Journal of Machine Learning Research 1 (2000) 1-48 Submitted 4/00; Published 10/00

Spectral Learning of Latent-Variable PCFGs: Algorithms
and Sample Complexity

Shay B. Cohen SCOHEN@INF.ED.AC.UK
School of Informatics
University of Edinburgh

Karl Stratos STRATOS@CS.COLUMBIA.EDU
Department of Computer Science
Columbia University

Michael Collins MCOLLINS@QCS.COLUMBIA.EDU
Department of Computer Science
Columbia University

Dean P. Foster DEANQFOSTER.NET
Yahoo! Labs, New York

Lyle Ungar UNGARQCIS.UPENN.EDU
Department of Computer and Information Science
University of Pennsylvania

Editor:

Abstract

We introduce a spectral learning algorithm for latent-variable PCFGs (Matsuzaki et al.,
2005; Petrov et al., 2006). Under a separability (singular value) condition, we prove that
the method provides statistically consistent parameter estimates. Our result rests on three
theorems: the first gives a tensor form of the inside-outside algorithm for PCFGs; the
second shows that the required tensors can be estimated directly from training examples
where hidden-variable values are missing; the third gives a PAC-style convergence bound
for the estimation method.
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1. Introduction

Statistical models with hidden or latent variables are of great importance in natural language
processing, speech, and many other fields. The EM algorithm is a remarkably successful
method for parameter estimation within these models: it is simple, it is often relatively
efficient, and it has well understood formal properties. It does, however, have a major
limitation: it has no guarantee of finding the global optimum of the likelihood function.
From a theoretical perspective, this means that the EM algorithm is not guaranteed to give
statistically consistent parameter estimates. From a practical perspective, problems with
local optima can be difficult to deal with.

Recent work has introduced a polynomial-time learning algorithm for an important case
of hidden-variable models: hidden Markov models (Hsu et al., 2009). This algorithm uses
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a spectral method: that is, an algorithm based on eigenvector decompositions of linear
systems, in particular singular value decomposition (SVD). In the general case, learning of
HMMs is intractable (e.g., see Terwijn, 2002). The spectral method finesses the problem of
intractibility by assuming separability conditions. More precisely, the algorithm of Hsu et al.
(2009) has a sample complexity that is polynomial in 1/0, where ¢ is the minimum singular
value of an underlying decomposition. The HMM learning algorithm is not susceptible to
problems with local maxima.

In this paper we derive a spectral algorithm for learning of latent-variable PCFGs (L-
PCFGs) (Petrov et al., 2006; Matsuzaki et al., 2005). L-PCFGs have been shown to be
a very effective model for natural language parsing. Under a condition on singular values
in the underlying model, our algorithm provides consistent parameter estimates; this is in
contrast with previous work, which has used the EM algorithm for parameter estimation,
with the usual problems of local optima.

The parameter estimation algorithm (see Figure 7) is simple and efficient. The first step
is to take an SVD of the training examples, followed by a projection of the training examples
down to a low-dimensional space. In a second step, empirical averages are calculated on
the training examples, followed by standard matrix operations. On test examples, tensor-
based variants of the inside-outside algorithm (Figures 4 and 5) can be used to calculate
probabilities and marginals of interest.

Our method depends on the following results:

e Tensor form of the inside-outside algorithm. Section 6.1 shows that the inside-outside
algorithm for L-PCFGs can be written using tensors and tensor products. Theorem 3
gives conditions under which the tensor form calculates inside and outside terms
correctly.

e (Observable representations. Section 7.2 shows that under a singular-value condition,
there is an observable form for the tensors required by the inside-outside algorithm.
By an observable form, we follow the terminology of Hsu et al. (2009) in referring to
quantities that can be estimated directly from data where values for latent variables
are unobserved. Theorem 6 shows that tensors derived from the observable form
satisfy the conditions of Theorem 3.

e FEstimating the model. Section 8 gives an algorithm for estimating parameters of the
observable representation from training data. Theorem 8 gives a sample complexity
result, showing that the estimates converge to the true distribution at a rate of 1/ VM
where M is the number of training examples.

The algorithm is strikingly different from the EM algorithm for L-PCFGs, both in its
basic form, and in its consistency guarantees. The techniques developed in this paper are
quite general, and should be relevant to the development of spectral methods for estimation
in other models in NLP, for example alignment models for translation, synchronous PCFGs,
and so on. The tensor form of the inside-outside algorithm gives a new view of basic
calculations in PCFGs, and may itself lead to new models.

In this paper we derive the basic algorithm, and the theory underlying the algorithm.
In a companion paper (Cohen et al., 2013), we describe experiments using the algorithm to
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learn an L-PCFG for natural language parsing. In these experiments the spectral algorithm
gives models that are as accurate as the EM algorithm for learning in L-PCFGs. It is
significantly more efficient than the EM algorithm on this problem (9h52m of training time
vs. 187h12m), because after an SVD operation it requires a single pass over the data,
whereas EM requires around 20-30 passes before converging to a good solution.

2. Related Work

The most common approach for learning of models with latent variables is the expectation-
maximization (EM) algorithm (Dempster et al., 1977). Under mild conditions, the EM
algorithm is guaranteed to converge to a local maximum of the log-likelihood function. This
is, however, a relatively weak guarantee; there are in general no guarantees of consistency
for the EM algorithm, and no guarantees of sample complexity, for example within the PAC
framework (Valiant, 1984). This has led a number of researchers to consider alternatives to
the EM algorithm, which do have PAC-style guarantees.

One focus of this work has been on the problem of learning Gaussian mixture models.
In early work, Dasgupta (1999) showed that under separation conditions for the underlying
Gaussians, an algorithm with PAC guarantees can be derived. For more recent work in this
area, see for example Vempala and Wang (2004), and Moitra and Valiant (2010). These
algorithms avoid the issues of local maxima posed by the EM algorithm.

Another focus has been on spectral learning algorithms for hidden Markov models
(HMMs) and related models. This work forms the basis for the L-PCFG learning algo-
rithms described in this paper. This line of work started with the work of Hsu et al. (2009),
who developed a spectral learning algorithm for HMMs which recovers an HMM’s param-
eters, up to a linear transformation, using singular value decomposition and other simple
matrix operations. The algorithm builds on the idea of observable operator models for
HMMs due to Jaeger (2000). Following the work of Hsu et al. (2009), spectral learning
algorithms have been derived for a number of other models, including finite state transduc-
ers (Balle et al., 2011); split-head automaton grammars (Luque et al., 2012); reduced rank
HMMs in linear dynamical systems (Siddiqi et al., 2010); kernel-based methods for HMMs
(Song et al., 2010); and tree graphical models (Parikh et al., 2011; Song et al., 2011). There
are also spectral learning algorithms for learning PCFGs in the unsupervised setting (Bailly
et al., 2013).

Foster et al. (2012) describe an alternative algorithm to that of Hsu et al. (2009) for
learning of HMMs, which makes use of tensors. Our work also makes use of tensors, and
is closely related to the work of Foster et al. (2012); it is also related to the tensor-based
approaches for learning of tree graphical models described by Parikh et al. (2011) and Song
et al. (2011). In related work, Dhillon et al. (2012) describe a tensor-based method for
dependency parsing.

Bailly et al. (2010) describe a learning algorithm for weighted (probabilistic) tree au-
tomata that is closely related to our own work. Our approach leverages functions ¢ and
1 that map inside and outside trees respectively to feature vectors (see section 7.2): for
example, ¢(t) might track the context-free rule at the root of the inside tree ¢, or features
corresponding to larger tree fragments. Cohen et al. (2013) give definitions of ¢ and
used in parsing experiments with L-PCFGs. In the special case where ¢ and i are identity
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functions, specifying the entire inside or outside tree, the learning algorithm of Bailly et al.
(2010) is the same as our algorithm. However, our work differs from that of Bailly et al.
(2010) in several important respects. The generalization to allow arbitrary functions ¢ and
1 is important for the success of the learning algorithm, in both a practical and theoretical
sense. The inside-outside algorithm, derived in Figure 5, is not presented by Bailly et al.
(2010), and is critical in deriving marginals used in parsing. Perhaps most importantly, the
analysis of sample complexity, given in theorem 8 of this paper, is much tighter than the
sample complexity bound given by Bailly et al. (2010). The sample complexity bound in
theorem 4 of Bailly et al. (2010) suggests that the number of samples required to obtain
|p(t) — p(t)] < e for some tree t of size N, and for some value e, is exponential in N. In
contrast, we show that the number of samples required to obtain Y, [p(t) — p(t)| < € where
the sum is over all trees of size N is polynomial in N. Thus our bound is an improvement
in a couple of ways: first, it applies to a sum over all trees of size IV, a set of exponential
size; second, it is polynomial in N.

Spectral algorithms are inspired by the method of moments, and there are latent-variable
learning algorithms that use the method of moments, without necessarily resorting to spec-
tral decompositions. Most relevant to this paper is the work in Cohen and Collins (2014)
for estimating L-PCFGs, inspired by the work by Arora et al. (2013).

3. Notation

Given a matrix A or a vector v, we write AT or v for the associated transpose. For any
integer n > 1, we use [n] to denote the set {1,2,...n}.

We use R”*! to denote the space of m-dimensional column vectors, and R1*™ to denote
the space of m-dimensional row vectors. We use R" to denote the space of m-dimensional
vectors, where the vector in question can be either a row or column vector. For any row or
column vector y € R, we use diag(y) to refer to the (m x m) matrix with diagonal elements
equal to yp for h = 1...m, and off-diagonal elements equal to 0. For any statement I, we
use [I'] to refer to the indicator function that is 1 if " is true, and 0 if T" is false. For a
random variable X, we use E[X] to denote its expected value.

We will make use of tensors of rank 3:

Definition 1 A tensor C € RU"*™M>*™) 45 g set of m® parameters Cijk for i, j,k € [m].
Given a tensor C, and vectors y' € R™ and y?> € R™, we define C(y',y?) to be the m-
dimensional row vector with components

[CW' )= )., Cijnyjui
je[m],ke[m]

Hence C can be interpreted as a function C : R™ x R™ — RY™™ that maps vectors y' and
y? to a row vector C(y',y?) e RVX™,

In addition, we define the tensor C(y 9) € Rmxmxm) for any tensor C' € RM*Xmxm) ¢
be the function C(y gy : R™ x R™ — R™*1 defined as

[CamW )= D Cijwviy;

i€[m],je[m]
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Similarly, for any tensor C' we define C(y 3) : R™ x R™ — R™ s

[Can@W' )= D, Cijuvivi

ie[m],ke[m]
Note that Cy o) (y',y?) and C13) (y*,y?) are both column wvectors.

For vectors x,y, z € R™, xyTzT is the tensor D € R™*™*"™ where D; j = x;y;j2; (this
is analogous to the outer product: [zy'];; = x;y;).
We use || ... || to refer to the Frobenius norm for matrices or tensors: for a matrix A,

[Al[F = 4/2; ;(Ai;)?, for a tensor C, [|Cl[p = 4/>; ;1(Cijk)? For a matrix A we use

||Al|2,0 to refer to the operator (spectral) norm, ||A||2,, = maxg.o ||Az||2/||z]|2.

4. L-PCFGs

In this section we describe latent-variable PCFGs (L-PCFGs), as used for example by
Matsuzaki et al. (2005) and Petrov et al. (2006). We first give the basic definitions for
L-PCFGs, and then describe the underlying motivation for them.
4.1 Basic Definitions
An L-PCFG is an 8-tuple (NV,Z, P, m,n,t,q, ) where:

e N is the set of non-terminal symbols in the grammar. Z < N is a finite set of in-

terminals. P < N is a finite set of pre-terminals. We assume that N' = Z u P, and
T nP = . Hence we have partitioned the set of non-terminals into two subsets.

e [m] is the set of possible hidden states.
e [n] is the set of possible words.

e Forallae Z, be N, c e N, hy,he,hs € [m], we have a context-free rule a(hy) —
b(h2) c(hs).

e For all a € P, h € [m], x € [n], we have a context-free rule a(h) — =.

e For all a € Z,b € N,c € N, and hy,he,hs € [m], we have a parameter t(a —
bc7h27h3’h1aa)'

e For all a e P, x € [n], and h € [m], we have a parameter ¢(a — z|h,a).

e For all @ € Z and h € [m], we have a parameter m(a,h) which is the probability of
non-terminal a paired with hidden variable h being at the root of the tree.

Note that each in-terminal a € 7 is always the left-hand-side of a binary rule a — b ¢;
and each pre-terminal a € P is always the left-hand-side of a rule ¢ — x. Assuming that the
non-terminals in the grammar can be partitioned this way is relatively benign, and makes
the estimation problem cleaner.
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S; r =S — NP VP

P rg=NP — D N

r3 =D — the

NP, VPs
PN PN r4 =N — dog
D3 Ny Vg P7 rs =VP — VP
\ \ \ \ r¢ =V — saw
the dog saw him 7 =P — him

Figure 1: s-tree, and its sequence of rules. (For convenience we have numbered the nodes
in the tree.)

For convenience we define the set of possible “skeletal rules” as R ={a > bc:a€Z,be
N,ce N}.
These definitions give a PCFG, with rule probabilities

p(a(hl) - b(hQ) C(hg)’a(hl)) = t(a —b C, hQ, h3’h1, a)

and
p(a(h) — zla(h)) = q(a — z[h, a)

Remark 2 In the previous paper on this work (Cohen et al., 2012), we considered an L-
PCFG model where

p(a(hy) — b(h2) c(hs)|a(hy)) = p(a — b c|hi,a) x p(ha|h1,a — bc) x p(hslh1,a — b c)

In this model the random variables ho and hs are assumed to be conditionally independent
given h1 and a — b c.
In this paper we consider a model where

p(a(hl) - b(hz) c(h3)|a(h1)) = t(a —b C, hQ, hg, |h1,a) (1)

That is, we do not assume that the random variables ho and hs are independent when
conditioning on hy and a — bc. This is also the model considered by Matsuzaki et al.
(2005) and Petrov et al. (2006).

Note however that the algorithms in this paper are the same as those in Cohen et al.
(2012): we have simply proved that the algorithms give consistent estimators for the model
form in Eq. 1.

As in usual PCFGs, the probability of an entire tree is calculated as the product of its
rule probabilities. We now give more detail for these calculations.

An L-PCFG defines a distribution over parse trees as follows. A skeletal tree (s-tree) is
a sequence of rules rq...ry where each r; is either of the form ¢ — b ¢ or a — z. The
rule sequence forms a top-down, left-most derivation under a CFG with skeletal rules. See
Figure 1 for an example.

A full tree consists of an s-tree r1...7ry, together with values hy...hy. Each h; is the
value for the hidden variable for the left-hand-side of rule r;. Each h; can take any value in
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Define a; to be the non-terminal on the left-hand-side of rule r;. For any i € [N] such
that a; € Z (i.e., a; is an in-terminal, and rule r; is of the form a — b ¢) define h§2) to be the

hidden variable value associated with the left child of the rule r;, and h§3) to be the hidden
variable value associated with the right child. The probability mass function (PMF) over
full trees is then

p(ri...rn,hi...hy) = m(a1, hy) X H t(n,h?),hz(»g)\hi,ai) X H q(rilhiya;)  (2)

i:a,€L i:a; €P

The PMF over s-trees is p(ry...ry) = Zhlth p(ri...rn,hi...hy).
In the remainder of this paper, we make use of a matrix form of parameters of an
L-PCFG, as follows:

e For cach a — b c e R, we define T4t ¢ e R™*™*X™ t4 he the tensor with values

T35, = tla = be, hy, hsla, h)
e For each a € P, x € [n], we define g, € R'*™ to be the row vector with values

[Qa—>x]h = q(a - CL‘|h, CL)

for h=1,2,...m.

e For each a € Z, we define the column vector 7% € R™*! where [7%];, = 7(a, h).

4.2 Application of L-PCFGs to Natural Language Parsing

L-PCFGs have been shown to be a very useful model for natural language parsing (Mat-
suzaki et al., 2005; Petrov et al., 2006). In this section we describe the basic approach.
We assume a training set consisting of sentences paired with parse trees, which are
similar to the skeletal tree shown in Figure 1. A naive approach to parsing would simply
read off a PCFG from the training set: the resulting grammar would have rules such as

S — NP VP
NP — D N
VP — V NP
D — the
N — dog

and so on. Given a test sentence, the most likely parse under the PCFG can be found using
dynamic programming algorithms.

Unfortunately, simple “vanilla” PCFGs induced from treebanks such as the Penn tree-
bank (Marcus et al., 1993) typically give very poor parsing performance. A critical issue
is that the set of non-terminals in the resulting grammar (S, NP, VP, PP, D, N, etc.) is
often quite small. The resulting PCFG therefore makes very strong independence assump-
tions, failing to capture important statistical properties of parse trees.

In response to this issue, a number of PCFG-based models have been developed which
make use of grammars with refined non-terminals. For example, in lexicalized models
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(Collins, 1997; Charniak, 1997), non-terminals such as S are replaced with non-terminals
such as S-sleeps: the non-terminals track some lexical item (in this case sleeps), in addition
to the syntactic category. For example, the parse tree in Figure 1 would include rules

S-saw — NP-dog VP-saw
NP-dog — D-the N-dog
VP-saw — V-saw P-him

D-the — the

N-dog — dog

V-saw — saw

P-him — him

In this case the number of non-terminals in the grammar increases dramatically, but
with appropriate smoothing of parameter estimates lexicalized models perform at much
higher accuracy than vanilla PCFGs.

As another example, Johnson (1998) describes an approach where non-terminals are
refined to also include the non-terminal one level up in the tree; for example rules such as

S — NP VP

are replaced by rules such as
S-ROOT — NP-S VP-S

Here NP-S corresponds to an NP non-terminal whose parent is S; VP-S corresponds to a VP
whose parent is S; S-ROOT corresponds to an S which is at the root of the tree. This simple
modification leads to significant improvements over a vanilla PCFG.

Klein and Manning (2003) develop this approach further, introducing annotations cor-
responding to parents and siblings in the tree, together with other information, resulting
in a parser whose performance is just below the lexicalized models of Collins (1997) and
Charniak (1997).

The approaches of Collins (1997), Charniak (1997), Johnson (1998), and Klein and
Manning (2003) all use hand-constructed rules to enrich the set of non-terminals in the
PCFG. A natural question is whether refinements to non-terminals can be learned auto-
matically. Matsuzaki et al. (2005) and Petrov et al. (2006) addressed this question through
the use of L-PCFGs in conjunction with the EM algorithm. The basic idea is to allow each
non-terminal in the grammar to have m possible latent values. For example, with m = 8
we would replace the non-terminal S with non-terminals S-1, S-2, ..., S-8, and we would
replace rules such as

S — NP VP

with rules such as
S-4 — NP-3 VP-2

The latent values are of course unobserved in the training data (the treebank), but they can
be treated as latent variables in a PCFG-based model, and the parameters of the model can
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be estimated using the EM algorithm. More specifically, given training examples consisting
of skeletal trees of the form () = ( gz), réz), e ,r](@), fori =1... M, where N; is the number
of rules in the ¢’th tree, the log-likelihood of the training data is

M M
Z logp(rgl) e 7"5\2) = Z log Z p(T%Z) .. r%i, hi...hn;)

where p(r%l) .. .TJ(\Z,E, hi...hy,) is as defined in Eq. 2. The EM algorithm is guaranteed to
converge to a local maximum of the log-likelihood function. Once the parameters of the
L-PCFG have been estimated, the algorithm of Goodman (1996) can be used to parse test-
data sentences using the L-PCFG: see Section 4.3 for more details. Matsuzaki et al. (2005)
and Petrov et al. (2006) show very good performance for these methods.

4.3 Basic Algorithms for L-PCFGs: Variants of the Inside-Outside Algorithm

Variants of the inside-outside algorithm (Baker, 1979) can be used for basic calculations in
L-PCFGs, in particular for calculations that involve marginalization over the values for the
hidden variables.

To be more specific, given an L-PCFGQG, two calculations are central:

1. For a given s-tree ry ...ry, calculate p(ry...ry) = Zhl...hN p(ri...rn b1 ... hy).

2. For a given input sentence z = x; ...z, calculate the marginal probabilities

waij)= >, p(r)
T€T (x):(a5,j)eT
for each non-terminal a € N, for each (i,5) such that 1 < i < j < N. Here T (z)
denotes the set of all possible s-trees for the sentence x, and we write (a,i,j) € 7 if
non-terminal a spans words x; ...z, in the parse tree 7.

The marginal probabilities have a number of uses. Perhaps most importantly, for a
given sentence x = x1 ...xy, the parsing algorithm of Goodman (1996) can be used to find
arg max > p(a,i, )

€T (x) (a,i,j)er

This is the parsing algorithm used by Petrov et al. (2006), for example.! In addition,
we can calculate the probability for an input sentence, p(z) = > 7, P(7), as p(z) =
ZaeI M(aa 1; N)

Figures 2 and 3 give the conventional (as opposed to tensor) form of inside-outside
algorithms for these two problems. In the next section we describe the tensor form. The
algorithm in Figure 2 uses dynamic programming to compute

p(ri...ry) = Z p(ri...rn,h1 ... hy)
b by

1. Note that finding arg max,e7 () p(7), where p(7) = Zhlth p(T,h1...hn), is NP hard, hence the use
of Goodman’s algorithm. Goodman’s algorithm minimizes a different loss function when parsing: it
minimizes the expected number of spans which are incorrect in the parse tree according to the underlying
L-PCFG. We use it while restricting the output tree to be valid under the PCFG grammar extracted
from the treebank. There are variants of Goodman’s algorithm that do not follow this restriction.



S. B. CoHEN, K. STRATOS, M. COLLINS, D. FOSTER AND L. UNGAR

Inputs: s-tree r1...ry, L-PCFG (N,Z,P,m,n,t,q, ), with parameters
e t(a — bec,hy, hslhi,a) for all a — b ce R, hy, ha, hg € [m].
e g(a — z|h,a) for all a € P,x € [n],h € [m]
e m(a,h) forallaeZ, he[m].
Algorithm: (calculate the b’ terms bottom-up in the tree)
e For all i € [N] such that a; € P, for all h € [m], b}, = q(r;|h,a;)

e For all i € [N] such that a; € Z, for all h € [m], b} = Db b t(ri,hg,h3|h,ai)b§2bz3
where [ is the index of the left child of node ¢ in the tree, and v is the index of the
right child.

Return: Y, bi (a1, h) = p(ri...7rN)

Figure 2: The conventional inside-outside algorithm for calculation of p(ry...7N).

for a given parse tree ry...ry. The algorithm in Figure 3 uses dynamic programming to
compute marginal terms.

5. Roadmap

The next three sections of the paper derive the spectral algorithm for learning of L-PCFGs.
The structure of these sections is as follows:

e Section 6 introduces a tensor form of the inside-outside algorithms for L-PCFGs. This
is analogous to the matrix form for hidden Markov models (see Jaeger (2000), and in
particular Lemma 1 of Hsu et al. (2009)), and is also related to the use of tensors in
spectral algorithms for directed graphical models (Parikh et al., 2011).

e Section 7.2 derives an observable form for the tensors required by algorithms of Sec-
tion 6. The implication of this result is that the required tensors can be estimated
directly from training data consisting of skeletal trees.

e Section 8 gives the algorithm for estimation of the tensors from a training sample,
and gives a PAC-style generalization bound for the approach.

6. Tensor Form of the Inside-Outside Algorithm

This section first gives a tensor form of the inside-outside algorithms for L-PCFGs, then
give an illustrative example.

6.1 The Tensor-Form Algorithms
Recall the two calculations for L-PCFGs introduced in Section 4.3:

10
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Inputs: Sentence 1 ...zyN, L-PCFG (N,Z,P,m,n,t,q,m), with parameters
e t(a — bc,hy, hslhi,a) for all a — b c e R, hy, ha, hg € [m].
e g(a — z|h,a) for all a € P,x € [n],h € [m]
e m(a,h) forallaeZ, he[m].
Data structures:
e Each a®/ e R1*™ for a e N, 1 <i < j < N is a row vector of inside terms.
e Each %% e R™*! for ae N, 1 <i < j < N is a column vector of outside terms.
e Each ji(a,i,j) eR forae N, 1 <i < j < N is a marginal probability.

Algorithm: N
(Inside base case) Va € P,i€ [N],he[m] a;"" = qla — z]h, a)
(Inside recursion) Ya € Z,1 < i < j < N,h € [m]

RPN R

k=i a—b c hoe[m] hze[m

(Outside base case) Va € Z, h € [m] BZI" = 7(a,h)
(Outside recursion) Va e N1 < i< j < N,h e [m]

a,z,J 2 Z Z Z t(b — ca, hs,hlha,b) x BZ;”X -Z,;c,z‘q

k=1b—c a hoe[m] hze[m

+ Z Z Z Z (b — a c, h,hs|ha,b) x Bb,z,kxficl,g—&-lk

k=j+1b—a c hoe[m] hze[m]

(Marginals) Vae N1 <i < j <N,

ia,i,j) = a®hi gaii = Z aZMBZJ,J

he[m]

Q

Figure 3: The conventional form of the inside-outside algorithm, for calculation of marginal
terms fi(a, i, 7).

1. For a given s-tree ry ...ry, calculate p(ry...7ry).

2. For a given input sentence z = x; ...z, calculate the marginal probabilities

U(a7i7j) = Z p(T)

T€T (z):(a,i,j)eT

11
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Inputs: s-tree r1...ry, L-PCFG (N,Z, P, m,n), parameters
o Cobe g Rmxmxm) for all g > bece R
o ¢, eRIX™ forall ae P, x e [n]

° c}l e Rmx1) for all a € 7.

Algorithm: (calculate the f! terms bottom-up in the tree)
e For all i € [N] such that a; € P, f' = ¢°

e For all i € [N] such that a; € Z, f* = C"(f?, f7) where § is the index of the left child
of node ¢ in the tree, and + is the index of the right child.

Return: flc} =p(ri...7n)

Figure 4: The tensor form for calculation of p(ry...7N).

for each non-terminal a € N, for each (4,j) such that 1 < i < j < N, where T (z)
denotes the set of all possible s-trees for the sentence x, and we write (a,i,j) € 7 if
non-terminal a spans words x; ...z, in the parse tree 7.

The tensor form of the inside-outside algorithms for these two problems are shown in
Figures 4 and 5. Each algorithm takes the following inputs:

1. A tensor Cobe g Rmxmxm) for each rule a — b c.
2. A vector ¢, e R(*™) for each rule a — .

3. A vector ¢! € R for each a € T.

The following theorem gives conditions under which the algorithms are correct:
Theorem 3 Assume that we have an L-PCFG with parameters qu—g, T ¢, 7@, and that

there exist matrices G¢ € RU™ ™) for all a € N such that each G® is invertible, and such
that:

1. For all rules a — b, Co70¢(yl, y?) = (TP (y'G*,y2G®)) (G*) !
2. For all rules a — z, ¢, = qa—e(G*) ™!

3. ForallaeZ, ¢k = G®

Then: 1) The algorithm in Figure 4 correctly computes p(ry...ryn) under the L-PCFG. 2)
The algorithm in Figure 5 correctly computes the marginals p(a,i,j) under the L-PCFQG.

Proof: see Section A.1. The next section (Section 6.2) gives an example that illustrates
the basic intuition behind the proof. []

12
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Remark 4 It is easily verified (see also the example in Section 6.2), that if the inputs to
the tensor-form algorithms are of the following form (equivalently, the matrices G* for all
a are equal to the identity matrix):

1. For all rules a — b c, Co0¢(yl y?) = T2t e(yl 4?)
2. For all rules a — x, ¢, = ooz

3. ForallaeZ, cl=n°

then the algorithms in Figures 4 and 5 are identical to the algorithms in Figures 2 and 3
respectively. More precisely, we have the identities

i i
h = fh
for the quantities in Figures 2 and 4, and
_a7i7j _ a’i’j
ap — = oy

Bz,i,j _ Bz,i,j
for the quantities in Figures 3 and 5.

The theorem shows, however, that it is sufficient® to have parameters that are equal to
T%b¢ gu_se and ™ up to linear transforms defined by the matrices G* for all non-terminals
a. The linear transformations add an extra degree of freedom that is crucial in what follows
i this paper: in the next section, on observable representations, we show that it is possible
to directly estimate values for C*=0¢, ¢®  and c! that satisfy the conditions of the theorem,
but where the matrices G* are not the identity matrix.

The key step in the proof of the theorem (see Section A.1) is to show that under the
assumptions of the theorem we have the identities

fl' _ bi(Ga)fl

for Figures 2 and 4, and
aaui’j f— daviyj(Ga)_l

Bayi,j _ GaB“’i’j
for Figures 8 and 5. Thus the quantities calculated by the tensor-form algorithms are equiv-
alent to the quantities calculated by the conventional algorithms, up to linear transforms.
The linear transforms and their inverses cancel in useful ways: for example in the output
from Figure 4 we have

/’l/(a7 7;,.]) — aa7i7jl8a7i7j — &a7i7j(Ga>_1Ga8a7i7j — C_k(;;%]lgzﬂ:]
h

showing that the marginals calculated by the conventional and tensor-form algorithms are
identical.

2. Assuming that the goal is to calculate p(r1...rn) for any skeletal tree, or marginal terms p(a, 3, 7).

13
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Inputs: Sentence z; ...zy, L-PCFG (N,Z,P,m,n), parameters C*>0¢ e Rmxmxm) for
alla > bceR, P, e R for all ae P,z e [n], cl e RV for all a € Z.
Data structures:

e Each a®™ e R1*™ for a e N, 1 <i < j < N is a row vector of inside terms.
e Each %% e R™*! for ae N, 1 <i < j < N is a column vector of outside terms.
e Each u(a,i,j)eR forae N, 1 <i<j <N is a marginal probability.

Algorithm:
(Inside base case) Va € P,i€ [N], a®" =cZ,,
(Inside recursion) Vae Z,1 <i < j < N,

j—1

%l = Z Z Ca—>b C(Ozb’i’k,ac’k+1’j)

k=ta—bc

(Outside base case) Va € Z, p%bn" = ¢l

a

(Outside recursion) Va e N1 <i < j <N,

Ba,’l,j _ Z Z Cé)l—éca l@bk,] ackz 1)

k=1b—ca

+ Z Z Cbaac Bb,l,k ac,jJrl,k)

k=j+1b—ac
(Marginals) Va e N,1 <i < j <N,

pla,i,j) = a®hi gobi = Z at}lbwﬂzﬂ,]
he[m]

Figure 5: The tensor form of the inside-outside algorithm, for calculation of marginal terms
pla, i, j).

6.2 An Example

In the remainder of this section we give an example that illustrates how the algorithm in
Figure 4 is correct, and gives the basic intuition behind the proof in Section A.1. While we
concentrate on the algorithm in Figure 4, the intuition behind the algorithm in Figure 5 is
very similar.

Consider the skeletal tree in Figure 6. We will demonstrate how the algorithm in
Figure 4, under the assumptions in the theorem, correctly calculates the probability of
this tree. In brief, the argument involves the following steps:

14
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S1
/\ r=8S —> NPV
NP, Vs 79 =NP — D N
PN \ r3 =D — the
D3 Ny sleeps ry =N — dog

| rs =V — sleeps

the dog

Figure 6: An s-tree, and its sequence of rules. (For convenience we have numbered the

1.

nodes in the tree.)

We first show that the algorithm in Figure 4, when run on the tree in Figure 6,
calculates the probability of the tree as

S—>NPV ~NP—D N/ o 0 0 1
C (C (CD—>th67 CN—>dag)7 CV—»sleeps)cS

=, terms for the

leaves, C%~b ¢ terms for each rule production a — b ¢ in the tree, and a cls term for
the root.

Note that this expression mirrors the structure of the tree, with ¢

. We then show that under the assumptions in the theorem, the following identity holds:

S—NPV  ~NP—D N ,© 0 0 1
C (C (CDche? CNHdog)v CVHsleeps)CS

TS_)NP V(TNP_)D N(QDchea QNHdog)7 qvasleeps)ﬂ's (3)

This follows because the G and (G%)~! terms for the various non-terminals in the
tree cancel. Note that the expression in Eq. 3 again follows the structure of the tree,
but with g4, terms for the leaves, 7% ¢ terms for each rule production a — b ¢ in
the tree, and a 7° term for the root.

. Finally, we show that the expression in Eq. 3 implements the conventional dynamic-

programming method for calculation of the tree probability, as described in Eqgs. 11-13
below.

We now go over these three points in detail. The algorithm in Figure 4 calculates the
following terms (each f* is an m-dimensional row vector):

3 _ 0
7 = Dothe
4 _ 0
f - cNHdog
5 _ 0
f - CV—»sleeps

f2 _ CNP—>D N(f37f4)
fl _ CS—)NP V(f2, f5)

The final quantity returned by the algorithm is

fles =Y falesln
h

15
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Combining the definitions above, it can be seen that

11 S—>NPV ~NP—D N 1
f Cs = C (C (Colgathm Cﬁ%dog)? C%ﬁsleeps)cs
demonstrating that point 1 above holds.

Next, given the assumptions in the theorem, we show point 2, that is, that

S—>NPV  NP—D N/ o 0 0 1
C (C (CD—>the’ CN—»dog)’ cV—>sleeps)CS

TS%NP V(TNPHD N(QD—nfhea QN—>dog)’ qv—>sleeps)7rs (4)

This follows because the G* and (G%)~! terms in the theorem cancel. More specifically, we
have

-1

f3 = CDosthe = QDﬁthe(GD) (5)
Y= Rty = IN—dog(GN) 7! (6)
P = steeps = Wssleeps(GY) (™)
P2 ONPEDN(fB ) pNPSDN (e (GNP 8)
fro= CFNPV(f2 ) = TS NEV(TNP=D N (G e, N—sdog)s @V —steeps) (GZ) 7 (9)

Egs. 5, 6, 7 follow by the assumptions in the theorem. Eq. 8 follows because by the assump-
tions in the theorem

CNP—)DN(fB f4) _ TNP—)DN(fSGD f4GN)(GNP)—l
hence

CNP=DN(p3 g4y = PNP=DN(gh 0 (GPYTIGP  gn o (GN) TGN (GNP Y

TNP=P N (gD sther AN —dog) (GNT) !

Eq. 9 follows in a similar manner.
It follows by the assumption that cg = G that
S—>NPV ~ANP—-D N 1
C (C (c%—%he? C%—uiog)? CO&—»sleeps)CS

TSHNP v (TNPHD N (QD—>thev QN—>dog)7 qvasleeps) (Gs)ileﬂ'S

TSHNP V(TNPHD N(QDchev QNHdog)a qvasleeps)ﬂ's (10)

The final step (point 3) is to show that the expression in Eq. 10 correctly calculates the
probability of the example tree. First consider the term TNP=P N (qp_ine, qN—dog)—this
is an m-dimensional row vector, call this b>. By the definition of the tensor TNF—=P N
have

we

dD—the qN—>dog)] h

= ) t(NP — D N, hg, hs|h, NP) x q(D — the|ha, D) x q(N — dog|hs, N) (11)
ha,h3
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By a similar calculation, 4D—thes UN—dog), qV—sleeps)—call this vector

bl—is
bj, = Y. t(S — NPV, hy, hg|h,S) x b}, x ¢(V — sleeps|hs, V) (12)
ha,h3

Finally, the probability of the full tree is calculated as
2. b (13)
h

It can be seen that the expression in Eq. 4 implements the calculations in Eqgs. 11, 12
and 13, which are precisely the calculations used in the conventional dynamic programming
algorithm for calculation of the probability of the tree.

7. Estimating the Tensor Model
Ca—>bc 0

A crucial result is that it is possible to directly estimate parameters , ¢, and cl
that satisfy the conditions in Theorem 3, from a training sample consisting of s-trees (i.e.,
trees where hidden variables are unobserved). We first describe random variables underlying

the approach, then describe observable representations based on these random variables.

7.1 Random Variables Underlying the Approach

Each s-tree with N rules ry...ry has N nodes. We will use the s-tree in Figure 1 as a
running example.

Each node has an associated rule: for example, node 2 in the tree in Figure 1 has the
rule NP — D N. If the rule at a node is of the form a — b ¢, then there are left and right
inside trees below the left child and right child of the rule. For example, for node 2 we have
a left inside tree rooted at node 3, and a right inside tree rooted at node 4 (in this case the
left and right inside trees both contain only a single rule production, of the form a — x;
however in the general case they might be arbitrary subtrees).

In addition, each node has an outside tree. For node 2, the outside tree is

S
/\
NP VP
/\
Vv P
\ \
saw him

The outside tree contains everything in the s-tree ri...ry, excluding the subtree below
node 1.

Our random variables are defined as follows. First, we select a random internal node,
from a random tree, as follows:

e Sample a full tree r1...7xN, k1 ... Ay from the PMF p(ry...7rN,h1 ... hN).

e Choose a node i uniformly at random from [V].

If the rule r; for the node 7 is of the form a — b ¢, we define random variables as follows:

17
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e R; is equal to the rule r; (e.g., NP — D N).

e T is the inside tree rooted at node i. T5 is the inside tree rooted at the left child of
node ¢, and T3 is the inside tree rooted at the right child of node 1.

e Hy, Hy, H3 are the hidden variables associated with node i, the left child of node ¢,
and the right child of node i respectively.

e Aq, Ay, As are the labels for node 4, the left child of node 4, and the right child of node
i respectively. (E.g., A1 = NP, Ay =D, A3 =N.)

e O is the outside tree at node <.
e B is equal to 1 if node i is at the root of the tree (i.e., i = 1), 0 otherwise.

If the rule r; for the selected node i is of the form a — x, we have random variables
Ry, T1,Hy,A1,0, B as defined above, but Hy, Hs, T, T3, Ao, and Az are not defined.

We assume a function v that maps outside trees o to feature vectors (o) € R?. For
example, the feature vector might track the rule directly above the node in question, the
word following the node in question, and so on. We also assume a function ¢ that maps
inside trees t to feature vectors ¢(t) € R%. As one example, the function ¢ might be an
indicator function tracking the rule production at the root of the inside tree. Later we give
formal criteria for what makes good definitions of (o) and ¢(¢). One requirement is that
d >m and d = m.

In tandem with these definitions, we assume projection matices U® € R(@xm) and Vo e
R@*m) for all a € M. We then define additional random variables Y7, Ys, Y3, Z as

Vi = U™)T¢(T1) Z = (V") (0)
Ya = (U2)T¢(Ta) Y3 = (U*)T¢(T3)

where a; is the value of the random variable A;. Note that Y7, Y2, Y3, Z are all in R™.

7.2 Observable Representations

Given the definitions in the previous section, our representation is based on the following
matrix, tensor and vector quantities, defined for all a € N, for all rules of the form a — b c,
and for all rules of the form a — x respectively:

e = E[Y1ZT|A1 = al
Daabc = E [[[Rl =a—b CHZY2T}/3T|A1 = a]
d® _ E[[[Rl :a—>x]]ZT|A1 za]

a—x

Assuming access to functions ¢ and ¢, and projection matrices U® and V¢, these quantities
can be estimated directly from training data consisting of a set of s-trees (see Section 8).
Our observable representation then consists of:

Ca%b C(yl7 y2) _ Da%b C(yla y2)(2a)71 (14)
czoax = d?toax(za)il (15)
cy = E[[4 =d]Yi|B=1] (16)

18



SPECTRAL LEARNING OF L-PCFGs: ALGORITHMS AND SAMPLE COMPLEXITY

We next introduce conditions under which these quantities satisfy the conditions in Theo-
rem 3.
The following definition will be important:

Definition 5 For all a € N, we define the matrices I* € R*™) gnd Jo e R(@*m) 44
[1%)in = El¢i(Th) | Hi = h, Ay = a]

[J*]in = E[¢:(O) | Hi = h, Ay = a]
In addition, for any a € N, we use v* € R™ to denote the vector with vf = P(Hy = h|A; =

a).

The correctness of the representation will rely on the following conditions being satisfied
(these are parallel to conditions 1 and 2 in Hsu et al. (2009)):

Condition 1 Va € N, the matrices I* and J* are of full rank (i.e., they have rank m).
For alla e N, for all h € [m], ~ > 0.

Condition 2 Ya € N, the matrices U* € R gnd Vo e REXM) gre such that the
matrices G* = (U*)TI* and K* = (V)T J% are invertible.

We can now state the following theorem:

Theorem 6 Assume conditions 1 and 2 are satisfied. For alla € N, define G* = (U*)TI°.
Then under the definitions in Eqs. 14-16:

1. For all rules a — b c, Co70¢(y!, y?) = (TP (y*G*,y2G*)) (G*) !
2. For all rules a — , ¢, = qa—a(G*) L.

3. Forallae N, ¢, = Gn®

Proof: The following identities hold (see Section A.2):

Dyt ) = (T“*”C(yle,yQGc)) diag(y") (K“)" (17)
Aoy = a—adiag(y")(K")T (18)

2 = Gdiag(y")(K*)T (19)

= q'n° (20)

Under conditions 1 and 2, ¥¢ is invertible, and (£¢)~! = ((K%)")~!(diag(y*))~1(G*)~!.
The identities in the theorem follow immediately. []

This theorem leads directly to the spectral learning algorithm, which we describe in the
next section. We give a sketch of the approach here. Assume that we have a training set
consisting of skeletal trees (no latent variables are observed) generated from some under-
lying L-PCFG. Assume in addition that we have definitions of ¢, 1, U* and V* such that
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conditions 1 and 2 are satisfied for the L-PCFG. Then it is straightforward to use the train-
ing examples to derive i.i.d. samples from the joint distribution over the random variables
(A1, R1,Y1,Y5,Y3, Z, B) used in the definitions in Eqs. 14-16. These samples can be used
to estimate the quantities in Eqs. 14-16; the estimated quantities Co—b ¢, ¢*, . and &l can
then be used as inputs to the algorithms in Figures 4 and 5. By standard arguments, the
estimates C¢0 ¢, ¢? . and ¢ will converge to the values in Eqs. 14-16.

The following lemma justifies the use of an SVD calculation as one method for finding

values for U® and V* that satisfy condition 2, assuming that condition 1 holds:
Lemma 7 Assume that condition 1 holds, and for all a € N define
Q" = E[¢(T1) (4(0)) " |41 = d] (21)

Then if U is a matriz of the m left singular vectors of Q* corresponding to non-zero singular
values, and V% is a matriz of the m right singular vectors of Q* corresponding to non-zero
singular values, then condition 2 is satisfied.

Proof sketch: It can be shown that Q% = [?diag(7?)(J%)T. The remainder is similar to
the proof of lemma 2 in Hsu et al. (2009). [J

The matrices 2% can be estimated directly from a training set consisting of s-trees,
assuming that we have access to the functions ¢ and . Similar arguments to those of Hsu
et al. (2009) can be used to show that with a sufficient number of samples, the resulting
estimates of U% and V¢ satisfy condition 2 with high probability.

8. Deriving Empirical Estimates

Figure 7 shows an algorithm that derives estimates of the quantities in Eqs 14, 15, and
16. As input, the algorithm takes a sequence of tuples (r(i’l),t(i’l),t(i’Q),t(i’3), o0, b(i)) for
i€ [M].

These tuples can be derived from a training set consisting of s-trees 7y ... 7y as follows:

e Vi € [M], choose a single node j; uniformly at random from the nodes in 7;. Define
(1) to be the rule at node j;. (1) is the inside tree rooted at node j;. If #(#1) is of the form
a — b e, then t2) is the inside tree under the left child of node Ji, and t(3) is the inside
tree under the right child of node j;. If r(Y is of the form a — =z, then ¢(+2) = ¢(i:3) = NULL.
o) is the outside tree at node j;. b is 1 if node j; is at the root of the tree, 0 otherwise.

Under this process, assuming that the s-trees 7 ... s are i.i.d. draws from the distribu-
tion p(7) over s-trees under an L-PCFG, the tuples (r(01), (1) ¢(:2) 1G3) o) p()) are i.i.d.
draws from the joint distribution over the random variables Ry, 717,715,713, 0, B defined in
the previous section.

The algorithm first computes estimates of the projection matrices U* and V*: following
Lemma 7, this is done by first deriving estimates of %, and then taking SVDs of each Q.
The matrices are then used to project inside and outside trees @1 4(6:2) 4(63) (D) down to
m-dimensional vectors y(i1), ¢(#2) 4(@3) (D). these vectors are used to derive the estimates

of Cob¢ ¢ and c!. For example, the quantities

pe=bte R [[[Rl =a—b CHZY2TY'3T|A1 = CL]
dr,, = E[[Ri=a—2]Z"|A =ad]

a—x
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can be estimated as

M
‘Daﬁbc =4, x Z[[T(i,l) —a—b cﬂz(i)(y(i,Z))T(y(i,?;))T
=1

700
da—>z

M
=0, X Z[r(i’l) =a— x}](z(i))—r
=1

where 8, = 1/ 3™ [a; = a], and we can then set
Cﬁa%b C(y17 y2) _ Daab C(y1’ y2)(ia)71

JNoo) _ jo0
caﬁx - da%:c

(=)~
We now state a PAC-style theorem for the learning algorithm. First, we give the fol-

lowing assumptions and definitions:

e We have an L-PCFG (N,Z,P,m,n,t,q,7). The samples used in Figures 7 and 8 are
ii.d. samples from the L-PCFG (for simplicity of analysis we assume that the two

algorithms use independent sets of M samples each: see above for how to draw i.i.d.
samples from the L-PCFG).

e We have functions ¢(t) € R and ¢ (o) € R that map inside and outside trees respec-
tively to feature vectors. We will assume without loss of generality that for all inside
trees ||o(t)||2 < 1, and for all outside trees ||¢(0)|]2 < 1.

e See Section 7.2 for a definition of the random variables (Ry, 11, 1%, T3, A1, Ag, As, H1, Ha, H3, O, B),
and the joint distribution over them.

e For all a € NV define
Q" = E[¢(T1)(¥(0)) A1 = d

and define I* € R¥*™ to be the matrix with entries
[1°]in = E[¢:(T1)|A1 = a, Hy = h]
e Define
o = min g, (Q%)
a

and
§= Hlain om(I%)
where 0,,(A) is the m’th largest singular value of the matrix A.
e Define
1= a,b,ceN,iT;%hge[m] t(a — b, ha, hsla, hi)

e Define T (a, N) to be the set of of all skeletal trees with N binary rules (hence 2N + 1
rules in total), with non-terminal a at the root of the tree.
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The following theorem gives a bound on the sample complexity of the algorithm:

Theorem 8 There exist constants C1,Co,Cs, Cy,C5 such that the following holds. Pick
any € > 0, any value for § such that 0 < § < 1, and any integer N such that N > 1.
Define L = log 2|N5¢. Assume that the parameters Cob¢, éx . and ¢k are output from

the algorithm in Figure 7, with values for Ny, M, and R such that

C1LN?m? CoLN?m?*n
V(IGI,NQ>W VGGP,NQ>T
C3LN?m? C4LN?m?
VaeI,Ma>W VCLEP,MaZW
C5LN?m?
B> =am

It follows that with probability at least 1 — 0, for all a € N,

D11 —p(t)] < e
teT (a,N)
where p(t) is the output from the algorithm in Figure 4 with parameters Ca—b ¢, ¢, and
¢l and p(t) is the probability of the skeletal tree under the L-PCFQG.
See Appendix B for a proof.

The method described of selecting a single tuple (7‘("71), (1) 3(6:2) 4(0.3) () b(i)) for each
s-tree ensures that the samples are i.i.d., and simplifies the analysis underlying Theorem 8.
In practice, an implementation should use all nodes in all trees in training data; by Rao-
Blackwellization we know such an algorithm would be better than the one presented, but
the analysis of how much better would be challenging (Bickel and Doksum, 2006; section
3.4.2). It would almost certainly lead to a faster rate of convergence of p to p.

9. Discussion

There are several applications of the method. The most obvious is parsing with L-PCFGs
(Cohen et al., 2013).> The approach should be applicable in other cases where EM has
traditionally been used, for example in semi-supervised learning. Latent-variable HMMs
for sequence labeling can be derived as special case of our approach, by converting tagged
sequences to right-branching skeletal trees (Stratos et al., 2013).

In terms of efficiency, the first step of the algorithm in Figure 7 requires an SVD cal-
culation: modern methods for calculating SVDs are very efficient (e.g., see Dhillon et al.,
2011 and Tropp et al., 2009). The remaining steps of the algorithm require manipulation
of tensors or vectors, and require O(Mm3) time.

The sample complexity of the method depends on the minimum singular values of Q¢;
these singular values are a measure of how well correlated i and ¢ are with the unobserved

3. Parameters can be estimated using the algorithm in Figure 7; for a test sentence x1...xn we can first
use the algorithm in Figure 5 to calculate marginals p(a, 4, j), then use the algorithm of Goodman (1996)

to find arg max e (a) Z(aﬂ»’j)ef wla,, j).
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Inputs: Training examples (r(i’l),t(i’l),t(i’2),t(i’3),o(i),b(i)) for i € {1... M}, where p(6:1)
is a context free rule; ¢V, ¢(2) and t(43) are inside trees; o is an outside tree; and
b(") = 1 if the rule is at the root of tree, 0 otherwise. A function ¢ that maps inside trees
t to feature-vectors ¢(t) € R%. A function ¢ that maps outside trees o to feature-vectors

¥(0) € RY.

Definitions: For each a € N, define N, = Zij\il[[ai = a]]. Define R = Zf\ilﬂb(i) = 1].
(These definitions will be used in Theorem 8.)

Algorithm:

Define a; to be the non-terminal on the left-hand side of rule (1. If 71 ig of the form
a — b ¢, define b; to be the non-terminal for the left-child of (1), and ¢; to be the non-
terminal for the right-child.

(Step 0: Singular Value Decompositions)

e Use the algorithm in Figure 8 to calculate matrices Ue e Rldxm) ya ¢ R(dxm) ang
2o e RMX™M) for each a € N.

(Step 1: Projection)

e Forallie compute y(&l) = ([j’ai)Tgb(t(i,l))‘

A~

such that r(®1) is of the form a — b ¢, compute y(#2) = (U%)Tp(¢(H2))

[M],
e For all i € [M]
= (U)To(t).

and y(3)
e For all i € [M], compute z() = (V) (o).
(Step 2: Calculate Correlations)
e For each a € N, define 6, = 1/ M [a; = a]

e For each rule a—be, compute Db = dg X Zi\il[r(i’l) =
a— b c]z0 (y )T (yE)T

e For each rule a — x, compute d2,, = 6, x Y02 [rD) = @ — 2] (z())T
(Step 3: Compute Final Parameters)

o Foralla —be, Co0(yt,y?) = Dombe(yl,y?)(89) 7!

e Foralla— z,é*,, =d°, (297!

DM [ai=a and b® =1]y 1)
M b=1]

e ForallaeZ, ¢l =

Figure 7: The spectral learning algorithm.
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Inputs: Identical to algorithm in Figure 7.

Definition: For each a € N, define M, = Zf\i 1[a; = a] (this definition will be used in
Theorem 8).

Algorithm:

e For each a € N, compute % € R

go _ Simalas = alp(t®D) ((0?)T
St lai = d]

and calculate a singular value decomposition of Qe.

e For each a € N, define U € R™*4 o be a matrix of the left singular vectors of Qo
corresponding to the m largest singular values. Define Ve e R™*? o be a matrix of
the right singular vectors of Qo corresponding to the m largest singular values. Define
i}a _ (0a)TQaVa_

4
(dxd") as

Figure 8: Singular value decompositions.

hidden variable Hy. Experimental work is required to find a good choice of values for
and ¢ for parsing.

For simplicity we have considered the case where each non-terminal has the same num-
ber, m, of possible hidden values. It is simple to generalize the algorithms to the case where
the number of hidden values varies depending on the non-terminal; this is important in
applications such as parsing.
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Appendix A. Proofs of Theorems 1 and 2
This section gives proofs of theorems 3 and 6.
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A.1 Proof of Theorem 3

The key idea behind the proof of Theorem 3 is to show that the algorithms in Figures 4 and 5
compute the same quantities as the conventional version of the inside outside algorithms,
as shown in Figures 2 and 3.

First, the following lemma leads directly to the correctness of the algorithm in Figure 4:

Lemma 9 Assume that conditions 1-3 of Theorem 3 are satisfied, and that the input to the
algorithm in Figure J is an s-tree ri...rn. Define a; for i € [N] to be the non-terminal
on the left-hand-side of rule r;. For all i € [N], define the row vector b* € RXM) 4o pe
the vector computed by the conventional inside-outside algorithm, as shown in Figure 2,
on the s-tree r1...ry. Define fi e REX™M) to be the vector computed by the tensor-based
inside-outside algorithm, as shown in Figure 4, on the s-tree r1...TxN.

Then for alli € [N], f* = b"(G@) =1, It follows immediately that

el = bH(GENTIGU g, = blr,, = Zb,lﬂr(a, h)
h

Hence the output from the algorithms in Figures 2 and 4 is the same, and it follows that

the tensor-based algorithm in Figure 4 is correct.

This lemma shows a direct link between the vectors f calculated in the algorithm, and
the terms b};, which are terms calculated by the conventional inside algorithm: each f* is a
linear transformation (through G%) of the corresponding vector b'.

Proof: The proof is by induction.

First consider the base case. For any leaf—i.e., for any i such that a; € P—we have
bi = q(ri|h,a;), and it is easily verified that f* = b*(G(@))~1,

The inductive case is as follows. For all i € [N] such that a; € Z, by the definition in
the algorithm,

fo= )
(747G, e (6!

Assuming by induction that f# = b%(G(@))~1 and f7 = b7(G(®))~1, this simplifies to
= (o0 m) @ (22)
By the definition of the tensor 177,

0], = X e ol LB,

hge[m] ,hge[m]

But by definition (see the algorithm in Figure 2),

b;L - Z t(T’i,hQ’h3|ai7h)b£2bZ3
ha€[m],hze[m]

hence b* = T7(b%,b7) and the inductive case follows immediately from Eq. 22. O
Next, we give a similar lemma, which implies the correctness of the algorithm in Figure 5:
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Lemma 10 Assume that conditions 1-3 of Theorem 3 are satisfied, and that the input to
the algorithm in Figure 5 is a sentence x1...xn. For anya e N, for any1 <i < j < N,
define a® e RIxm) - gaii ¢ ROW) gnd fi(a,i,j) € R to be the quantities computed
by the conventional inside-outside algorithm in Figure 3 on the input x1...xn. Define
aid e RUIXm) - gaii ¢ RMWXD) gnd y(a,i,j) € R to be the quantities computed by the
algorithm in Figure 3.

Then for all i € [N], a®" = a®"(G*)~! and B+ = G*B¥H. It follows that for all
(ai.]),

,u(a,z',j) _ aa,i,jﬁa,i,j _ aa,i,j(Ga)—lGaBa,i,j = g% z,jgazy _ 'u(a i ])

Hence the outputs from the algorithms in Figures 3 and 5 are the same, and it follows that
the tensor-based algorithm in Figure 5 is correct.

Thus the vectors a®® and %%/ are linearly related to the vectors a®*J and %%/, which
are the inside and outside terms calculated by the conventional form of the inside-outside
algorithm.

Proof: The proof is by induction, and is similar to the proof of Lemma 9.

First, we prove that the inside terms satisfy the relation %/ = %%/ (G*)~!

The base case of the induction is as follows. By definiton, for any a € P,i € [N], h € [m],
we have ay™ = g(a — x;|h,a). We also have for any a € P,i € [N], a®" = ¢, =
Gaz; (GY) 7L, Tt follows directly that a®%t = a®%¢{(G*)~! for any a € P,i € [N].

The inductive case is as follows. By definition, we have Va € Z,1 <i < j < N,h € [m]

7a,z,] _ Z 2 Z Z a — b c, hg,h3|h,a) X Ot%%k X *Z;er,]

k= lehQE[ ]h3€ ]

We also have Vae 7,1 <i < j < N,

j—1
D YD et e 29)

k=i b,c

-1
_ JZ: Z <Ta—>b C(ab,i,ka’ ac,k+1,jGC)) (Ga)—l (24)

k=i b,c
-1

_ 2 Z <Ta—>b c(&b,i,k’ &c,k+1,j> (Ga)—l (25)
k=i b,c

= a® (@M (26)

Eq. 23 follows by the definitions in algorithm 5. Eq. 24 follows by the assumption in the
theorem that

Caﬁb C(y1’ y2) _ (Taab c(yle, y2G0)> (Ga)fl
Eq. 25 follows because by the inductive hypothesis, a?®* = ozb””k(Gb)_1 and a®Fthi —

ack+1i(Ge)~1. Eq. 26 follows because

[7e=be(@h it aok+19)| = 3 ta > beha, hafh, a)ati et

h ha,h3
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hence
j—1

Z ZTa—w C(&b,i,k’ dc,kﬂ,j) = g

k=i b,c

We now turn the outside terms, proving that %% = G*B%J. The proof is again by

induction.

The base case is as follows. By the definitions in the algorithms, for all a € Z, f%1" =

¢t = G7% and for all a € Z, h € [m], "™ = 7(a, h). Tt follows directly that for all a € Z,
l@a,l,n _ GaBa,l,n'
The inductive case is as follows. By the definitions in the algorithms, we have Va €
N,1<i<j<N,he[m]
Ba7i7j p— ,-y]‘ a7l7] + ,72 a77/7]
) =

where

1az,3_2 Z 2 Z t(b — ca, hg, h|ho, )XBZ;MX@ZM '

k=1b—c a hae[m] hze[m

2al,] _ Z Z Z Z b—> ac,h, h3|h2, ) % Bzz,k % aicl,gj-&-l,k

k=j+1b—a c hae[m] hze[m

and Vae N,1<i<j <N,
i—1
"7 A = b— b7k7 j 7k7' 1 b— b, ,k} s, +1,]{:
i S Chgt e« 3 S g
k=1b—ca k=j+1b—ac

Critical identities are

Z b—»ca 51)](?,] ac,k,i—l) _ Ga,yl#l,i»j (27)

Z baacBb,z,k ac,j+1,k) _ Ga,yza,i,j (28)

2,
2

from which %%/ = G¢%%J follows immediately.
The identities in Eq. 29 and 30 are proved through straightforward algebraic manipula-
tion, based on the following properties:

e By the inductive hypothesis, g%%7 = GbF0*J and poiFk = GPBbHF,

e By correctness of the inside terms, as shown earlier in this proof, a®*i—1 = ge&ki=1 (Go)—1

aCi+Lk = geg+lk(Ge)-1

e By the assumptions in the theorem,
Ca—>b C(yl’ y2) _ (Ta—>b C(yle’ y2G0)> (Ga)—l
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It follows (see Lemma 11) that
C?ﬁga(ﬁb,k,j’ac,k,ifl) = G ( (blzga((Gb)flﬁb,k,j’ ac,k,iflGC)>
= Q@ ( (1)13():(1(61)7k7j> dc,k,i—l))
and

Cé’l—gc; c(ghik oedtlRy — Ga (T(bl—ét)z C(Bb,i,k’@c,jﬂ,k))

O
Finally, we give the following Lemma, as used above:

Lemma 11 Assume we have tensors C € R™M*™*M gnd T € R™*™X™ gych that for any
vy, ) .
Cy*y’) = (T(y*A,y°B)) D

where A, B, D are matrices in R™*™. Then for any y',y?,
C'(1,2) (yl,yQ) =B (T(1,2)(Dy179214)) (29)

and for any y',y3,
CamW',y*) = A(Tus(Dy',y°B)) (30)

Proof: Consider first Eq. 29. We will prove the following statement:
vl v’ v, v Caa W' y?) = ¥PB (T2 (Dy', v A))
This statement is equivalent to Eq. 29.
First, for all y*,y?,y®, by the assumption that C(y? y*) = (T'(y*A,y*B)) D,
Cy*y’)y' = T(y*A,y°B) Dy

hence
1,2 3 1.2.3
> Cisrvivivi = Y, Tijwzi 77 (31)
i7j7k i7j7k
where z! = Dy, 22 = 4?A, 23 = >B.
In addition, it is easily verified that

VCupW' v = O Ciintivivi (32)
i7j7k

VB (Tao(Dy' 52 A) = D) Tijwsiz)2d (33)
i7j7k

where again 2! = Dy', 22 = y?A, 23 = y3B. Combining Eqgs. 31, 32, and 33 gives
¥*CloyW' y°) = v’ B (T1,2)(Dy", y° A))

thus proving the identity in Eq. 29.
The proof of the identity in Eq. 30 is similar, and is omitted for brevity. [
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A.2 Proof of the Identity in Eq. 17
We now prove the identity in Eq. 17, repeated here:

Da—>b C(yl, 3/2) _ (Ta—>b C(yle7 yQGC)) diag<,7a)(Ka)T
Recall that
D¢ = E[[R1 = a—bc]2Y, Y3'|A1 = d]

or equivalently
D¢ =E[[R1 = a — bc]ZYa;Yax| A1 = a]

Using the chain rule, and marginalizing over hidden variables, we have
DZJ‘_;ISC = E [[[Rl =a—b C]]ZiY27jY37k;|A1 = a]

Z p(a — b, hy,he, ha|la)E[Z;Ys ;Y3 |R1 = a — b c, hi, ha, hs]
hl,hg,hge[m]

By definition, we have
p(a —b ¢ hla h27 h3’a) = 7%1 x t(a —b Gy h2> h3|h17a)

In addition, under the independence assumptions in the L-PCFG, and using the definitions
of K* and G%, we have

E|[Z;Y> ;Y3 ;| R1 = a — b, hi, ho, hs]
= E[Zi‘Al =a,H = hl] X E[}/é7j‘A2 =b,Hy = hg] X E[Y37k‘A3 =c,Hy = hg]
X th X Gi‘,hg

ivhl J,n2

Putting this all together gives

—b b
qu,j,k ‘= Z ’Yzl X t(a — b ¢, hy, h3‘h17 a) x K3h1 X G]'Jm X Gz,ha
hi1,ha,hze[m]

= ’7h1 x Ky x> tla—be hy, hslhy,a) x GY,, x G,
h1€ hg,hge[m]

By the definition of tensors,

[Da—>bc<y1 y2)].
—b
= Zngk Ui

= D x K, Y. tla—bec hg, halh,a) (Zyle )X (Zy% i,hg)
k

h1€ ] hz,hge[m]
= Z ’th x Kip, X [Ta_)b C(yle’yzGC)]h (34)
h1€ !
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The last line follows because by the definition of tensors,

[Taﬁb C(yle7y2GC)]h _ Z T;?Jf;fhg [yl(;b]h2 [yZGc]h3

1

ha,h3
and we have
Tﬁﬁgfhg = t(a—bc,ha, h3lhi,a)
10 1 b
[y G ]h2 = 2.4Gin,
J
2 2
[y Gc]h3 = Zysz,hg,
k

Finally, the required identity
Daﬁb c(yl’ y2) _ (Taab C(yle7 y2G0)> diag(’ya)(Ka)T

follows immediately from Eq. 34. [J

A.3 Proof of the Identity in Eq. 18
We now prove the identity in Eq. 18, repeated below:

A7, = qa—adiag(y*)(K*)T
Recall that by definition

Ay, =E[[Ri =a— 2]Z"|A; = d]
or equivalently
[dzo—mc]z =E [[[Rl =a— xﬂZz’Al = a]

Marginalizing over hidden variables, we have
[doszli = E[[R1=a— 2]Z]A = a
= ZP(G — x,hla)E[Z;|H1 = h, Ry = a — 7]
h

By definition, we have
pla — x, hla) = viq(a — z[h, a) = 7} [daels
In addition, by the independence assumptions in the L-PCFG, and the definition of K,
E[Z;|H = h,Ry = a — x| = E[Z;|H] = h, A =a] = f’h
Putting this all together gives

[deali = Dk [da—ely K
n

from which the required identity
dzo—mc = qaﬁwdiag(vaﬂKa)T

follows immediately. []
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A.4 Proof of the Identity in Eq. 19
We now prove the identity in Eq. 19, repeated below:
¥4 = G“diag('ya)(Ka)T

Recall that by definition
Y =E[Y1Z|A; = d]

or equivalently
[X];; = E[Y1,Z;|A1 = d]

Marginalizing over hidden variables, we have

[Za]i,j

E[YLZ'ZJ"Al = a]
> p(h|a)E[Y1,:Z;|Hy = h, Ay = a
h

By definition, we have
Vi = p(hla)

In addition, under the independence assumptions in the L-PCFG, and using the definitions
of K* and G%, we have

E[Y1:Z;|Hi = h, Ay =a] = E[Yi;|H = h, A1 = a] x E[Z;|H; = h, A; = a]
= Gza;hK]a;h

Putting all this together gives

[Za]i,j = Z Vi?G?,hK;‘L,h
h

from which the required identity
2 = Gdiag(y")(K*)T
follows immediately. [J

A.5 Proof of the Identity in Eq. 20
We now prove the identity in Eq. 19, repeated below:

1 _ ,a_a
c, = Gm

Recall that by definition
cl =E[[A1 = a]V1|B = 1]

or equivalently
[ca)i = E[[A1 = a]Y1,4]B = 1]

a
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Marginalizing over hidden variables, we have

[Cl]i = E [[Al = CL]]YLi|B = 1]
= Y. P(A1=a,H = h|B=1E[Vi|A; = a,H = h,B=1]
h

By definition we have
P(Al = a,Hl = h‘B = 1) = W(a,h)

By the independence assumptions in the PCFG, and the definition of G%, we have

E[Y17i|A1 = CL,Hl = h,B = 1] E[YVLZ|A1 = a, H1 = h]

a
- i,h

Putting this together gives

from which the required identity

follows. [

Appendix B. Proof of Theorem 8

In this section we give a proof of Theorem 8. The proof relies on three lemmas:

e In Section B.1 we give a lemma showing that if estimates Ca—b €, Cq—y and é}l are
close (up to linear transforms) to the parameters of an L-PCFG, then the distribution
defined by the parameters is close (in /;-norm) to the distribution under the L-PCFG.

e In Section B.2 we give a lemma showing that if the estimates Q“, Da—b ¢ dX,. and
¢ are close to the underlying values being estimated, the estimates C¢~%€¢, é,_,, and
a ying g

A1

a

¢, are close (up to linear transforms) to the parameters of the underlying L-PCFG.

e In Section B.3 we give a lemma relating the number of samples in the estimation

algorithm to the errors in estimating Q¢, D*~b¢ g®

Al
>, and ¢,.

The proof of the theorem is then given in Section B.4.

B.1 A Bound on How Errors Propagate

In this section we show that if estimated tensors and vectors C%~*€¢ ¢% —and ¢! are

sufficiently close to the underlying parameters 797°¢, ¢*, = and 7 of an L-PCFG, then
the distribution under the estimated parameters will be close to the distribution under the
L-PCFG. Section B.1.1 gives assumptions and definitions; Lemma 12 then gives the main
lemma; the remainder of the section gives proofs.
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B.1.1 ASSUMPTIONS AND DEFINITIONS

We make the following assumptions:

e Assume we have an L-PCFG with parameters 7270 ¢ e RmXmxm o € R™, 1% e R™.
Assume in addition that we have an invertible matrix G* € R™*™ for each a € N.
For convenience define H* = (G*)~! for all a € N.

e We assume that we have parameters C970 ¢ g Rm>mxm o0 e RIX™ apd ¢l e Rmx1
that satisfy the following conditions:

— There exists some constant A > 0 such that for all rules a — b ¢, for all y',1? €
R™,
1C(y HY y? HO)G = T (5", ) [0 < Ally[|2][y°[[2

— There exists some constant § > 0 such that for all a € P, for all h € [m],

D ME .Gl = [a0]nl <6

— There exists some constant x > 0 such that for all a,
(G g — %l < &
We give the following definitions:

e For any skeletal tree ¢t = ry...7y, define b(t) to be the quantities computed by the
algorithm in Figure 4 with ¢ together with the parameters T%7?¢, ¢%, 7@ as input.
Define f(t) to be the quantities computed by the algorithm in Figure 4 with ¢ together

with the parameters Ca—b ¢ ¢2, ., el as input. Define
E(t) = b'(t)

and

(1) = 16
where as before a; is the non-terminal on the left-hand-side of rule 7. Define p(t) to
be the value returned by the algorithm in Figure 4 with ¢ together with the parameters
Ca—be é% ., ¢l as input. Define p(t) to be the value returned by the algorithm in
Figure 4 with ¢ together with the parameters 70 ¢, ¢, | 7% as input.

e Define T (a, N) to be the set of of all skeletal trees with N binary rules (hence 2N + 1
rules in total), with non-terminal a at the root of the tree.

e Define
Z(a,h,N) = > [€0)]a
teT (a,N)
D(a,h,N) = > €0 — [£@)l
teT (a,N)
F(a,h,N) = ZM
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e Define
= min t(a — b, ho, hsla, h
’Y a,b,CEN,hl,hg,hge[m] ( 2 3| 1)
e For any a — b ¢ define the tensor

Ta%b C(y17 y2) _ C«aﬂb C(yle7 yQHC)Ga

B.1.2 THE MAIN LEMMA

Lemma 12 Given the assumptions in Section B.1.1, for any a, N,

DBt —p(t) < m ((1 + K) <1 + f) o (1+0)N - 1) (35)

teT (a,N)

Proof: By definition we have

Y, ) =) =

teT (a,N)

YIEDTIGY) et ln = Y €@ nms,

Nyl h h

Z
- Z \ Y lel] - £(t) - 7
€T (a,N

Define e = [(G?)~'¢l] — 7% Then by the triangle inequality,
(1) - [(GY)en] — &) -

We bound each of the three terms as follows:

< [E() -7 = £(t) - 70| + |E(2) - e — £(2) - el + [E(D) - €]

~

60 -7 = €071 < 1600) = €Ol ln 1 < 1E00) = €0 < |6~ el

£t) - e — £(t) - ] < 1€ — E@Lollel 1 < wIIED) — Do < nz} o

€(t) - el < [1EDIlollell1 < KIEDo < w Y [E(E
h

Combining the above gives

> B -pt)] < (1+#) SEOL - @l + 5 Y Yl
h

teT (a,N) teT (a,N)

N
< m(l+k) ((14—?) (1+5)N+1—1> + mk
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where the second inequality follows because Zte?’( a,N) > ul&(t)]n < m, and because Lemma 13

gives
A A N "
> )Eh ‘[é(t)]h—[é(t)]h|’<m<(1+7) (1+0) _1>

teT (a,N

U

We now give a crucial lemma used in the previous proof:

Lemma 13 Given the assumptions in Section B.1.1, for any a, h, N,

~ A N
D(a,h,N) = )] ‘[f(t)]h —[€®)]n| < Z(a,h, N) ((1 n ) (14 8N+ 1)

teT (a,N) v

Proof: A key identity is the following, which holds for any N > 1 (recall that F'(a,h, N) =
Di(a,h,N)/Z(a,h, N)):

F(a,h,N)
N-—1
< =14 )00 gla,b,e by, ho) (1 + F(bhy, k) (1+ F(e,hg, N — k — 1))
k=0 b,c h1,h2
vn) &
+A DI h(be kb ho)(1+ F(b by, k) (1 + Fe, hg, N — k — 1))
(a; h, )k:O b,c hi,ho

(36)
where

Z(b,h,k)Z(c,ho, N —k —1
g(a,b,c.k,hi,hy) = tla—bec,hy, hola,h) (b, 11, k)Z (e, ha, )

Z(a,h,N)
N—1
Y(N) = > > > Z(b,h,k)Z(c,hy, N — k — 1)
k=0 b,c hi,hs
Z(b,h1,k)Z(c,ha, N —k —1)
h(b,c,k,hi,hy) =
(767 s 101 2) Y(N)
The proof of Eq. 36 is in Section B.1.3. Note that we have
N—1 N-1
DX glasb ek haha) = D2 YT D h(b,e k by hg) =1
k=0 b,c h1,h2 k=0 b,c hi,hz

The rest of the proof follows through induction. For the base case, for N = 0 we have
A N N+1
Z(a,h, N)| (14+—] (1+9) —1)=dZ(a,h,N) =06
Y
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where the last equality follows because Z(a, h,0) = 1 for any a, h. For N = 0 we also have

> @~ e = I o G n — ladnl < 6

teT (a,N)

The base case follows immediately.

For the recursive case, by the inductive hypothesis we have

A k
1+ F(b h1,k) < <1+ 7) (1+ 6)F+1

and

N—k—1
1+F(c,h2,N—k—1)<<1+) (1+6)NF
Y

It follows from Eq. 36 that

Fla,h,N) < —1+ <1+AZ(’§}JPM) (1+§)N1<1+5>N+1

A N
< 1+<1+> (1+ 6N+t
gl

where the second inequality follows because

Y 2 S Sy 20 W) Z (o, N — k= 1) 3

1
Z(a,h, N) o e Sy tla — b, ha, hola, B Z (b, ha, k) Z (e, ha, N —k —1) 7

This completes the proof. []

B.1.3 PROOF oF EQ. 36

Any tree t € T(a, N) where N > 1 can be decomposed into the following: 1) A choice b, ¢,
implying the rule a — b ¢ is at the root; 2) A choice of 0 < k < N —1, implying that the tree
dominated by b is of size k, the tree dominated by c is of size N —1—k; 3) A choice of trees
t1 € T(b,k) and t2 € T(c, N — 1 — k). The resulting tree has &, () = T2 ¢(&(t1), £(t2)).
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Define d(t) = £(t) — £(t). We then have the following:

= XX X n ) ) — T ) £()

k=0 b,c t1€T (b,k) t2€T (¢, N—1—k)

N—-1
< A DU (E@)llz + Ndt)2) (1) 2 + [d(t2)]]2)

k=0 b,c tleT(b,k) tQET(C,N—l—k)
N-1

+ > TR0 (&), d(t2)))]
k=0 be t1eT (bk) t2eT (c,N—1—k)
N—-1

+ > TR0 e (d(tr), €(t2)))
k=0 b t1eT (bk) taeT (e, N—1—Fk)

[y

_l’_
MZ

D TRt d(t2))] (37)

b,c t1€T(b,k) t2€T(C,N*1*k)

i
o

The inequality follows because by Lemma 14,

(T30 (€t E(t2)) = TR (&), E(t2))
< A(EED 2 + Nd(E) ) (1€ ]2 + [ld(E2)]]2)
HT P € (t), dt2))] + TR C(d(t), E(t2))| + TR “(d(tr), d(t2)))]

We first derive an upper bound on the last three terms of Eq. 37. Note that we have
the identity

Z(a,h,N)
N-1
= Dy tla—behyholah) Y &n(t) Y, Enlta)
k=0 b,c h1,h2 t1€T(b,k) ta€T (¢, N—1—k)
N-1
= D tla— be ha,hola, h)Z(b, ha, k) Z(c, ha, N — k — 1)
k=0 b,c hi,ho
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It follows that

N—-1

> > (ITE=° (b)), dlta))| + [T ~0 “(d(t1), E(t2))] + [T “(d(tr), d(t2))])

k=0 b,c t1€T (b,k) t2€T (¢, N—1—k)

N-1

= tla—be by holah) Y &(t)n, > |d(t2)n, |

k=0 byc h1ho 11T (b,k) toeT (¢, N—1—k)
N—-1

+ Z t(a —be, h1’h2|a7h) Z |d(t1)h1‘ Z E(tQ)hz
k=0 byc by ho 11T (b,k) toeT (e, N—1—k)
N—-1

+ Z Z t(a - bC, hlah2|a7h) Z |d(t1)h1‘ Z ‘d(tQ)h2|
k=0 bc hyha HET (b,k) t2eT (e, N—1—k)

N—1
= ( D ta—>be by holah) Y > (€t)ny +1d(t)n, [)(€(E2)n, + |d(t2)h2|))

k=0 b,c hy,h2 t1€T (b,k) t2€T (¢,N—1—k)
—Z(a,h, N)
N-1
= ( t(a — b ¢, hy, hala, h)(Z(b, hy, k) + D(b, h1, k))(Z(¢,ha, N — k — 1) + D(c, hy, N — k — 1)))
k=0 b,C hl }12
—Z(a,h, N)
N—-1
D(b, hy, k) D(¢,hg, N —k —1)
= t(a — b e, hy, hala,h)Z (b, hy, k) Z(c, ha, N — k — 1)(1 + )1+
(Xxx e e
*Z(CL, h7 N)
N—-1
= Z(a,h,N) <2 377 gla,bie kb ho)(1+ F(byha, k) (1 + F(e,ha, N — k — 1)))
k=0 b c hl,h2
—Z(a,h,N) (38)
where g(a,b,c, k,hy,hy) = Hab ohyhale h)Z(ELbhh;{)k)Z(c b okl),

We next derive a bound on the first term as follows:

1

N—
AY YN Do €2 + D) (1€ 12 + [d(t2)]]2)

k=0 b,c t1eT (b,k) t2eT (¢, N—1—Fk)
1

N—
< A > U + 1) 1) (1EE) 1 + [ld(t2)]])
k=0 b,c t1€T (b,k) t2€T (¢, N—1—k)
N-1
= A (Z(b, by, k) + D(b,h1,k))(Z(c,hg, N —k — 1) + D(c, ha, N — k — 1))
k=0 b,c hi,ho
N-1
= A Z(b,h1, k) Z(c,ha, N — k — 1)(1 + F(b, hy, k))(1 + F(c, hy, N — k — 1))
k=0 b,c h1,h2
N-1
= AY(N) D h(k,b,c,ha, ha)(1+ F(b by, k) (1 + Fe,hg, N =k —1))  (39)
k=0 b,c hi,hs
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where

Z(b,h1,k)Z(c,ho, N —k — 1)
Y(N)
and Y/(N) = X070 3, S p, Z(0. 0, k) Z (e, ha, N — k — 1).
Combining Eqs. 37, 38 and 39 gives the inequality in Eq. 36, repeated below:
F(a,h,N)
< -1

h(ka b,c, hq, h2) =

N-—1
+ 33 glabye kb ho)(1+ F(b, by, k) (1 + F(e,hg, N — k — 1))
k=0 b,c h1,ho
—1

Y(N) X
A LSS S bbb ha) (14 F (b by B+ F(esha, N — k1)
(a,h,N) k=0 b,c hi,h2

O
The following lemma was used in the previous proof:

Lemma 14 Assume we have tensors T and T and that there is some constant A such that
for any y*,y* e R™,
1T v?) = Tyl < Ally* 21157 l2
Then for any y',vy?, 4%, 92, for any h, it follows that
T3 5%) — Tu @ v < AUy 2+ d' ) (1922 + [1d3]]2)
HTh(y', d*)| + |Th(d', d)| + [Th(d", )]
where d' = ' —y', and d* = 9> — y°.
Proof: Define

ayh) = Th(y",9°)

9" = Tu(y". v°)
Define d' = (' — y'), d> = (9> — %?). For any v € R™,

9(v) —g(@)| = |Th(v,5) — Th(v,3?)]
< |Tw(v,y%) = Th(v,y%)| + |Th(v, d*) = Th(v, d*)| + |Th(v, d%)|

We can then derive the following bound:
109", 9%) = Tuly',v?)| = a(8") — g(y")]
9(y") — g(y")| + 19(d") — g(d")] + |g(d")]
Th(y"' v%) — Tu(y' v2)| + [ Ta(y', d%) — Tu(y', d*)| + |Th(y', d°)]
+|Th(d" y%) = Tu(d" y?)| + [T(d', d*) — Tu(d', d)| + |Th(d", d%)|
+|Th(d', %)
A(llyH 2 + N 12) (32 + [1d*]]2)
HTh(y', d)| + |Th(d', &) + |Th(d', y°)]

NN

N
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B.2 Relating A, §, x to Estimation Errors

We now give a lemma that relates estimation errors in the algorithm to the values for A, §
and k as defined in the previous section.

Throughout this section, in addition to the estimates D9~v¢, d%
a1

¢, computed by the algorithm in Figure 7, we define quantities

~ b .
Ea’ C(I c Q0

) Ca—)l’?

¥ = E[WZTA; =d]

Dt = B[[Ri=a—b2Yy ¥y |4l = d]
2, = E[[Ri=a—2]2"|4 =]
cot eyl y?) = DUy ) ()T
Czo—w = dgo—n'c(za)_l
¢y = E[[A1=aVi|B=1]

where

Vi = (U")To(T1) Z = (V") (0)
Yy = (U2)T¢(Tn) Y3 = (U")o(T3)

Note that these definitions are identical to those given in Section 7.2, with the additional
detail that the projection matrices used to define random variables Y7, Yo, Y3, Z are U and
V“, that is, the projection matrices estimated in the first step of the algorithm in Figure 7.

The lemma is as follows:

Lemma 15 Assume that under a run of the algorithm in Figure 7 there are constants
eé,e%,q;,ed,eﬂ such that

Va e P, 108 — Q% |F < €}
Va e T, 19 — Q%|F < €
Va —be, ||Da—be — D‘Hbcu <ep
VaeP, \/Z 4520 — 2|13 < ea
va,  |leb—cllls <
Assume in addition that 6%2 < mingep amgm) and 6?2 < mingez amgﬂa)' For all a define

G = (U1 and H* = (G%)~L. Then:
e For all a, G* is invertible.
o For all y',y? € R™, for all rules of the form a — b c
|Gy Y P HOGE — Oy Y P HO)GE o < Ally a1y

where

B E 1 €0 €D
A= 3 om(I%)om(1°) (Um(Qa)2 * 30m(Qa))
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e Forallae P, for all h € [m],

DG = [, G nl < 6

xT

where

o= <am§22a)2 * 3;1\(/5(1))

e For all a,

(G eq = (G Heglh < v

where

Sl
)

3

2
=

B.2.1 Proor OrF LEMMA 15

We first prove three necessary lemmas, then give a proof of Lemma 15.

Lemma 16 Assume we have vectors and matrices d € RY>™, ¥ e R™*™, d € RIxm
Y eR™™ UeRP™ [ eR™. We assume that ¥, ¥, and (U'I) are invertible.

In addition define

c = dx!
6 = dut
G* = U1

We assume:

e For h=1...m, ||I4]|2 <1, where I}, is the h’th column of I*.
e ||Ull2,0 < 1 where ||U||2, is the spectral norm of the matriz U.

o 8- Zlo<a

It follows that

1++/5 c1|d]| lld — d||2
2 min{om(D),om(E)}2 om(E)

|eG* — cG% |0 <
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Proof:
16G* — G|
= [le=aU o
(By definition G = U I)
< [le=e)UT s
(By [[nll2 < 1)
< le=clf2
By [[U]20 < 1)
= |[dE7! —d=TY)
(By definitions of ¢, ¢)
< [ dET =Yl + [[(d = D=2
(By triangle inequality)
< ldl2)IS7" = 7Y l20 + [1d = d]l2]|Z7 2,0
(By definition of ||.||2,0)
- HJH21+\/5 €1 I|d — d]|2

= +
2 min{om(D),om(X)}2 om(E)
(By Lemma 23 of Hsu et al. (2009), and || 712, = 1/0, (X))

Lemma 17 Assume we have vectors c,é € R™*1, and we have a matrizx G* € R™*™ that
1s invertible. It follows that

mll¢ —c
Gy e (coy ey < Yl
Proof:
IG%) e (67 el = Vml(67) e - (G0 el < YT
The first inequality follows because ||.|[1 < 4/m||.]|2. The second inequality follows because
(G 20 = 1/om(G?).

Lemma 18 Assume we have matrices and tensors D € R™XM*m 33 ¢ Rmxm [y g gmxmxm
S e RMXm [T e RIXM [ e RIXM Gb e RmXmGC e RMXM . We gssume that X, 3, GP, G€,
and UTI are invertible.

In addition define

Cly'y*) = D y)5™!
Cy'y?) = D yHs™
G® U'rl
Hb (Gb>_l
HE¢ = (Gc)—l

We assume:
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e Forh=1...m, ||I}|l2 <1, where I}, is the h’th column of I*.
o [[Ul[20<1
° ||f] — X0 <€
It follows that for any y',y? € R™,
IC(y" H",y* H)G* — C(y' H®, y* H) G|

[y l2lly?ll2 (145 e[ D[ |1D - D||r
om(G®)om(G°) 2 min{o,, (), o (2)}2 om(X)

Proof:
1C(y" H®,y? HO)G* = C(y' H®,y* H) G|
. 1 5 b LEb o2HSY — D(vYHY o2 HC
HD(yle,yQHC)HQ +\/> €1 _ + || (y Y ) (y Y )HZ
2 min{o,(X),om(X)}? om ()
(By Lemma 16, using d= ﬁ(yle,yQHC), d= D(y'H® y*H°).)
A 1+ \/5 €1 b — Dl|F
B ol 5 1D o+ P
min{om, (), om ()} om(%)
(By [[D(v',v*)[|2 < ||D]|pllv"||2][v?[|2 for any tensor D, vectors v',v?2.)

[y 2l ly?]]2 1D 1++/5 €1 +||D—DHF
Om (G?) 0, (G) 2 min{om(X), om(D)}2 om (%)
(By H® = (G*)~! hence ||H||2,o = 1/01,(G®). Similar for H¢.)

A

IN

A

Proof of Lemma 15: By Lemma 9 of Hsu et al. (2009), assuming that e < min, = E,)Qa)
gives for all a

Tn(5) 2 Zom(9)
7n(2) > Lo, 20)
7G> Y2, (1%

The condition that ¢,,(I*) > 0 implies that o,,(G*) > 0 and hence G* is invertible. The
values for A and & follow from lemmas 18 and and 17 respectively.

The value for 9§ is derived as follows. By Lemma 16 we have for any rule a — «, for any
h e [ml],

1 +\/> 61||daax”2 ||daﬁz aazuz (40)

‘[ a—>xGa]h - [ a—»xGa] ‘ 9 min{am(z ),O’m(ia)}Q m(za)

By definition

A = (Z%IHTW) 2 xﬂ) x (Z%IHM —a— x]}(z@)T)

a—x Zi\il[ai = a]] Zij\il[[r(i,l) = q— I’ﬂ
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In addition 2 = (V@) T (tG1) and ||V |2, < 1, |J9o(tD)||2 < 1, hence ||2®]]z < 1, and

_ XY =a—a]

||da—>m|| =~
3ili[ai = af

It follows that

Z 1d2, ]l < 1 (41)
In addition we have

2||dm 2|l < v/n @Hdm—d%mmd (42)

Combining Eqgs. 41, 42 and 40 gives for any a € P, for any h € [m],

1B . VS, 142, — d |12
Z| (l—>.’E [ a—>mG ] ’ 9 min{am(Ea),gm(zfa)P + am(Z“)

from which the lemma follows.
O

B.3 Estimation Errors

The next lemma relates estimation errors to the number of samples in the algorithm in
Figure 4:

Lemma 19 Consider the algorithm in Figure 7. With probability at least 1—4, the following
statements hold:

- 2 1
VaeT, [Y|lDebe— Do-bel <)o \/ L
b,c

/ 2|N\+1
Va e P7\/2 Hda—>:c a—»xH2 \/M
2 1
Vae N, |00 — Q[r < 4/ \/ WH
~ o 5 [1 2. 2N +1
Al sl 2< - “log 2L —
; Hca Ca||2 R + \/R Og 5
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B.3.1 PrRooFr OF LEMMA 19

We first need the following lemma:

Lemma 20 Assume i.i.d. random vectors X1 ... Xy where each X; € Rd, and for all © with
probability 1, || X;||2 < 1. Define

for all i and

Then for any € > 0,

P(|Q —qlls > 1/VN +¢) < e NP2

Proof: The proof is very similar to the proof of proposition 19 of Hsu et al. (2009).
Consider two random samples z1 ...z, and ¥ ...y, where x; = y; for all ¢ # k. define

G- S, @i
N
and
N
Then

. R . llzr —yellz _ lzelle + Nlyellz 2
G —all2 = [P — all2 < [ld — Bl|2 ~ ~ ~

It follows through McDiarmid’s inequality (McDiarmid, 1989) that

PT(HQ - Q||2 = E||Q —qH2 + 6) < e*NGQ/Z
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In addition,

E[IIQ - all:]
N .
- B[t q||2]

- E[IIZ —q||2]

1 N
< ﬁ\E HZ(Xi—Q)H%]
(By Jensen’s inequality)
1
= ~ E[]|(X; — a)ll3]
N\ Z
(By independence of the X;’s)
1| X
= 5\ 2 EIXilB] = Nllal3
\1:1
1 2
< /N a3
(By [1Xil[2 < 1.)
1
< -
VN

which completes the proof. []
Proof of Lemma 19: For each a — b ¢, i, j, k € [m], define a random variable

AR =Ry = a— b ZYY

It follows that
Dfi ¢ = E[Af; 1A = a]
Note that
1212 = [[(V)) T4 (0)]]2 < 1
because ||V%||2, < 1, and [|1(0)]]2 < 1. Similarly |[Y2|]2 < 1 and [|Y3||2 <
In addition we have for all a € Z,

m m m

Do A = YN Y APV PIVEPIR = a — b PP

b i=1j=1k=1 bei=1j=1k=1

= [1ZIBIYV2IBIYRIEQ R = a — b ]?) <
b,c
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It follows by an application of Lemma 20 that for the definitions of D*~?¢ and Dae~be ip
Figure 7, for all a,

D2 D e = DI e = 1/ My + ) < e Mo

b,c 1,5,k

or equivalently,

N 2 1 0
ZHDCL—»bC_Da—»bcH% |N\+ <

" F T2V +1 (43)

By a similar argument, if for each a € P, z € [n], ¢ € [m] we define the random variable
B™" = Zi[R1 = a — 7]

then
dOO

a—x

= E[B/™"[A1 = d]

and

DSIDUBITR =Y 3 ZiP[Ry = a — 2] <1

T =1 T =1

It follows by an application of Lemma 20 that for the definitions of d?,, and d*,, in
Figure 7, for all a,

\/ZZ| 2oli = (A2 Jif2 = 1/7/ Ny + €) < 7 Mec3/2

or equivalently

2|/\/| +1 )
(\/ZHdaﬁx - dcotoﬁz||2 = \/ ) < 2|N| +1 (44)

A similar argument can be used to show that for all a, for the definitions of Q2% and Qo

2|Q 1/\/74-63 e~ Na€3/2

in Figure 7,

or equivalently

. 1 2 . 2N|+1 5
P|[Q—Q%F = —1 < 45
(H I ﬁ%+¢mog : ) ST (45)

Finally, if we define the random variable

= Y![4; =]
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then
SIVIFE =3 VR[4 = af? < 1
a 17 a i

In addition
= E[F}|B =1]

It follows by an application of Lemma 20 that for the definitions of ¢} and ¢! in Figure 7,

\/ZZ\ [e3); > 1/VR +e) < M4

or equivalently

1 2 2|N|+1 )
Al sl 227 \/ L L
P(./Eajnca Wl > =+ 2 1og 2 ) R (16)

Finally, applying the union bound to the 2|N| + 1 events in Eqs. 43, 44, 45 and 46 proves
the theorem. [

B.4 Proof of Theorem 8

Under the assumptions of the theorem, we have constants Cy, Csy, C3, Cy and C5 such that

N 2 CoNm\?2
VaeI,N,=Lx [Ch—~") vaeP,N,>Lx|22"
ve £202 €o?

2 2
YaeT, M, > L x <C Nm) Vae P, M, > L x (C’4Nm\/ﬁ>

ve 20 €0
N 2
R>Lx <C5W)
€T
It follows from Lemma 19 that with probability at least 1 — 4,
VaeZ, 107 — Q|F < €
VaeP,  [|Q"—QYF <€
Va—»bc, Hﬁaabc_DaabcHF<€D
Vae P, \/ZHda—m a—>xH2 €d
Va,  |lég —coll2 < er
where
L'<3x — xo?x £
o 02 4 Nm
e%<3xax§202x%
6D<3x@x§2ax%
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(o % €
05 \/ﬁ Nm

It follows from Lemma 15 that with suitable choices of (' . . . C5, the inequalities in Lemma 15
hold with values

ve
A<
4Nm

It follows from Lemma 12 that

1) -l <m (14 )" <1) <

teT (a,N)

where the second inequality follows because (1 + a/t)! < 1 + 2a for a < 1/2.
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