated to M.

Corollary 14. Fiz a staged tree model M+ as above. Let H be the (|I| + |F|) x |J| matriz
whose rows are indexed by the set I U F and entries are given by

hij = Hij fOTi € I, and
hyj = =Yy for f € F.

seef

Define the vector € {—1, +1}0 by A\j = (=1)%s"45. Then (H, \) is the Horn pair of M,
using the mapping H — H defined in Remark[3.

Given a staged tree T, we call the matrix H in Corollary [I4] the Horn matrixz of T.

Remark 15. In Corollary [14] for a floret f € F', let H; be the submatrix of H with row
indices {i : s; € f}U{f}. Then H is the vertical concatenation of the matrices H; for f € F'.
The matrix H is obtained from H by the row operations described in Remark [3

Example 16. For the tree 7 in Example[11l the Horn matrix H of M is given in Figure 1.

Its rows indices are (so,s1, 1,52, 53, f2, 54, S5, f3, S6, 57, fa, S8, 59, f5, S10, S11, o, S12, 13, f7).-
The vector ) for the friendly Horn matrix H is the vector of ones (1,...,1) € RS, Note that

(H, ) is not a Horn pair. We can delete the rows sg, s1, fa, f3 of the matrix H by summing
the pairs (sg, f2) and (s1, f3) and deleting zero rows. The result is the Horn pair (H, \).

Following [8], two staged trees T and T are called statistically equivalent if there exists
a bijection between the sets of root-to-leaf paths of 7 and 7" such that, after applying this

10



bijection, M+ = M+ inside the open simplex A,,. Any staged tree model may have different
but statisticaly equivalent tree representations. In [8 Theorem 1], the authors show that
statistical equivalence of staged trees can be determined by doing a sequence of operations
on the trees, named swap and resize. One of the advantages of describing a staged tree
model via its Horn pair is that it gives a new criterion to decide whether two staged trees
are statistically equivalent. This is simpler to implement than the criterion formulated in

8.

Corollary 17. Two staged trees are statistically equivalent if and only if their their Horn
pairs (H, \) agree.

One natural operation on a staged tree 7T is identifying two florets of the same size. This
gives a new tree 7' and model M7 whose Horn matrix is readily obtained from that of 7.

Corollary 18. Let T’ be a staged tree arising from T by identifying two florets f and f’,
say by the bijection (=)' : f — f'. Then the Horn matriz H of My arises from the Horn
matriz H of My by replacing the blocks Hy and Hy in H by the block H]’c defined by

h;j = hij + hifj fO’F S; € f,
i =hgi+ hyje
Proof. This follows from the definition of the Horn matrices for My and M. O

Example 19. Let 7’ be the tree obtained from 7 in Example [[T] by identifying the florets
fi and f5. Then M+ is the independence model of two random variables with four states.

Now we turn to part (3) of Theorem [l We describe the triple (A, A, m) for a staged
tree model M+ giving rise to its discriminantal triple (fl, A, m) as in Remark [7l The pair
(H,\) was given in Corollary [[4l Let A be any matrix whose rows span the left kernel of H,
set m = ||+ |J|, and write s for the m-tuple of parameters (s;, sf)icr,rer. From the Horn
matrix in Corollary [I4] we see that

j i\
where f depends on i, m = lem(]], s’;ij . f € F) and ¢j = Y, p;;. The sign vector o for
the triple (A, A, m) is given by o; = +1 for i € I and oy = —1 for f € F. Then Y} , gets
mapped to M via ¢a m). Moreover, the map ¢ from Definition [I0] factors through ¢a m)-
Indeed, if we define ¢ : © — Y | by (si)ier = (55, —1)ier,ser, then ¢7 = ¢am) o ¢.
The derivation in the following example is an extension of that in [I1, Example 3.13].

Example 20. Let M+ be the 4-chain model in Example [Tl Its associated discriminant is
A = fifafsfafsfefr — s0s286510f3 5 7 — S0s286511 f3f5.[7 — S0s257812 f3f5.f6 — S05257513 f3f5.f6

- 805358810f3f4f7 - 508388811f3f4f7 - 808359812f3f4f6 - 505389813f3f4f6
— 515456510 f2f5f7 — s15486511 f2f5 7 — 515457512 f2f5f6 — S15457513f2f5f6
- 518558510f2f4f7 - 815558811f2f4f7 - 518589512f2f4f6 - 815559813f2f4f6-
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Our notation for the parameters matches the row labels of the Horn matrix H in Figure [1l
This polynomial of degree 7 is irreducible, so it equals the A-discriminant: A = Ay4. The
underlying matrix A has format 13 x 21, and we represent it by its associated toric ideal

Iy = <$10 — 811, S185f2 — S083f3, S154f2 — S0Saf3, S5Sof1— Sas7[5, $3S9f1— S257/f5,
S12 — 513, 5538f4 - 5436f57 5388f4 - 5236f57 59513f6 - 58311f77 87813f6 - 36511f77
505256511 — f1f2fafe, S0S257513 — fifafafr, s0s388511 — fifafsfe: 505350513 — fifafsf7,

s15486511 — J1f3f1f6, S15487513 — [f1[3faf7, 518550513 — [1/3[5 /7, S15588811 — f1f3f5f6>-

The toric variety Y4 = V(I4) has dimension 12 and degree 141. It lives in a linear space of
codimension 2 in P?, where it is defined by eight cubics and eight quartics. The dual variety
Y = V(A,) is the above hypersurface of degree seven. We have m = f faf3f1f5 fe f7, and
o is the vector in {—1,+1}?! that has entry +1 at the indices corresponding to the s; and
entry —1 at the indices corresponding to the f;. To obtain the discriminant A associated
to the Horn pair in Example [I6, we substitute 1 for sg, s1, f2, f3 in the polynomial A and
change all the minus signs to plus signs. See also the discussion in Remark [3

It would be interesting to study the combinatorics of the discriminantal triples for staged
tree models. Our computations suggest that, for many such models, the polynomial A
is irreducible and is equal to the A-discriminant A, of the underlying configuration A.
However, this is not true for all staged trees, as seen in equation (2)) of Example 2l We close
this section with a familiar class of models with rational MLE whose associated A factor.

Example 21. The multinomial distribution encodes the experiment of rolling a k-sided die
m times. The associated model M is the independence model for m identically distributed

random variables on k states. We have n + 1 = (k+:;_1). The Horn matrix H is the
(k+1) x (n+1) matrix whose columns are the vectors (—m, iy, s, .. .,4x)" where i1, s, ..., i
are nonnegative integers whose sum equals m. Here, A= (111 --- 1), so the A-discriminant

is the linear form Ay = xg 4+ x1 + - - - + 2. The following polynomial is a multiple of A 4:
A = (—xo)" — (1 +z24 -+ o)™

This A, with its marked term m = (—z()™, encodes the MLE for the model M.

4 Proof of the Main Theorem

In this section we prove Theorem [II This involves making precise how the objects in the
three parts correspond to each other. Namely, models with rational MLE correspond to
Horn pairs (H, \), and these correspond to pairs (A, m) in a discriminantal triple.

For a pair (H, \) consisting of a Horn matrix H and a coefficient vector A\, we denote by
¢ the rational map defined in (). We recall that its i-th coordinate is

wilv) = N ﬁ(g hjkvk) hﬁ. (16)
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We also define the likelihood function L, : R*™* — R for the image of ¢:
Ly(v) = [Jei(v)". (17)

Here u € N**! is an arbitrary fixed data vector. We start with the following key lemma.

Lemma 22. Let H = (hy;) be a Horn matriz, X a vector satisfying (3), and u € N"*'. The
vector u is the unique critical point of its own likelihood function L., up to scaling.

Proof. We compute the partial derivatives of L,. For £ =0,...,n we find

0  — L,w) o
a—WLU(U) = Zu ) For (V)

—~ " pi(v)
~ L) ¥ pi(v)
= Us —< hji =7 hje
— " pi(v) ; Y ko bk
g uhhg " h'@ Zn_ hiu,
= L,(v 2L = L,(v an——OJ”.
( ); 0 2 o Pirv ) Pt 2 o Pk

For v = u, this evaluates to zero, since the sums in the fraction cancel and the /-th column of
H sums to zero. The uniqueness of the critical point up to scaling follows from the fact that
the projective variety given by the image of ¢ has ML-degree one, by [10, Theorem 1]. O

We use [I0] to explain the relation between models with rational MLE and Horn pairs.

Proof of Theorem[1, Equivalence of (1) and (2). Let M be a model with rational MLE ®.
The Zariski closure of M is a variety of ML-degree one. By [10, Theorem 1], there exists
a Horn matrix H and a coefficient vector A such that ¢ = ®. Now, the required sum-to-
one and positivity conditions for ¢ are satisfied because they are satisfied by the MLE ®.
Indeed, the MLE of any discrete statistical model maps positive vectors u in ]R;”gl into the
simplex A,,. Conversely, we claim that every Horn pair (H, A) specifies a nonempty model M
with rational MLE. Indeed, define M to be the image of ¢(g ). By the defining properties

of the Horn pair, we have M C A,,. Lemma 22 shows that ¢,y is the MLE of M. O

Next, we relate Horn pairs to discriminantal triples (A, A,m). The pair (A, m) is the
data that defines M as an algebraic variety. The matrix A and the derived sign vector o
are witnesses of special properties of (A, m). Namely, the polynomial A is A-homogeneous
and vanishes on some dual toric variety, Y, whose o-orthant maps onto the model M via
the map ¢a,m). The positivity condition of a Horn pair is supposed to translate into the
positivity condition in (I2)). This translation is a consequence of the following key lemma.

Lemma 23. Let (H,\) be a friendly pair. If there exists a vector v € R"™ such that

o(u) > 0, then we have p(v) > 0 for all v in RZE' where it is defined.
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Proof. The function ¢ is homogeneous of degree zero. It suffices to prove each coordinate
of ¢(v) is a positive real number, for all vectors v with positive integer entries. Indeed,
every positive v in R"*! can be approximated by rational vectors, which can be scaled to be
integral. The open subset U = ¢~ '(A,) of R"™ contains u. If U = R™"! then we are done.
Else, U has a nonempty boundary 0U. By continuity, 0U C ¢~ 1(dA,). The likelihood
function L, for the data vector v vanishes on OU.

We claim that L, has a critical point in U. The closed subset U is homogeneous. After
passing to projective space P", it becomes compact. The likelihood function L, is well defined
on this compact set in P”, since it is homogeneous of degree zero, and L, vanishes on the
boundary. Hence the restriction L, |y is either identically zero or it has a critical point in U.
But, since u € U is a point with L,(u) # 0, the second statement must be true.

Since U is an open subset of R"!  a critical point of the restriction L,|y is also a critical
point of the function L, itself. By Lemma 22, this critical point must be v. Hence v € U. O

Corollary 24. Let (H,\) be a friendly pair, with H = H as in Remark[3. Fiz any positive
vector u in R%. Then (H, ) is a Horn pair if and only if \;(Hu)" >0 fori=0,1...,n.
If this holds then the nonzero entries in each row of H have the same sign. In particular,
the sign vector o = sign(Hu) is independent of the choice of .

Proof. The coordinates of Hv are the linear factors of the numerators and denominators of
©(v). We have shown in Lemma 23] that none of these numerators or denominators vanish
on A, and hence the same holds for the coordinates of Hv. This implies that the rows of H
have the desired sign property. The characterization of Horn pairs now follows from (). O

We prove the rest of Theorem [ by first explaining how to turn (H, \) into a pair (A, m)
and then examining how the constraints on Horn pairs and discriminantal triples are related.

Proof of Theorem [, Equivalence of (2) and (3). Let (H,\) be a pair consisting of a Horn
matrix and a coefficient vector. We construct a pair (A, m) consisting of a polynomial A
and a monomial m appearing in A as follows. For k =0,...,n+1 let h; denote the columns
of H, and write h; resp. h; for the positive part resp. the negative part of hy, so that
hy = hif — hy . In addition, let maxy,(h; ) be the entrywise maximum of the h; . We define

m = ™M) and A = m- (1 — Z)\kl’hk). (18)
k=0

Conversely, from any pair (A, m) as above, we construct a pair (H, \) by the equation on
the right hand side. This specifies H = (hy) and A = (A;)x uniquely. We next proceed with
comparing the defining properties for Horn pairs with those for discriminantal triples.

Claim. If (H,\) is friendly and if the r columns of an integer matriz A with AH = 0 span
7", then A is A-homogeneous and vanishes on the dual toric variety Y. Conversely, if A
is A-homogeneous and vanishes on Y} for some integer matriz A, then (H,\) is friendly.

Proof of Claim. Let (H,\) be friendly and A a matrix as above. The Laurent polynomial
q := A/m from (IJ) is a rational function on P™~! that vanishes on the dual toric variety
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Y. To see this, consider the exponentiation map @y: P! — R™"! that is defined by
©o(x) = X x 2, where x is the entrywise product. Let f =1 — (pg+ -+ + p,). We have
q = f ows. By [10l Theorems 1 and 2|, the function @9 maps an open dense subset of Y}
dominantly to the closure M of the image of (g ). Since f = 0 on M, we have f oy, =0
on an open dense subset of Y}, hence ¢ =0 on Y}, so A = 0 there as well.

Conversely, let A be A-homogeneous and vanish on Y for some A. We claim that ¢(z) is
zero for all z = Hu in the image of the linear map H. We may assume m(z) # 0. We must
prove that z is in the dual toric variety Y7}, since A vanishes on it. So, let ; = Y7 hiju;
fori=0,...n+ 1. We claim that t = (1,...,1) is a singular point of the hypersurface

Vil (H,NY,) = {t eC | ait = 0} .

1=1

First, the point ¢ lies on that hypersurface since the columns of H sum to zero:

Do =) > hiuy =) u; Y hy =0,
i=1 i=1 j=0 j=0 =1
For s =1,...,r we have 8%#“ = a4t %, with e; the s-th canonical basis vector of Z", and
a n W m n . n m e
S =1 i=1 j=0 =0 i=1
This is zero at t = (1,...,1) because AH = 0. |

Next comes the point where we incorporate positivity. If a friendly pair (H,\) with
H = H is a Horn pair then the sign vector o satisfies (I2). But conversely, if (4, A, m) is
a discriminantal triple then (I2]) holds, and Corollary 24] tells us that (H, ) is a Horn pair.
To complete the proof, let ¢(am)(z) = Axz”. We have o) (RZEY) = dam)(Yi,) by [0,
Theorems 1 and 2], and we have ¢\ = ¢(am) o H by construction. O

We proved that every model with rational MLE arises from a toric variety Y. In some
cases, the model is itself a toric variety Y. It is crucial to distinguish the two matrices A
and C. The two toric structures are very different. For instance, every undirected graphical
model is toric [5, Proposition 3.3.3]. The toric varieties Yo among staged tree models M
were classified in [4]. The 4-chain model M7 = Y is itself a toric variety of dimension 7
in P'°. But it arises from a toric variety Y, of dimension 12 in P, as seen in Example 20

Toric models with rational MLE play an important role in geometric modeling [2, [6].
Given an integer matrix C' € Z"*(™*1) and a vector of weights w € R’;gl, one considers the
scaled projective toric variety Y, in RP". This is defined as the closure of the image of

Yow @ (R = RP", (ty,...,t,) — <w1Htf“,w2Htf”, ...,met;m). (19)
=1 =1 =1
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The set of positive points in this toric variety is a discrete statistical model Mc¢,, in A,,.
There is a natural homeomorphism from the toric model M ,, onto the polytope of C'. This
is known among geometers as the moment map, and as Birch’s Theorem in Algebraic Statis-
tics. In geometric modeling the pair (C, w) is used to define toric blending functions [13].
It is highly desirable for the toric blending functions to have rational linear precision
[2, 13]. The property is rare and it depends in a subtle way on (C,w). Garcia-Puente and
Sottile [6] established the connection to algebraic statistics. They showed that rational linear
precision holds for (C,w) if and only if the statistical model M, has rational MLE.

Example 25. The most classical blending functions with rational linear precision live on the
triangle {z € R3 ) : x1+x9+x3 = 1}. They are the Bernstein basis polynomials of degree m:

m! D omeiej o L
piadey ™7 for di,j > 0,1+ 7 <m. (20)

iljl(m — i — j)!
Here C' is the 3 x (m+1) matrix whose columns are the vectors (i, j,m —i — j). The weights

2
are w(; j) = ' . The associated toric model M, is the multinomial family, where

=71
(20)) is the probability of observing i times 1, j times 2 and m — i — j times 3 in m trials.
This model is seen in Example 2] and it has rational MLE. Again, notice the distinction

between the two toric varieties. Here, Y, is a point in P, whereas Y is a surface in IP’( 2 )_1.

Clarke and Cox [2] raise the problem of characterizing all pairs (C,w) with rational
linear precision. This was solved by Duarte and Gorgen [4] for pairs arising from staged
trees. While the problem remains open in general, our theory in this paper offers new tools.
We may ask for a characterization of discriminantal triples whose models are toric.

5 Constructing Models with Rational MLE

Part (3) in Theorem [ allows us to construct models with rational MLE starting from a
matrix A that defines a projective toric variety Y4. In most cases, the dual variety Y} is
a hypersurface, and we can compute its defining polynomial Ay, the discriminant [7]. The
polynomial A in a discriminantal triple can be any homogeneous multiple of A4, but we
just take A = A4 in Algorithm [Il For all terms m in A4, we check whether (A, A4, m) is a
discriminantal triple and, if so, we identify o. We implemented this algorithm in Macaulay?2.

Lines 1 and 18 of Algorithm [Il are computations that rely on Grobner bases. The exe-
cution of Line 18 can be very slow. It may be omitted if one is satisfied with obtaining the
parametric description and MLE ®© of the model M,. For the check in Line 17, one does
not need to compute ®;(v) numerically. Instead, one can just examine the signs and parities
of the entries of H.

Example 26 (r = 2,m = 4). For distinct positive integers «, 3,y with ged(a, 8,7) = 1, let

11 11
]
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Algorithm 1: From toric varieties to statistical models

Input : An integer matrix A of size r x m with (1,...,1) in its row span
Output: An integer n and a collection of statistical models M® = (®*), 1),
where @@ : R**! — R+ is a rational MLE for M and
I C R[po, ..., pn] is the defining prime ideal of M),
Compute the A-discriminant Ay € Z[xy, ..., Tp);
n + #terms(Ay) — 2;
models < {};
for 0 </<ndo
m < terms(A4)y;
g+ 1—A4/m;
for 0 <i<ndo
A; < coefficients(q);;
h; < exponent_vectors(q);;
10 B = (w i A T (e k) ™)
11 end
12 H « (hi)i;

13 if sign(H) is not well-defined then

© 00 N OO oA W N o=

14 ‘ discard this instance and continue loop;
15 end

16 Choose any positive vector v in RZ}!;

17 if @EZ)(U)>0f0rz'=0,1,...,nthen

18 Compute the ideal 1 of the image of ®©);
19 models +— models U {(®), 1))}

20 end

21 end

22 return models;

We ran Algorithm [I] for all 613 such matrices with 0 < a < 8 < < 17. Line 1 computes the
discriminant A4 of the univariate polynomial f(t) = x; + 2ot® + x3t” + 14t”. The number
n + 2 of terms of these discriminants equals 7927/613 = 12.93 on average. Thus a total of
7927 candidate triples (A, A4, m) were tested in Lines 12 to 21. Precisely 123 of these were
found to be discriminantal triples. This is a fraction of 1.55 %. In other words, only 1.55 %
of the resulting complex varieties permitted by [10] are actually statistical models.

Here is a typical model that was discovered. Take a = 1,3 = 4,y = 7. The discriminant

Ax = 7292325 — 69122327 — 87485 w3 wy + 8467223 w005 wy + 34992252222
—351918x3 w3322 — 466562523 + 5186162515137 — 823543207

has 9 terms, so n = 7. The special term m is underlined. The associated model is a curve of
degree ten in A;. Its prime ideal 1) is generated by 18 quadrics. Among them are 15 bino-
mials that define a toric surface of degree six: 49p;pa—48pops, 3popa—p3, - - - , 361pspr—128p2.
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Inside that surface, our curve is cut out by three other quadrics, like 26068p3 + 73728pops
+703836pops + 234612paps + 78204psps + 612864popr + 212268pepy + 78204pspr — 8379p2.

Example 27 (r = 3, m = 6). For any positive integers «, (3,7, ¢, we consider the matrix

0 a B 0 v ¢
A= (000111
11 1111

The discriminant A4 is the resultant of two trinomials 1 + xot® +25t% and x4 + x5t” + x6t°
in one variable . We ran Algorithm [I] for all 138 such matrices with 0 < a < 8 < 17,0 <
v < e <17, ged(a, B) = ged(ry,e) = 1. The number n + 2 of terms of these discriminants
equals 2665/138 = 19.31 on average. Thus a total of 2665 candidate triples (A, A4, m) were
tested in Line 13. Precisely 93 of these are discriminantal triples. This is a fraction of 3.49 %.

We now shift gears by looking at polynomials A that are multiples of the A-discriminant.

Example 28 (r = 1,m = 4). We saw in Examples 2 and 2T that interesting models can arise
from the matrix A = (1 1 --- 1) whose toric variety is just one point. Any homogeneous
multiple A of the linear form Ay = z1 + x5 + - - - + x,,, can be used as input in Line 1 of
Algorithm [I Here, taking A = A4 results in the model given by the full simplex A,, 5.

ai a2 .43

Let m = 4 and abbreviate 2% = z{*z5225*z{* and |a| = a;+as+az+ay for a € N*. We
conducted experiments with two families of multiples. The first uses binomial multipliers:

A = (2% + 2" A, or (2% —2")A,,  where |a| = |b] € {1,2,...,8} and ged(2?, 2°) = 1.

This gives 1028 polynomials A. The numbers of polynomials of degree 2,3,4,6,7,8,9,10 is
6, 21, 46, 81, 126, 181, 246, 321. For the second family we use the trinomial multiples

A = (2"42b+29) Ay or (242’ —2°) Ay, where |a|=|b|=|c|€{1,2,3} and ged(z% 2%, 2¢) = 1.

Each list contains 4 quadrics, 104 cubics and 684 quartics. We report our findings in a table:

Family Pairs (A, m) | Horn pairs | Percentage
(2" — %) A, 8212 12 0.15%
(2 + 2%) A4 8218 0 0%
(2% + ¥ — 29)A 4 8678 8 0.01%
(2 + 2 + 1) A4 8968 0 0%

All 12 Horn pairs in the first family represent the same model, up to a permutation of
coordinates. All are coming from the six quadrics of the family. The model is the surface in

A, defined by the 2 x 2 minors of the matrix . ProP2) - This is a staged tree
PotpPit+P2 P3s Pa

model similar to Example 2, but now with three choices at each blue node instead of two.

In our construction of models with rational MLE, we start with families where r and m
are fixed. However, as the entries of the matrix A go up, the number n+1 of states increases.
This suggests the possibility of listing all models for fixed small values of n. Is this list finite?
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Problem. Suppose that n is fixed. Are there only finitely many models with rational MLE
in the simplex A,? Can we find absolute bounds, depending only on n, for the dimension,
degree and number of ideal generators of the associated varieties in P"?

Algorithm [Ilis a tool for studying these questions experimentally. At present, however,

we do not have any clear answers, even for n = 3, where the models are curves in a triangle.
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