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Abstract

This paper investigates the use of linear representations of trees (i.e. mappings from the set
of trees into a finite dimensional vector space which are induced by rational series on trees)
in the context of structured data learning. We argue that this representation space can be
more appealing than the space of trees to handle machine learning problems involving trees.
Focusing on a tree series maximization problem, we first analyze its complexity to motivate
the use of approximation techniques. We then show how a tree series can be extended to the
continuous representation space, we propose an adaptive Metropolis-Hastings algorithm to
solve the maximization problem in this space, and we establish convergence guarantees.
Finally, we provide some experiments comparing our algorithm with an implementation of
the Metropolis-Hastings algorithm in the space of trees.

Keywords: Rational tree series, Linear representation, Metropolis-Hastings, Markov chain
Monte Carlo

1. Introduction

Rational tree series are mappings from the set of trees on a ranked alphabet to the set
of real numbers, that can be computed by a weighted tree automaton. An equivalent
characterization for a tree series to be rational, is that it admits a finite-dimensional linear
representation, which induces a vectorial representation of trees (i.e. a mapping from the
set of trees to a finite-dimensional vector space) Berstel and Reutenauer (1982); Denis
et al. (2008). Unlike the space of trees which is a discrete space that does not have a
natural topological structure, this representation space offers several interesting properties:
it is linear, continuous, has a natural metric and may be of small dimension. Our goal is
to show on a tree series maximization problem, that working in the representation space
rather than directly in the space of trees can be beneficial and lead to better results.

We present a brief motivational example of the tree series maximization problem. In the
context of procedural modeling, probabilistic context-free grammars (PCFG) are used as a
mean to generate 3D models: in Talton et al. (2011), the authors use parametric conditional
PCFGs to generate 3D images of trees (e.g. oaks), buildings or cities. They address the
following problem: given such a grammar G and a high-level specification I of the desired
image (e.g. a sketch), how can one retrieve a production from the grammar that matches
the specification? They formulate this problem in the Bayesian setting by interpreting the
distribution 7(-) on the set A(G) of derivation trees induced by G as the model prior, and
a similarity measure L(I|-) between the image generated from a derivation tree and the
sketch provided by the user as the likelihood. Finding the best tree that matches the user’s
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specification then reduces to maximizing the posterior p(-|I) o 7(-)L(I|-). The algorithm
they propose is a variant of the Metropolis-Hastings (MH) algorithm, which constructs a
Markov chain in the discrete space of trees to explore it. Knowing that the prior distribution
m is a rational tree series, a natural question arises: could the natural structure of the
underlying representation space be exploited to solve this problem? The broader problem
we investigate here is the following: given a non-negative tree series r, how can we take
advantage of a linear representation of trees to find a tree maximizing r?

The paper is organized as follows. First we introduce some preliminaries and notations.
We analyze the complexity of the maximization problem and of two other problems related
to the representation space in Section 3. In Section 4, we first present how the MH algorithm
can be implemented in the discrete space of trees. We then show how the series to be
maximized can be extended to the representation space and we propose an adaptive MH
algorithm in this space, for which we establish convergence guarantees. We provide some
experiments in Section 5 and we conclude by a discussion in Section 6.

2. Preliminaries

Rational Tree Series. We refer to Comon et al. (2007) for notions on trees, tree automata
and recognizable forests, and to Berstel and Reutenauer (1982); Denis et al. (2008) for
notions on rational tree series.

Let F = FoUF1 U---UF,, be a ranked alphabet where symbols in F, are of arity p.
Trees on F are elements of the smallest set T'r satisfying Fo C T and f(t1,--- ,tp,) € T
forall p >0, f € Fp and ty,--- ,t, € Tr. A context c of Cr C Try(s) is a tree where the
special new symbol $ (of arity 0) appears exactly once. We denote by c[t] € Tr the tree
resulting from the substitution of $ with the tree t € T# in ¢ € Cx. For any t € T, let
Cr(t) ={ce Cr |3 € Tr : t = c[']} be the set of all suffixes of ¢ (i.e. the set of all
contexts resulting from substituting any subtree of ¢ with the special symbol $).

A (formal power) tree series on Tr is a mapping r : Tr — R. Given two tree series
r,s € R{((F)), we define their sum r 4+ s by (r + s)(t) = r(t) + s(¢), and their Hadamard
product r®s by (r®s)(t) = r(t)-s(t) for all t € Tr. We denote by R((F)) the vector space of
tree series on Trx. The support of a tree series r is the forest supp(r) = {t € T : r(t) # 0}.
A series r is recognizable (or rational) if there exists a triple (V, u, A), where V is a finite
dimensional vector space, A € V* is a linear form, and p maps each F, into the set L(V?; V)
of p-linear mappings from V? to V, such that r(t) = A(u(t)) for all ¢ in T'r, where u(t) € V
is inductively defined by p(f(t1,...,tp)) = p(f)(1(t1),. .., n(tp)). A tuple (V,p) is called
a linear representation of Tr, the tuple (V,u, A) is a linear representation of r, and the
dimension of the vector space V is its size.

A stochastic tree series is a tree series r € R((F)) such that r(¢) € [0,1] for all t € T'r
and ), p, 7(t) = 1. For each context ¢ € Cr and each stochastic tree series r, we define

the probability distribution ¢=!r on T'x by [c¢~17](t) = r(c[t]) /Zt’eTf r(c[t']) for all t € Tr.

Theorem 2.1 (Berstel and Reutenauer (1982), Example 4.3, Proposition 5.1). Given a
recognizable forest L, the characteristic series 11, of L, defined by 11(t) =1 ift € L and 0
otherwise, is a rational tree series whose size is polynomial in the number of states of the
minimal deterministic tree automaton (DTA) recognizing L.
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The Hadamard product of two rational tree series is a rational tree series, whose size is
in O(s1s2) (where s1 and so are the sizes of the two series).

MCMC Inference and Metropolis-Hastings. For an introduction to the Metropolis-
Hastings algorithm (MH), see Chib and Greenberg (1995). A discrete time Markov chain is a
sequence of random variables X7, X9, X3, - - - taking their values in a (discrete or) measurable
state space X, which has the Markov property: P(X,+1 € A|X1 = 21, , X, = x,) =
P(Xp+1 € Al X, = zp) := P(zp, A) for all measurable sets A C X. The function P is called
the transition kernel of the Markov chain. For m > 1, we denote by P™ the m-iterated
transition kernel defined by

™, A) = /X Pz, dy) P (y, A)

A probability distribution T With density function f; is called the stationary distribution for
Pif [, fr(z)de = [, fx(x)P(x, A) dz for all measurable sets A, which we write 7 = 7 P. If
is the umque stationary dlstrlbutlon of a Markov chain, then the distribution of the samples
generated by this chain converges to m. Suppose that P has a density function fp(z,y) (i.e.
P(z,A) = [, fp(z,y)dy), then a sufficient condition for 7 to be the stationary distribution
for P is the detailed balance equation: fr(x)fp(z,y) = fr(y)fp(y,z) for all z,y € X.

Markov chain Monte Carlo (MCMC) methods are used to solve integration or opti-
mization problems involving a density function 7 on some state space X, which can be
unnormalized but satisfies 0 < [ » ™ < 0o. MCMC techniques allow one to simulate random
variables X1, Xo,--+, Xy drawn from the normalized density fr( ), Which can be used to
estimate expectation problems of the form E;] =[yf r)dr ~ & Zl  f(X;) and
inference problems of the form arg max,¢ 77( ) ~ arg maxXh,,. Xy T(X5).

A popular MCMC algorithm is the Metropolis-Hastings (MH) algorithm. Let 7(x) =
p(x)/K be a density function on a state space X, where K = [, p(x)dz is the unknown
normalizing constant. The MH algorithm makes it possible to draw samples from 7, pro-
vided that we can evaluate p at any point x € A'. First we choose an arbitrary probability
density function ¢(-,-) on X x X’ from which samples can easily be drawn. Then, given the
current state of the chain z,,, we draw a candidate x* ~ ¢(z,,-) and accept it as the next

state of the chain with probability
o, #*) = min {1, WM(W}

p(zn)q(zn, 2*)

One can show that the transition kernel of the MH algorithm is

Purn (s, A) = /A a(z, )z, y) dy + 1a(z) (1— /X a(z,y)alz,y) dy) (1)

(where 1 4 denotes the characteristic function of the set A) and that it satisfies the detailed
balance equation for the distribution 7.

Linear Programming, Convex Sets and Notations. See Luenberger (2003) for refer-
ences on linear programming. A linear program (LP) is an optimization problem than can
be expressed in the following standard form:

maximize ¢ x
subject to Ax =b and x > 0

(2)
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where x,¢c € R”, A € R™*" and b € R™. A vector x satisfying the constraints in (2) is a
feasible solution. If at most m of its entries are non-zero it is a basic feasible solution, and
if it achieves the maximum value of the objective function (c’x) it is an optimal feasible
solution.

Theorem 2.2 (Fundamental Theorem of Linear Programming). Given a linear program in
standard form (2) where A is an m X n matriz of rank m,

i) if there ezists a feasible solution, there exists a basic feasible solution;

i1) if there exists an optimal feasible solution, there exists an optimal basic feasible solu-
tion.

Let V be a vector space. For any set A C V', the convex hull of A is the smallest convex
set of V containing A, we denote it conv(A). A k-simplex is a k-dimensional polytope which
is the convex hull of its k 4+ 1 vertices. .

For any subset A of a topological space, we denote its closure by A, its interior by A,
and its boundary by 04 = A\ A. For any subset B = {vq,---,vn} of a vector space, we
denote by span(B) the vector space spanned by B.

3. Complexity Study

In this section, we study the complexity of the maximization problem. We want to find a
tree in T which maximizes a non-negative tree series ¢ : Tr — R. We will show that this
problem is undecidable when ¢ is rational, and that it is NP-hard even if the support of ¢ is
finite. We now give a formal definition of the Max-RTS problem and of the other problems
we will use to show this result.

Definition 3.1 (Max-RTS).
Instance: A non-negative rational tree series ¢ and a rational number .
Question: Is there a tree t € supp(¢) such that ¢(t) >~ (resp. >, <, <)?

Definition 3.2 (Max-APA). An acceptor probabilistic automaton (acceptor PA) A of size
n over an alphabet ¥ is a tuple A = ((Ty)sex, ™, n), where for each o € X, T, € R"™" is
a row-stochastic transition matriz, and where w,n € R™ are column vectors with only one
non-zero entry which is equal to one. An acceptor PA assigns an acceptance probability to
each word w = oy -+ - 0y, € ¥*, given by Pa(w) = w1 Tyn where Ty = Ty, - Ty,

The Maz-APA problem is the following:
Instance: An acceptor PA A and a rational number .
Question: Is there a word w € ¥* such that Pa(w) >~ (resp. >, <, <)?

Definition 3.3 (3-SAT).

Instance: A formula ¢ = /\ézl(li\/lé\/lg) in conjunctive normal form, such that each clause
has 3 literals.

Question: Is there a satisfying assignment for p?

It is well known that 3-SAT is NP-complete, and it has been proven in Paz (1971);
Blondel and Canterini (2003) that Max-APA is undecidable.
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Theorem 3.1. The Max-RTS problem is undecidable

Proof. We reduce the Max-APA problem to Max-RTS. Let A = ((T,)sen,®,n) be an
acceptor PA of size n. Let F = {¢} U {d(-)|c € ¥} be a ranked alphabet. Let ¢ be the
rational series on T'r with linear representation (R", u, A), where A is the linear form defined
by A(v) = wlv for all v € R", and where p is defined by u(¢) = n and u(5)(v) = T,V for
each o € 3.

With any word w = w; -+ - wy, € ¥* we associate the tree t,, = wi(wWa(- - W (0))) € Tr.
Check by induction that u(t,) = Twn for all w € X*. Tt follows that A(u(ty)) = 77 pu(te,) =
P4(w), and since every tree over F is of the form ¢, for a word w, we have Pg(w) > ~ if
and only if ¢(t,,) > 7. The proof is similar for the three other inequalities.

O

Theorem 3.2. The Max-RTS problem, with the added constraint that the support of ¢ must
be finite, is NP-hard.

Proof. We reduce 3-SAT to Max-RTS. Let ¢ = /\li:1 C; = /\ﬁzl(li V 15V I4) be an instance
of the 3-SAT problem with variables in Var(yp). We consider the ranked alphabet F =
{1,0,0, f(-,)} U{Ci(-,-,)}_;. For i = 1---1, we define a forest T; C T containing the
trees of the form Cj(b1, be, b3) where each b; € {0,1} and at least one of them is 1, and

Tp = {f(tr, f(t2, (-, f(t1,0)))| Vi s ti € Ti}.

We interpret the labels of the leaves of a subtree ¢; = C;(b1, by, b3) as truth values assigned
to the corresponding literals. Each tree in T, puts at least one literal in every clause to
true, but not every tree defines a valid assignment (since assignments can be contradictory);
and for each valid assignment, there exists a tree in T}, from which it can be deduced.

We define the rational series ¢ by its linear representation (V, u, \):

e V is a vector space with basis {eT,e,e.} U{ex,e—x | z € Var(p)}

e 1 is defined by u(1) = e, u(0) = ey, u(o) = e,, and for any basis vectors eq, ez, €3

2eq ifeg = e,
u(f)(er,e2) =< 2e; if e = e and e = e_; for a literal [ , and
e; + ez otherwise
Z ey + Z e, if{ej,ez,es}N{er,el}#0

ILL(C) (ela €2, e3) = iiej=eT ilej=e
0 otherwise

for each clause C' = [} V la V I3 (where it is understood that e.x = ex for all x €
Var(e)).

e ) is defined on the basis vectors by A(e) =0 if e = e and 1 otherwise
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For a tree t € T, each v; = p(C;(b1,b2,b3)) is the sum of three basis vectors, each
one of them corresponding to a literal which should be set to true by the assignment
(eg. if C =aV-yVz then u(C(0,0,1)) = e-x + ey + e;,). Thus, developing u(t) =
(v, () mu(f)(v1,es))) by multilinearity, we have that p(t) is the sum of 6! basis
vectors, all of them being different from e if and only if there is no contradiction in the
assignment induced by this tree.

Consider the tree series ¢’ = ¢ © 17, (which is rational by Theorem 2.1, with finite
support). It follows from the construction of ¢ that there exists a tree ¢ € supp(¢’) such
that ¢'(t) > 6! (resp. ¢/(t) > 6! — 1) if and only if there exists an assignment satisfying
¢. Since the forest T, is recognizable by a DTA with 3(I 4+ 1) states, the size of the
representation of ¢’ is polynomial in the size of the 3-SAT problem (and so is the encoding
of ). This construction can thus be carried out in polynomial time, hence the NP-hardness
of the Max-RTS problem with finite support for the first two inequalities.

To prove the result for the remaining inequalities, define A by A(e) =1 if e =e; and 0
otherwise, and the series ¢ 1 : t — ¢(t)+1. Consider the rational tree series ¢’ = ¢411© 17,
and check that there exists a tree t € supp(¢’) such that ¢/(t) <1 (resp. ¢'(t) < 2) if and
only if there exists an assignment satisfying ¢. O

We now state two other complexity results of problems related to the representation
space (we omit the proofs of these results due to lack of space):

- Let (V, 1, A) be a representation of a rational tree series ¢. Given a point x in V, can
we find a tree t € supp(¢) such that its projection p(t) in V is in a small ball around x?
One can show that Max-RT'S is Turing-reducible to this problem in polynomial time, which
implies that it is undecidable, and that it is NP-hard when the support of ¢ is finite.

- Given a linear representation (V,pu) of Tr, can we decide whether the application
u: Tr — V is injective? A straightforward reduction from the problem of the freeness of
matrix semi-groups for 3 x 3 matrices with non-negative integer Klarner et al. (1991) shows
that this problem is undecidable.

4. MCMC Inference in the Representation Space

Let ¢ be the non-negative tree series to maximize. We know from the previous section
that finding a tree maximizing ¢ is a difficult problem. In this section, we present two
methods to get an estimate of such a tree. First, we implement the Metropolis-Hastings
algorithm directly in the space of trees (this is in some way a reformulation of the algorithm
proposed in Talton et al. (2011) in our setting). Then, we propose a method to solve this
problem in a representation space: given a linear representation (V,u) of Tx, we propose
a continuous extension ¢ of ¢ to V and an implementation of the MH algorithm targeting
¢ in the representation space V. We end this section by showing the convergence of the
proposed algorithm.

4.1. Metropolis-Hastings in Tr

A first method to get an estimate of a tree maximizing the series ¢ is to implement the
MH algorithm directly in the space of trees, thus constructing a Markov chain in T’r whose
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stationary distribution is proportional to ¢. We only need to define the jump probability
from the current state of the chain ¢t € T'x.

Let 7 be a stochastic tree series, and for each ¢t € T'r, let ¢; be a probability distribution
on the contexts C'r(t) such that g;(c) > 0 for all ¢ € Cz(t). Let ¢ be the current state of the
chain. To generate a new candidate, we first draw a context ¢ € Cz(t) from ¢;(-). We then
draw a new subtree 7/ from ¢ '7(-) and set t* = c[7]. The jump probability from the tree
t to t* is qi(c) - [c ] (7") o q¢(c)m(t*), which leads to the following acceptance probability

oL 6 ()
ot 1) = {1’ o0 ae(e)m () }

We can then run the chain in Tr with the usual acceptance-rejection method while keeping
track of the tree maximizing ¢.

In the particular case were ¢(-) = p(-)L(-) is an unnormalized posterior distribution (p
is the prior and L the likelihood), a possible choice for 7 is the prior p, which simplifies

the acceptance probability to «(t,t*) = min {1, %}. In this context, the algorithm

is similar to the one proposed in Talton et al. (2011).

4.2. Extending ¢ to the Representation Space

Let ¢ be the non-negative tree series to maximize over T'r, and (V, ) be a linear represen-
tation of T. We assume that ¢ is bounded, that its sum over T’r is finite (3 e, ¢(t) < o0)
and that u(Tr) is bounded in V (the first three assumptions are satisfied by any stochastic
tree series, and the linear representation induced by a rational stochastic tree series satisfies
the last one)®.

We want to define a non-negative function ¢ : X — R where u(Tr) C X C V, which
extends ¢ to V. This function ¢ should be such that one of its maximizing points is pu(f)
where £ is a maximizing tree of ¢.

The function ¢ naturally suggests a value for points in p(7'r), but since we cannot assume
that u is injective, we can only require that ¢(u(t)) = max{p(t') : u(t) = u(t'),t' € Tx} for
all t € T=. We now need to extend ¢ to the rest of the representation space, or at least a
subset of it containing u(Tx). A first idea is to define ¢ on conv(u(Tx)) as follows: for a
point x € conv(p(T'r)), consider all the convex combinations ) a;u(t;) that are equal to x
and their corresponding scores Y, a;é(t;), and set ¢(x) equal to the best score. However,
in order to use approximation techniques like the Metropolis-Hastings algorithm in the
representation space, we need @ to be continuous on its domain X (which we would like to
be compact and closed), and we cannot ensure these properties with this definition. In this
section, we first present an alternative definition of @, and we then show that this function
has the desired properties.

Let D =dim(V)+1 and let S = {s1,--- ,sp} C V be the set of vertices of a (D — 1)-
simplex X = conv(S) whose interior X contains w(Tr). Let Ts = {s1,---,sp} be a
set of new symbols, we extend ¢ and p to T'r U Ts by setting ¢(s;) = 0 and u(s;) = s;
for 1 < i < D. We denote by C" the set of all positive vectors of R"” with unit ¢;-norm:
C"={ac[0,1]": > a; = 1}.

1. Note that ¢ does not need to be rational, all the results of this section hold for any non-negative series
over T'r and any linear representation of T that satisfy these assumptions.

130



MAXIMIZING A TREE SERIES IN THE REPRESENTATION SPACE

Definition 4.1. For all non-empty sets of trees T C T, we define the function ¢ : X — R
by

n>0, a€C”
ty-tn€TUTg

¢r(x) = sup {Z (i) x = Oéiu(fi)} 3)
i=1 i=1

We say that a tuple (o, {t1,- -+ ,tn}), where a € C" and {t1,--- ,t,} C TrUTs, is a solution
(of length n) for ¢r(x) if and only if x =Y | a;u(t;) and r(x) = 3| a;p(t;).

Note that if T = {t1,--- ,t,} is finite, then the function ¢z coincides with the objective
function of the following LP problem:

maximize ®7

1 1 1

—

subject to p(s1) ... p(sp) p(t) ..

and o > 0

where ® = (¢(s1),--- ,0(sp), d(t1),- -+, d(t,)) and the unknown « are vectors in RP+7,

The extension of ¢ we propose is the function aT; defined on the set X. Intuitively,
ér- is the smallest concave function such that ¢r,(u(t)) > ¢(¢) for any t € Tr. We now
prove that the function ¢r is a well-defined function for any non-empty 7' C Tz, continuous
on X, and that one of its maximizing points coincides with u(#) for some tree ¢ such that
#(t) = maxyer ¢(t). To make the notations less cluttered, we denote in this section by ¢
the function ¢7 for an arbitrary non-empty set of trees T C T'r.

Proposition 4.1. The function ¢ is a well-defined function, and ¢(u(t)) > ¢(t) for all
telT.

Proof. The set in (3) is non-empty (any x € X’ can be expressed as a convex combination
of points in ) and has a supremum (it is bounded above by maxser, ¢(t)), thus ¢ is a
well-defined function. The second point is a direct consequence of the definition of ¢. [

We now show that the supremum in (3) is always reached, and that for all x € X" there
exists a solution of length D for ¢(x).

Proposition 4.2. Let x € X. If there exists a solution of length n > D for ¢(x), then
there exists a solution of length D for ¢(x).

Proof. Let (a, A) be a solution of length n > D for ¢(x). The vector a is an optimal
feasible solution of the LP problem described in (4) with "= A = {¢1,--- ,t,}, and the
D x (D +n) matrix in this LP problem has rank D. It follows from Theorem 2.2 that there
exists an optimal basic feasible solution from which we can extract a vector 8 € CP and a
subset B C A of cardinality D such that (3, B) is a solution of length D for $(x). O
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Lemma 4.1. Let (t,)n be a sequence in Tr. If the sequence (u(ty))n converges to x &
w(Tr), then lim, ¢(t,) = 0.

Proof. Let € > 0. Since >, p, ¢(t) < oo, the set T. = {t € Tr : ¢(t) > €} is finite.
Moreover, since lim,, u(t,) € u(Tr), each tree t,, appears only a finite number of times in
(tn)n. Consequently, there exists an integer N such that for all n > N we have t,, & T,
hence lim,, ¢(t,) = 0. O

Theorem 4.1. For all x € X, there exists a solution of length D for ¢(x).

Proof. This result is straightforward if the subset of trees T' is finite. Let x € X and suppose
that the supremum in (3) is not reached, this implies that for each (e, {t1, -+ ,t,}) CC*"xT
such that x = 37, a;u(t;), we can find (o, {t},--- ,t/,}) € C" x T such that x = >, o/ u(t})
and Y, a;p(t;) < Y, ah(t;). Thus there exists a sequence (@™),, in CP and sequences (t1'),,
in TUTs for i =1---D such that

D D

Za?u(t?) = x for all n, and hmZa?qﬁ(t?) = ¢(x).

i=1 i=1

Since CP and X are compact, we can extract a subsequence (a"("))n converging to 3 € CP,
and subsequences (,u(t?(n)))n converging to x; € X fori = 1--- D. Let I be the set of indices
i such that x; = p(t;) for a tree t; € T UTs, and J be the set of remaining indices. For all
j € J, it follows from Lemma 4.1 that lim, ¢(t?) = 0, hence ¢(x) = lim, /| af¢(t!) =
>ics Bid(t:). For each j € J we have x; € conv(u(Ts)), thus there exists 47 € CP such
that x; = S Yet(sk). We then have x = 37, ; Bip(ts) + >0 B; S Yip(sk), and

since ¢(sx) = 0 for all s, € Ts, d(x) = >_;c; Bid(ts) + > jes B b fyigzb(sk). We can then
reduce this solution of length (|I|+ D) for ¢(x) to one of length D using Proposition 4.2. [

Corollary 4.1. The function ¢ is concave.

Proof. Let n > 0, a € C" and x,X1,--- ,Xn € X such that x = ", a;x;. For each 1 <
i <mn,let (4% {t, -+ ,t5}) be a solution of length D for ¢(x;). We have x = 1" | a;x;

Yoy o Yo Yip(th), hence G(x) > STy i Yo vig(th) = Y cid(xs).

Corollary 4.2. Let T C Tr and t be a tree in T. If t € argmax,cp ¢(t) then u(t) €
arg max,._y G(x).

O

Proof. Let t € argmax,cp ¢(t). For any x € X, let (a, {t1,- -+ ,tp}) be a solution of length

D for (x), we have ¢(x) = N2 c;p(t;) < ¢(f) < F(u(f)), thus p(f) € argmax,y 3(x).
]

We now study the continuity of ¢ on X.

Theorem 4.2. The function ¢ is continuous on X.
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Proof. We first prove the continuity at a point x¢ € X in the interior of X. Let (Xn)n
be a sequence in X converging to xg. For each n, we can express X, (resp. Xg) as a
convex combination of a point on the boundary of X and xg (resp. xj), i.e. there exist
Qn, Bn € 10,1] and vy, wy, € OX such that

Xn = apXo + (1 —an)vn  and  x¢ = Bpxn + (1 — Bn)Wn (5)
By concavity of ¢ and since ¢(vy) = ¢(wn) = 0 for all n, we can deduce

anl) < ) < 200

On the other hand, by going to the limit in (5) we have (1 — lim,, a,,)(xo — lim, vy) =

(6)

(1—limy, By)(xo — lim, wy) = 0 and since lim,, v, € X (resp. lim, w,, € 0X') and x¢ € 2%,
we have x¢ — lim,, vy, # 0 (resp. x¢ — lim, w, # 0), hence lim,, o, = lim,, 5, = 1 and it
follows from (6) that lim,, ¢(xn) = @(xo).

We now consider the case where xg € 0X is on the boundary of X'. Assume for conve-
nience that xo € conv(p(s1, -+ ,sp-1)) = S and let H = span(u(s1) — p(s2),- -, p(s1) —
u(sp—1)) be the hyperplane parallel to S. Let (xy), be a sequence in X converging to Xg,
and assume that the solution for each ¢(xy) can be written as

Xn = QpVn + (1 - an)wn and (E(Xn) = ana(vn) + (1 - Oén)(g(wn) (7)

where vy, € conv(u(Tr)) and wy € S (this is true as soon as x, gets close enough to xg).
We can then decompose each vy as v, = v5 + v where v5 € S and vi € H', and it
follows from (7) that

Xp — Wn = ap (VS — wy) + apvy (8)
Since the closed set conv(u(Tr)) is a subset of the open set X , we have

v || > min{||xe — Xa| : X0 € conv(u(TF)), x5 € DX} > 0

for all n, hence lim,, |[v|| > 0. Since v3 —wy, € H, by taking the scalar product with v in

(8), we obtain (xp — Wp, vy ) = an||va||2. The left-hand side of this last equality converges
to 0 as n grows to infinity (because xg — wy, € H), which implies lim,, o, = 0 (because
lim,, ||vy|| > 0), hence lim,, ¢(xy) = lim, ¢(wn) = 0 = ¢(x0).

O

4.3. Metropolis-Hastings in the Representation Space

Let 7 be a stochastic tree series whose support is the whole set of trees Tr (i.e. 7(t) > 0
for all t € T'r). For each t € T'r, let ¢; be a probability distribution on the contexts C'x(t)
such that ¢;(c) > 0 for all ¢ € Cx(t). Let (V, ) be a linear representation of T'r.

Instead of using an MCMC algorithm directly in the space of trees Tr, we will use
& to work in the underlying continuous space V. Since the function ¢r is continuous
and non-negative on the compact space X for any T' C T'x, we can define its normalized
counterpart ¢p(-) = ¢7(-)/ [ dr(z)dz. Our algorithm develops a Markov chain in V
targeting the distribution &Tf: while evolving in this space, we construct successive sets
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of trees Ty C To C ---; at each step n, we use the traditional MH acceptance probability
targeting the distribution &Tn, where the jump distribution ¢(-,-) can be any symmetric
density function satisfying infxyecx ¢(x,y) > 0 (e.g. ¢(x,-) is the multivariate normal
distribution truncated to X', with mean x and variance oI).

Let x € X and T C T, for each solution (o, R) for ¢r(x) we define the probability
distribution pa on R = {t1, -+ ,tn} by pa(t;) = 0if t; € Ts and pa(ti) = @i/ D ;. c prr, i
otherwise.

Algorithm 1 Adaptive Metropolis-Hastings in V'

Input: x,€ X, T,={t1,---,tn} CTr

Output: xp41 € X, T11 CTr

: Draw x* ~ q(xn, )

Let (o, R) be a solution for ¢r, (x*)

Draw t € R ~ pqa(+), a context ¢ € Cx(t) ~ q:(-) and 7 € T ~ ¢ 17 ()
tnt+1 < C[T], Thy1 < T U {tn+1}

Accept x* (i.e. Xpt1 < X*, otherwise xp11 < Xn) with probability

(0. %") = min { qﬁTn(x*)q(x*,xn)}:mm {1 o, (x") *>}

¢T, (Xn)q(Xn, X) 7, (Xn)

Algorithm 1 shows how to get the next state of the chain given the current one; to get
an estimate of the tree maximizing ¢, we start with x; and T} = {¢1} chosen randomly, and
evolve the chain in X while keeping track of the tree in 7}, maximizing ¢. This algorithm
is close to the traditional MH algorithm, but at each step the target distribution slightly
changes (qBTl,g%TQ, --+). Such Monte-Carlo algorithms are called adaptive, and their con-
vergence is more tedious to assess than in the traditional case (see Roberts and Rosenthal
(2007)).

4.4. Proof of Convergence

In this section, we prove the following theorem:
Theorem 4.3. The distribution of the X, ’s generated by Algorithm 1 converges to qBTf.

For a set of trees T' C T'r, let Pr denote the transition kernel of the Metropolis-Hastings
algorithm targeting the distribution ¢7 (cf. Eq. 1) and Pp(x, -) denote this transition kernel
starting from x after n steps; for any € > 0 and x € X, we define the quantity

M(x,T) = inf{n > 0: | PE(x,-) = or(-)|lrv < e}

where || PR(x, ) — o7(-)|rv = supacy |PR(x, A) — ¢r(A

)
Theorem 2.1 and Corollary 2.2 in Fort et al. (2012) can be stated as follows: if the
conditions (Al) to (A4) below hold, then lim, . E[f(X,)] = QSTFA( f) for any bounded
continuous function f (i.e. the distribution of the X,,’s converges to ¢r,)

| is the total variation distance.
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(A1) For all T C T, the probability distribution ¢ is such that ¢pPr = ¢p (i.e. ér is
the stationary distribution of the Markov chain with transition kernel Pr).

(A2) The sequence (¢r, )n>1 converges weakly to <ZA>TF P-a.s.
(A3) The sequence (sup,cy || Pr, (2, ) — P, ,(x,-)|l7v)n converges to zero in probability
(A4) For any € > 0, the sequence (M:(X,,,T}))n is bounded in probability

For any T' C Tr, the transition kernel Pr is by construction the MH kernel targeting
qBT, SO (ZBT is the stationary distribution for the Markov chain with transition kernel Pr and
condition (A1) is satisfied.

To prove that (A2) is satisfied, first remark that for any ¢ > 0 we can find a finite
set of trees R = {t;--- ,t;} in T such that ||¢r(-) — ér-()lrvy < e. Since the empty
context can be drawn at line 3 of Algorithm 1 with non-zero probability, any tree t € T'x
can be drawn and added to the current set of trees with non-zero probability; it follows
that the proAbability Athat there exists a step m where T;, 2 R is strictly positive, hence
B(limy oo |62, (1) — b1 ()lrv = 0) = 1.

The only difference between the definition of two successive transition kernels Pr,

and Pr,, are the functions gZ;T , and gZ;Tm, and we have established the weak convergence

m—

of the sequence (¢, )n. It follows that condition (A3) is a direct consequence of condition
(A2).
To prove that the last condition is satisfied, we use the following result.

Theorem 4.4 (Roberts and Rosenthal (2004), Theorem 8). Consider a Markov chain with
transition kernel P and stationary distribution w. Suppose there exist a positive integer ng,
e > 0, and a probability measure v(-) on X such that P"(x,A) > e-v(A) for allx € X and
all measurable set A C X. Then the chain is uniformly ergodic and ||P™(z,-) — n(*)||lrv <
(1 —¢e)l/mol for all x € X.

We first prove the following lemma.

Lemma 4.2. For any set of trees T such that Ty C T C Tr, there exist € > 0 and a
probability measure vp(-) on X such that Pr(x,-) > ¢e-vp(:) for allx € X.

Proof. Let m = miny yex q(x,y) (recall that we have m > 0 by the choice of ¢) and let T
be a set of trees such that Ty C T C T, we know that max ¢r := maxyey ¢r(x) < co. It
follows from the definition of the MH transition kernel (cf. Eq. 1) that for any measurable
set ACX andxe X

Pr(xA)> [ q(x,y>mm{1,@(y>}dy>m or(y) 4

or(x) A max ¢y
We define the probability measure vr(-) by vr(B) = £ [, qﬁT(}g dy for all measurable
- max ¢p
sets B C X, where Z = [, rng%)Tdy. We then have Pr(x,-) > er - vp(-), where ep =

m f Py %dy > 0. As a direct consequence of T3 C T C Tr we have ¢~5T1 < qET <
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q?TP which implies [, b > Jx b1, and max ¢r < max q?Tf. We can then deduce 7 >
meL(X)dyzs* > 0 hence Pp(x,-) >e*-vp(-) forallx e X and Th CT CTr. O
max o7,

It then follows from Theorem 4.4 that || PR(x,-) — ér(-)|lrv < (1—e*)™ for all T} € T C
Tr and n > 1. Hence M.(x,T) < ln(llni_sg*) for all € > 0, which shows that condition (A4) is
satisfied and ends the proof of Theorem 4.3.

5. Experiments

Let F = {f(-,-),a} be a ranked alphabet. We consider a simple mismatch distance d on T'r
which counts the number of differences between two trees (i.e. nodes in the same position
with different labels, and positions for which only one of the two trees has a node; for
example d(f(a,a), f(a, f(a,a))) = 3). Formally, for any trees t1,ta,t3,t4 € Tr, d(a,a) =0,
d(f(tl,tg), f(tg,t4)) = d(tl, t3) + d(t2,t4) and d(f(tl,tg), a) =1+ ‘t1| + ’tz‘, where |t| is the
number of nodes in the tree t.

Given a tree t € Tx, we define the tree series ¢;(-) = exp{—d(t,-)}. We compare the
MH algorithm in the space of trees and Algorithm 1 for the task of retrieving the tree ¢,
which is equivalent to finding the tree maximizing the series ¢;.

Let A be the weighted tree automaton with two states ¢ and g9, initial weights ¢(q1) =
t(g2) = 0.5, and the set of rules

0.9 0.1 0.4 0.6
{Q1 — f(f117Q2)7Q1 —a,q2 — f(Qlez),QQ — a}.

For any tree t € T, let ¢, be the distribution on Cx(t) defined by the following process:
(i) randomly choose an integer h between 1 and the height of ¢, (ii) randomly choose a node
n within the nodes of depth h in ¢, and (iii) replace the subtree rooted in n with $.

For three different target trees £ of different sizes (generated by the automaton A), we
run the MH algorithm in 7’7 and Algorithm 1 to maximize the series ¢; until recovery of
the tree ¢. For both algorithms, we use the distribution induced by the automaton A as the
stochastic tree series 7, and the distribution ¢; to draw a context in C'xz(t). For Algorithm 1,
we use the representation space induced by A and a truncated normal for the distribution
q(+,-) on this space.

The results of this experiment are shown in Figure 1, where we plot the average of
¢;(t) over 500 runs for the best tree found so far as a function of the number of iterations.
This experiment shows that as the task of retrieving ¢ gets more difficult, working in the
representation space leads to better performances.

6. Conclusion

We proposed an algorithm to solve a tree inference problem in a representation space of Tx
and we showed its convergence. In this algorithm, the tree generation process is parallel to
the construction of the Markov chain in the representation space. Unlike the Metropolis-
Hastings algorithm in T which forgets each generated tree, this algorithm uses each one
of them to learn more about the function ¢~5Tf, thus indirectly learning about ¢. In doing
so, we take advantage of the representation space by using it as a foundation on which
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Size of target: 20 nodes Size of target: 90 nodes Size of target: 110 nodes
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Figure 1: Comparison of the MH algorithm in the space of trees (MHTF) and the adaptive
MH algorithm in the representation space (MHYV) for different sizes of .

we progressively build a map, focusing around interesting regions of the space for the tree
generation process.

This work could be extended in several ways. First, the choice of the linear represen-
tation is a key step of this method and hand-crafting it could be a tedious task, we intend
to investigate how this linear representation could be learnt progressively: each generated
tree gives us information on the discriminative power of the representation space, and we
could use this information to modify it while exploring the space. Then, the canonical
representation of rational tree series introduced in Denis and Habrard (2007) induces a
representation space which is tightly linked to the space of contexts, we want to investigate
how this space could be used in a similar fashion. Finally, we want to explore how we could
work in the representation space to solve other learning problems involving trees (e.g. tree
classification). We strongly believe that we can use the representation space as a powerful
tool in this context.
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