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Abstract Additive composition (Foltz et al. in Discourse Process 15:285-307, 1998; Lan-
dauer and Dumais in Psychol Rev 104(2):211, 1997; Mitchell and Lapata in Cognit Sci
34(8):1388-1429, 2010) is a widely used method for computing meanings of phrases, which
takes the average of vector representations of the constituent words. In this article, we prove
an upper bound for the bias of additive composition, which is the first theoretical analysis
on compositional frameworks from a machine learning point of view. The bound is written
in terms of collocation strength; we prove that the more exclusively two successive words
tend to occur together, the more accurate one can guarantee their additive composition as an
approximation to the natural phrase vector. Our proof relies on properties of natural language
data that are empirically verified, and can be theoretically derived from an assumption that
the data is generated from a Hierarchical Pitman—Yor Process. The theory endorses additive
composition as a reasonable operation for calculating meanings of phrases, and suggests
ways to improve additive compositionality, including: transforming entries of distributional
word vectors by a function that meets a specific condition, constructing a novel type of vector
representations to make additive composition sensitive to word order, and utilizing singular
value decomposition to train word vectors.

Keywords Compositional distributional semantics - Bias and variance - Approximation
error bounds - Natural language data - Hierarchical Pitman—Yor process

Editor: Colin de la Higuera.

B Ran Tian
tianran @ecei.tohoku.ac.jp

Naoaki Okazaki
okazaki@ecei.tohoku.ac.jp

Kentaro Inui
inui @ecei.tohoku.ac.jp

Communication Science Laboratory, Tohoku University, 6-6-05, Sendai, Miyagi 980-8579, Japan

Published online: 03 April 2017 9\ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s10994-017-5634-8&domain=pdf
http://orcid.org/0000-0001-9146-2486

Mach Learn

1 Introduction

The decomposition of generalization errors into bias and variance (Geman et al. 1992) is
one of the most profound insights of learning theory. Bias is caused by low capacity of
models when the training samples are assumed to be infinite, whereas variance is caused by
overfitting to finite samples. In this article, we apply the analysis to a new set of problems in
Compositional Distributional Semantics, which studies the calculation of meanings of natural
language phrases by vector representations of their constituent words. We prove an upper
bound for the bias of a widely used compositional framework, the additive composition (Foltz
et al. 1998; Landauer and Dumais 1997; Mitchell and Lapata 2010).

Calculations of meanings are fundamental problems in Natural Language Processing
(NLP). In recent years, vector representations have seen great success at conveying meanings
of individual words (Levy etal. 2015). These vectors are constructed from statistics of contexts
surrounding the words, based on the Distributional Hypothesis that words occurring in similar
contexts tend to have similar meanings (Harris 1954). For example, given a target word ¢, one
can consider its context as close neighbors of 7 in a corpus, and assess the probability p; of
the i-th word (in a fixed lexicon) occurring in the context of #. Then, the word 7 is represented
by a vector (F ( pf ))i (where F is some function), and words with similar meanings to ¢ will
have similar vectors (Miller and Charles 1991).

Beyond the word level, a naturally following challenge is to represent meanings of phrases
or even sentences. Based on the Distributional Hypothesis, it is generally believed that vectors
should be constructed from surrounding contexts, at least for phrases observed in a corpus
(Boleda et al. 2013). However, a main obstacle here is that phrases are far more sparse than
individual words. For example, in the British National Corpus (BNC) (The BNC Consortium
2007), which consists of 100M word tokens, a total of 16 K lemmatized words are observed
more than 200 times, but there are only 46 K such bigrams, far less than the 16, 0002 pos-
sibilities for two-word combinations. Be it a larger corpus, one might only observe more
rare words due to Zipf’s Law, so most of the two-word combinations will always be rare or
unseen. Therefore, a direct estimation of the surrounding contexts of a phrase can have large
sampling error. This partially fuels the motivation to construct phrase vectors from combin-
ing word vectors (Mitchell and Lapata 2010), which also bases on the linguistic intuition
that meanings of phrases are “composed” from meanings of their constituent words. In view
of machine learning, word vectors have smaller sampling errors, or lower variance since
words are more abundant than phrases. Then, a compositional framework which calculates
meanings from word vectors will be favorable if its bias is also small.

Here, “bias” is the distance between two types of phrase vectors, one calculated from
composing the vectors of constituent words (composed vector), and the other assessed from
context statistics where the phrase is treated as a target (natural vector). The statistics is
assessed from an infinitely large ideal corpus, so that the natural vector of the phrase can
be reliably estimated without sampling error, hence conveying the meaning of the phrase by
Distributional Hypothesis. If the distance between the two vectors is small, the composed
vector can be viewed as a reasonable approximation of the natural vector, hence an approxi-
mation of meaning; moreover the composed vector can be more reliably estimated from finite
real corpora because words are more abundant than phrases. Therefore, an upper bound for
the bias will provide a learning-theoretic support for the composition operation.

A number of compositional frameworks have been proposed in the literature (Baroni and
Zamparelli 2010; Grefenstette and Sadrzadeh 2011; Socher et al. 2012; Paperno et al. 2014;
Hashimoto et al. 2014). Some are complicated methods based on linguistic intuitions (Coecke
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Fig. 1 An overview of this article. Arrows show dependencies between sections

etal. 2010), and others are compared to human judgments for evaluation (Mitchell and Lapata
2010). However, none of them has been previously analyzed regarding their bias.! The most
widely used framework is the additive composition (Foltz et al. 1998; Landauer and Dumais
1997), in which the composed vector is calculated by averaging word vectors. Yet, it was
unknown if this average is by any means related to statistics of contexts surrounding the
corresponding phrases.

In this article, we prove an upper bound for the bias of additive composition of two-word
phrases, and demonstrate several applications of the theory. An overview is given in Fig. 1;
we summarize as follows.

In Sect.2.1, we introduce notations and define the vectors we consider in this work.
Roughly speaking, we use piT to denote the probability of the i-th word in a fixed lexicon
occurring within a context window of a target (i.e. a word or phrase) 7", and define the i-th
entry of the natural vector as w¥ := (c . wiT ) and

wl = F(p +1/n) —a’ —b;.

Here, n is the lexicon size, a?, b; and ¢ are real numbers and F is a function. We note that
the formalization is general enough to be compatible with several previous research.

In Sect.2.2, we describe our bias bound for additive composition, sketch its proof, and
emphasize its practical consequences that can be tested on a natural language corpus. Briefly,
we show that the more exclusively two successive words tend to occur together, the more
accurate one can guarantee their additive composition as an approximation to the natural
phrase vector; but this guarantee comes with one condition that ' should be a function that
decreases steeply around 0 and grows slowly at oo; and when such condition is satisfied, one
can derive an additional property that all natural vectors have approximately the same norm.
These consequences are all experimentally verified in Sect.5.3.

In Sect. 2.3, we give a formalized version of the bias bound (Theorem 1), with our assump-
tions on natural language data clarified. These assumptions include the well-know Zipf’s
Law, a similar law applied to word co-occurrences which we call the Generalized Zipf's

1 Unlike natural vectors which always lie in the same space as word vectors, some compositional frameworks
construct meanings of phrases in different spaces. Nevertheless, we argue that even in such cases it is reasonable
to require some mappings to a common space, because humans can usually compare meanings of a word and
a phrase. Then, by considering distances between mapped images of composed vectors and natural vectors,
we can define bias and call for theoretical analysis.
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Law, and some intuitively acceptable conditions. The assumptions are experimentally tested
in Sects. 5.1 and 5.2. Moreover, we show that the Generalized Zipf’s Law can be drived from
a widely used generative model for natural language (Sect.2.6).

In Sect. 2.4, we prove some key lemmas regarding the aforementioned condition on func-
tion F'; in Sect.2.5 we formally prove the bias bound (with some supporting lemmas proven
in “Appendix 1), and further give an intuitive explanation for the strength of additive com-
position: namely, with two words given, the vector of each can be decomposed into two parts,
one encoding the contexts shared by both words, and the other encoding contexts not shared;
when the two word vectors are added up, the non-shared part of each of them tend to cancel
out, because non-shared parts have nearly independent distributions; as a result, the share
part gets reinforced, which is coincidentally encoded by the natural phrase vector.

Empirically, we demonstrate three applications of our theory:

1. The condition required to be satisfied by F' provides a unified explanation on why some
recently proposed word vectors are good at additive composition (Sect.3.1). Our exper-
iments also verify that the condition drastically affects additive compositionality and
other properties of vector representations (Sects.5.3,6).

2. Our intuitive explanation inspires a novel method for making vectors recognize word
order, which was long thought as an issue for additive composition. Briefly speaking,
since additive composition cancels out non-shared parts of word vectors and reinforces
the shared one, we show that one can use labels on context words to control what is
shared. In this case, we propose the Near—far Context in which the contexts of ordered
bigrams are shared (Sect. 3.2). Our experiments show that the resulting vectors can indeed
assess meaning similarities between ordered bigrams (Sect. 5.4), and demonstrate strong
performance on phrase similarity tasks (Sect. 6.1). Unlike previous approaches, Near—far
Context still composes vectors by taking average, retaining the merits of being parameter-
free and having a bias bound.

3. Our theory suggests that singular value decomposition (SVD) is suitable for preserving
additive compositionality in dimension reduction of word vectors (Sect.3.3). Experi-
ments also show that SVD might perform better than other models in additive composition
(Sects. 5.5, 6).

‘We discuss related works in Sect.4 and conclude in Sect.7.

2 Theory

In this section, we discuss vector representations constructed from an ideal natural language
corpus, and establish a mathematical framework for analyzing additive composition. Our
analysis makes several assumptions on the ideal corpus, which might be approximations or
oversimplifications of real data. In Sect.5, we will test these assumptions on a real corpus
and verify that the theory still makes reasonable predictions.

2.1 Notation and vector representation

A natural language corpus is a sequence of words. Ideally, we assume that the sequence is
infinitely long and contains an infinite number of distinct words.

Notation 1 We consider a finite sample of the infinite ideal corpus. In this sample, we denote
the number of distinct words by n, and use the n words as a lexicon to construct vector
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Table 1 Contexts are taken as the closest five words to each side for the targets “fax” and “rate”, and four
for the target “tax_rate”

...as a percentage of your income, your tax rate is generally less than that ...

Target Words in context

tax percentage, of, your, income, your, rate, is, generally, less, than
rate of, your, income, your, tax, is, generally, less, than, that
tax_rate of, your, income, your, is, generally, less, than

Table 2 List of target types

Notation 2 T a general target can denote either of the following

Notation 2 s, t word targets

Notation 2 st two-word phrase target

Notation 2 {st} two-word phrase target with word order ignored

Definition 6 S/t\s a token of word ¢ not next to the word s in corpus

Definition 15 se, of words in the context of se (resp. er) are assigned the
left-hand-side (resp. right-hand-side) Near—far
labels

Definition 16 so\t, s /ot a target se (resp. of) not at the left (resp. right) of
word # (resp. s)

Theorem 1 S, T random word targets

General random word targets can form different types such

as {ST}and S/T\S

representations. From the sample, we assess the count C; of the i-th word in the lexicon, and
assume that index 1 < i < n is taken such that C; > C;;. Let C := Z?:l C; be the total
count, and denote p; , := C;/C.

With a sample corpus given, we can construct vector representations for fargets, which
are either words or phrases. To define the vectors one starts from specifying a context for
each target, which is usually taken as words surrounding the target in corpus. As an example,
Table 1 shows a word sequence, a phrase target and two word targets; contexts are taken as
the closest four or five words to the targets.

Notation 2 We use s, t to denote word targets, and st a phrase target consisting of two
consecutive words s and . When the word order is ignored (i.e., either st or ts), we denote
the target by {st}. A general target is denoted by 7°. Later in this article, we will consider
other types of targets as well, and a full list of target types is shown in Table 2.

Notation 3 Let C(7) be the count of target 7, and C IT the count of i-th word co-occurring
in the context of 7. Denote pZn = C?A/C(T).

In order to approximate the ideal corpus, we will take a sample larger and larger, then
consider the limit. Under this limit, it is obvious that n — oo and C — oo. Further, we
will assume some limit properties on p; , and pl?j ,, as specified in Sect. 2.3. These properties
capture our idealization of an infinitely large natural language corpus. In Sect.2.6, we will
show that such properties can be derived from a Hierarchical Pitman—Yor Process, a widely
used generative model for natural language data.
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Table 3 Frequently used notations and general conventions in this article

Notation 1 i,n index 1 < i < n, where n is the lexicon size
Notation 1 Pi.n empirical probability of the i-th word, p; , > pit1.n
Notation 3 piTn probability of the i-th word co-occurring in context of 1°;

defined as prn = Cr/C(T)

Definition 4 w}: = (cn 'wz?,ﬂn)l<i<n’ where w _F(pln+l/n)—a —bjn
Definition 5 B = Wi = Lws + W

Definition 6 TTs/t\s probability for an occurrence of ¢ being non-neighbor of s
Definition 7 Ap set of observed two-word phrases, word order ignored
General E[-], Var[-] expected value and variance of a random variable
General 1y indicator; I 5 = 1 if condition J# is true, O otherwise
General () probability of J# being true; P(7°) = E[1 ¢ |
General rBE, ... lowercase Greek letters denote real constants
Theorem 1 X = =p; n/pl n Where T :={ST}, S/T\S,or T/S\T.
Lemma 1 Yin:=F(pipX+1/n) — F(p; ,B+1/n)

Lemma | Gin = (pi) (1 + Brpi) )

Definition 4 We construct a natural vector for 7 from the statistics piTn as follows:

W}: = (cn~wi7jn) and wl?jn = F(p{n—l—l/n)—a,?—bi,n.

1<i<n

Here, a}f , bi n and ¢,, are real numbers and F' is a smooth function on (0, 00). The subscript
n emphasizes that the vector will change if n becomes larger (i.e. a larger sample corpus is
taken). The scalar ¢, is for normalizing scales of vectors. In Sect. 2.2, we will further specify
some conditions on a,? , bi n, ¢y and F, but without much loss of generality.

To consider F( pl?j ,+1/n) instead of F( pl?j ,,) can be viewed as a smoothing scheme that
guarantees F(x) being applied to x > 0. We will consider F that is not continuous at O
such as F(x) := Inx; yet, w ,, has to be well-defined even if P, » = 0. In practice, the P, "
estimated from a finite corpus can often be 0; theoretically, the smoothing scheme plays a
role in our proof as well.

The definition of WT is general enough to cover a wide range of previously proposed
distributional word vectors. For example, if F(x) = Inx, a = 0 and b; , = In p; ,, then
wlrn is the Point-wise Mutual Information (PMI) value that has been widely adopted in
NLP (Church and Hanks 1990; Dagan et al. 1994; Turney 2001; Turney and Pantel 2010).
More recently, the Skip-Gram with Negative Sampling (SGNS) model (Mikolov et al. 2013a)
is shown to be a matrix factorization of the PMI matrix (Levy and Goldberg 2014b); and the
more general form of @ and b; , is explicitly introduced by the GloVe model (Pennington
et al. 2014). Regarding other forms of F, it has been reported in Lebret and Collobert
(2014) and Stratos et al. (2015) that empirically F(x) := /x outperforms F(x) := x. We
will discuss function F further in Sect. 3.1, and review some other distributional vectors in
Sect. 4.

We finish this section by pointing to Table 3 for a list of frequently used notations.
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2.2 Practical meaning of the bias bound

A compositional framework combines vectors w?, and w/, to represent the meaning of phrase
“s ¢”. In this work, we study relations between this composed vector and the natural vector

Wift} of the phrase target.> More precisely, we study the Euclidean distance
: {st} _ s t
Tim [[wi') — COMP(w,, wp)|

where COMP(., -) is the composition operation. If a sample corpus is taken larger and larger,
we have limit n — oo, and w,{fl} will be well estimated to represent the meaning of “s ¢
or t s”. Therefore, the above distance can be viewed as the bias of approximating wi;”} by
the composed vector COMP (w3, w!,). In practice, especially when COMP is a complicated
operation with parameters, it has been a widely adopted approach to learn the parameters by
minimizing the same distances for phrases observed in corpus (Dinu et al. 2013; Baroni and
Zamparelli 2010; Guevara 2010). These practices further motivate our study on the bias.

Definition 5 We consider additive composition, where COMP (w7, wfl = %(wf, + w;) is
a parameter-free composition operator. We define

1
B = |wht) — 7 W + Wl

Our analysis starts from the observation that, every word in the context of {sz} also occurs
in the contexts of s and #: as illustrated in Table 1, if a word token 7 (e.g. “rate”’) comes from
a phrase {st} (e.g. “fax rate”), and if the context window size is not too small, the context for
this token of 7 is almost the same as the context of {s¢}. This motivates us to decompose the
context of ¢ into two parts, one coming from {sz} and the other not.

Definition 6 Define target s/t\s as the tokens of word # which do not occur next to word s
in corpus. We use 75 /,\ s to denote the probability of # not occurring next to s, conditioned on
a token of word ¢. Practically, (1 — s/,\s) can be estimated by the count ratio C({st})/C(z).
Then, we have the following equation

s/

P;‘n = 7Ts/t\spi,nt\‘Y +d - ”S/f\S)pi{,Sri}

forall i, n (1)
because a word in the context of # occurs in the context of either {s¢} or s/#\s.

We can view 7,;;\s and 7,5\, as indicating how weak the “collocation” between s and
t is. When 7y//\s and m; 5\, are small, s and ¢ tend to occur next to each other exclusively,

so w3, and w/, are likely to correlate with w,{,”}, making %,{,”} small. This is the fundamental

idea of our bias bound, which estimates ﬂi,sr} in terms of 7/, s and 77, /5, We give a detailed
sketch below. First, by Triangle Inequality one immediately has

1
A R E (AR )

Then, we note that both L%’,{,St} and ||WI | scale with c¢,. Without loss of generality, we can
assume that ¢, is normalized such that the average norm of wg’ equals 1. Thus, if we can
prove that ||w,7,r || = 1 for every target T, we will have an upper bound

B <2, 2)

n

2 Or it should be wfll if one cares about word order, which we will discuss in Sect. 3.2.
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This is intuitively obvious because if all vectors lie on the unit sphere, distances between
them will be less than the diameter 2. In this article, we will show that roughly speaking,
it is indeed that ||w3: | = 1 for “every” 7", and the above “upper bound” can further be
strengthened using Eq. (1).

More precisely, we will prove that if a target phrase ST is randomly chosen, then
11m ||wn || converges to 1in probablllty The argument is sketched as follows. First, when

(ST

nn
are mdependent random variables. Note this assumption in contrast to the
{ST} .

ST is random, p;

ST T
piy ) and pi°l

fact that p; , > pj, fori > j; nonetheless, we assume that Pin

. . . . 2,
that when i changes, no obvious relation exists between pf " and p Thus ( f‘iT})

(1 <i < n, n fixed) are independent and we can apply the Law of Large Numbers:

n {ST}\2
lim Zl l(w‘ )} >
e Zl 1 E[( i,n ) ]

In words, the fluctuations of ( SnT})2 s cancel out each other and their sum converges to
expectation. However, Eq. (3) requires a stronger statement than the ordinary Law of Large
Numbers; namely, we do not assume pl{in and p ST are identically distributed.®> For this

generalized Law of Large N umbers we need some techmcal conditions. One necessary condi-
tionis lim >r, IE[( w; )2] = 00, which we prove by explicitly calculating E[ (w fiT}) ];

another requirement is that the fluctuations of ( {SnT}) must be at comparable scales so they
indeed cancel out. This is formalized as a uniform integrability condition, and we will show
it imposes a non-trivial constraint on the function F' in definition of word vectors. Finally if
Eq. (3) holds, by setting ¢, := > ;_; E[(wi{,SnT})z] we are done.

We further strengthen upper bound (2) as follows. First, Eq. (1) suggests:

! and w "} become random variables. We assume that for each i #*7J,

is random enough so

=1 in probability. 3)

F(pL,+1/m) % i PO +1/m) + (1 = ns/r\s>F<p§‘Z}+1/n>-

Since F is smooth, this equation can be justified as long as p \* and p " are small compared
to 1/n. Then, we will rigorously prove that, when 7 is sufﬁmently large the total error in the
above approximation becomes infinitesimal:

W= oW ™Y 4+ (1= Wi
So we can replace w/, and w3, in definition of %, s

B = *||(7Tv/t\v + WS = Wi 1 = VL @

With arguments similar to the previous paragraph, we have hm ||wn/ \$ |l and 11m ||w,T / S\T||

converge to 1 in probability. Therefore, by Triangle Inequahty we get

1
@) =< 5((7%/:\3 + D IWE |+ 774/ w11 + ﬂz/s\zllwf/‘y\tll) = TTs/r\s T Tt/s\t+

a better bound than (2). However, our bias bound is even stronger than this. Our further

s/t\s {st}

argument goes to the intuition that, w), should have “positive correlation” with wy,

3 This is reasonable, because piTn is likely to be at the same scale as p; ,, whereas p; , varies for different i.
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because as targets, both s/¢\s and {s¢} contain word ¢; on the other hand, Wf,/ "\ and wﬁ/ s\

should be “independent” because targets s/¢\s and 7/s\¢ cover disjoint tokens of different
words. With this intuition, we will derive the following bias bound:

1 1
@4 < 5\/(775/[\3 + YTI/S\[)Z + 7T52/[\S + 7T12/S\t = \/E(ﬂé‘z/t\s + T[tz/s\t + 7Ts/t\x7Tt/s\t)-

A brief explanation can be found in Sect. 2.5, after the formal proof. Our experiments suggest
that this bound is remarkably tight (Sect.5.3). In addition, the intuitive explanation inspires
a way to make additive composition aware of word order (Sect. 3.2).

In the rest of this section, we will formally normalize ¢, a,T , bi , and F for simplicity of
discussion. These are mild conditions and do not affect the generality of our results. Then,
we will summarize our claim of the bias bound, focusing on its practical verifiability.

Definition 7 Let A, be the set of two-word phrases observed in a finite corpus, word order
ignored. We normalize ¢, such that the average norm of natural phrase vectors becomes 1:

1
a2 =1
n
{

styeA,

Definition 8 Since b; , is canceled out in definition of %’,{fl}, it does not affect the bias. It

}

does affect w,{q‘” ; we set b; , such that the centroid of natural phrase vectors becomes 0:

1
b= F(pS)+1/n) — al™), ®)
" ist)eA,
so that
Cn {st} .
i > wl =0 foralli.
n

{st}eA,

Note that, if the centroid of natural phrase vectors is far from 0, the normalization in
Definition 7 would cause all phrase vectors cluster around one point on the unit sphere.
Then, the phrase vectors would not be able to distinguish different meanings of phrases. The
choice of b; , in Definition 8§ prevents such degenerated cases.

Next, if ¢, and F are fixed, %’,{,ﬂ} is taking minimum at

s t
a{st} _ a, + ay

F(p{,+1/m) + F(p;,+1/n)
A )
2

2

1 n
= D F(ply +1/m) -
i=1

Hence, it is favorable to have the above equality. We can achieve it by adjusting @, such that
the entries of each vector average to 0.

Definition 9 We set
1 n
a}lﬂ :=52F(pzﬁn+1/n)—bi,n, (6)
i=1

so that
c n
=z wiTn =0 forall 7.
n ,

i=1
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r

n

Practically, one can calculate aZ and b; ,, by first assuming b; , = 0 in (6) to obtain a
and then substitute a,{ft} in (5) to obtain the actual b; ,,. The value of a,? will not change
because if all vectors have average entry 0, so dose their centroid. In Sect. 2.4, we will derive

asymptotic values of a,T , bi , and ¢, theoretically.

Definition 10 We assume there is a A such that F/(x) = x~'*t*. So F(x) can be either x* /A
(if A # 0) or Inx (if A = 0). This assumption is mainly for simplicity; intuitively, behavior
of F'(x) only matters at x ~ 0, because F is applied to probability values which are close to
0. Indeed, our results can be generalized to G (x) such that

limO G'(x)x'™ =1 and G'(x)x'™* < M for some constant M.
X—

See Remark 6 in Sect.2.3 for further discussion. The exponent A turns out to be a crucial
factor in our theory; we require & < 0.5, which imposes a non-trivial constraint on F'.

Our bias bound is summarized as follows.

Claim 1 Assume A < 0.5, the factors a,T , bi y and c,, are normalized as above, and distri-
butional vectors are constructed from an ideal natural language corpus. Then:

nlggo %,{lsr} =< \/% (7752/,\3 + ﬂrz/s\t + 7Ts/t\s77t/s\t)-

As we expected, for more “collocational” phrases, since 7,//\s and 7,5\, are smaller, the
bias bound becomes stronger. Claim 1 states a prediction that can be empirically tested on a
real large corpus; namely, one can estimate pZ ,, from the corpus and construct w] for afixed
n, then check if the inequality holds approximately while omitting the limit. In Sect. 5.3, we
conduct the experiment and verify the prediction. Our theoretical assumptions on the “ideal
natural language corpus” will be specified in Sect.2.3.

Besides it being empirically verified for phrases observed in a real corpus, the true value
of Claim 1 is that the upper bound holds for an arbitrarily large ideal corpus. We can assume
any plausible two-word phrase to occur sufficiently many times in the ideal corpus, even
when it is unseen in the real one. In that case, a natural vector for the phrase can only be
reliably estimated from the ideal corpus, but Claim 1 suggests that additive composition of
word vectors provides a reasonable approximation for that unseen natural vector. Meanwhile,
since word vectors can be reliably estimated from the real corpus, Claim 1 endorses additive
composition as a reasonable meaning representation for unseen or rare phrases. On the other
hand, it endorses additive composition for frequent phrases as well, because such phrases
usually have strong collocations and Claim 1 says that the bias in this case is small.

The condition A < 0.5 on function F is crucial; we discuss its empirical implications in
Sect.3.1.

Further, the following is a by-product of Theorem 2 in Sect. 2.4, which corresponds to the
previous Eq. (3) in our sketch of proof.

Claim 2 Under the same conditions in Claim 1, we have lim ||W,{,,SI} | = 1 forall {st}.
n—oo
Thus, all natural phrase vectors approximately lie on the unit sphere. This claim is also

empirically verified in Sect.5.3. It enables a link between the Euclidean distance %’,{,”} and
the cosine similarity, which is the most widely used similarity measure in practice.
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2.3 Formalization and assumptions on natural language data

Claim 1 is formalized as Theorem 1 in the following.

Theorem 1 For an ideal natural language corpus, we assume that:

(A) lim p;,-ilnn=1

(B) nL:tog‘, T be randomly chosen word targets. If ¥ :={ST}, S/T\S or T/S\T, then:
(B1) For n fixed, pZﬁ 2 S (1 <i < n) can be viewed as independent random variables.
(B2) Put X := p{n/p,-,n. There exist &, B such that P(x < X) = &/x for x > B.

S/T\S

(C) For each i and n, the random variables Pin
F(p, S/T\S

T/S\T

and P, are independent, whereas

+1/n) and F(p; iT}—i- 1/n) have positive correlatlon
Then, if]E[F(X) ] < 00, we have

Ma%“‘</(ﬁnw+ﬂnﬁr+mnmmmw)mmwwmw

n—oo

We explain the assumptions of Theorem 1 in details below.

Remark 1 Assumption (A) is Zipf’s Law (Zipf 1935), which states that the frequency of the
i-th word is inversely proportional to i. So p;, is proportional to i ~!, and the factor Inn
comes from equations > ", p;, = 1 and }_"_, i~! ~ Inn. One immediate implication of
Zipf’s Law is that one can make np; , arbitrarily small by choosing sufficiently large n and
i. More precisely, for any § > 0, we have

Npin <86 —— <i<n, %
’ Slnn

so as long as n is large enough that Inn > 1/4, there is an i in (7) such that np; , < é. The
limit np; , — 0 will be extensively explored in our theory.

Empirically, Zipf’s Law has been thoroughly tested under several settings (Montemurro
2001; Ha et al. 2002; Clauset et al. 2009; Corral et al. 2015).

Remark 2 When a target 7 is randomly chosen, (B1) assumes that the probability value
pzﬁn is random enough that, when i # j, there is no obvious relation between pZn and pfn
(i.e. they are independent). We test this assumption in Sect.5.1. Assumption (B2) suggests
that pi’r , 1s at the same scale as p; ,, and the random variable X := pZ ./ Pin has a power
law tail* of index 1. We regard (B2) as the Generalized Zipf’s Law, analogous to Zipf’s Law
because p; ,’s (1 <i < n, n fixed) can also be viewed as i.i.d. samples drawn from a power
law of index 1. In Sect. 2.6, we show that Assumption (B) is closely related to a Hierarchical
Pitman—Yor Process; and in Sect. 5.2 we empirically verify this assumption.

Remark 3 Assumption (C) is based on an intuition that, since S/ T\ S and T /S\T are different
word targets and ps/ S and pT/ S\T are assessed from disjoint parts of corpus, the two
random variables should be 1ndependent On the other hand, the targets S/7T\S and {ST}
both contain a word 7', so we expect F(pS/T\S+ 1/n) and F(piilT} +1/n) to have positive
correlation. This assumption is also emplrlcally tested in Sect.5.1.

4 The assumption can further be relaxed to ximw xP(x < X) = &. We only consider (B2) for simplicity.
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Remark 4 Since X has a power law tail of index 1, the probability density —dP(x < X)
is a multiple of x =2 dx for sufficiently large x. Wherein, IE[F (X )2] becomes an integral of
F(x)*x2dx, so A < 0.5 is a necessary condition for E[ F(X)?] < oco.

Conversely, A < 0.5 is usually a sufficient condition for IE[F (X )2] < 00, for instance,
if X follows the Pareto Distribution (i.e. § = B) or Inverse-Gamma Distribution. Another
example will be given in Sect. 2.6.

Lemma 1 Define Y; , := F(p), +1/n) = F(pinf+1/n) = F(pinX +1/n) — F(pinf+

1/") Put Cin = E[ zn] Vin ‘= Var[Yi,n]’ and Pin = (pi,n)z)»(l + (ﬂnpi,n)_l)il+2)\-
Then,

(a) There exists x such that —— l¢i.n] < x foralli,n.

i,n

(c) The set of random variables { Y? /gai,n} is uniformly integrable; i.e., for any ¢ > 0,

there exists N such that ]E[Y IYz ] <&@ foralli,n.

,>Ngin

)25

(d) lim “in —n;éOwheren—/ (F(z+B)— F(B)
0

npin—0 Di.n
Remark 5 As sketched in Sect. 2.2, our proof requires calculation of E[(wfn)z]; this is done
by applying Lemma 1 above The lemma calculates the first and second moments of Y; ,;
note that Y; , differs from w ,, only by some constant shift.> As the lemma shows, when i

and n vary, the squared first moment e ,, and the variance v; , scale with the constant ¢; ,. At
the limit np; , — 0, Lemma 1(b)(d) suggests that e; ,//9i.n and v; /@i , converge, which
is where the power law tail of X mostly affects the behavior of Y; .

Remark 6 The function F(x) in Lemma 1 can be generalized to function G (x) as mentioned
in Definition 10. Because by Cauchy’s Mean Value Theorem,

G(pinx+1/n) — G(pinf+1/n)
F(pinx+1/n) — F(pinp+1/n)
so the random variable G(p; , X + 1/n) — G(p; ,B + 1/n) is dominated by MY;, and

converges pointwisely to Y; , as n — oo. Then, by Lebesgue’s Dominated Convergence
Theorem, we can generalize Lemma 1 to G(x), and in turn generalize our bias bound.

= G'(¢)¢'™* forsome p;B+1/n < ¢ < piax+1/n,

Lemma 2 Regarding the asymptotic behavior of ¢; ,,, we have

21
(a) lim I % = pl=2*
npi n—0 npi,n

(b) n= " nn - g, < B

(c) Forany 8 > 0, there exists My such that n="%* Inn Z‘”“” n < Ms for all n.
(d) Foranyd > 0, we have nli)ngon 1424 Inn Zﬁfz @in = 00.

Lemma 1 is derived from Assumption (B) and the condition E[F (X)?] < co. Lemma 2
is derived from Assumption (A). The proofs are found in “Appendix 1.

5 Namely, the constant F(p; ,8+1/n) — aT bj n. As a further clue, in the upcoming Theorem 2 we will

prove that an can be taken as 0, and b; ,, as IE[F(p{ST}Jrl/n)] which is in the same scale as F'(p; , B+1/n).
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2.4 Why is A < 0.5 important?

As we note in Remark 4, the condition A < 0.5 is necessary for the existence of ]E[F (X )2].
This existence is important because, briefly speaking, the Law of Large Numbers only holds
when expected values exist. More precisely, we use the following lemma to prove convergence
in probability in Theorem 1, and in particular Eq. (3) as discussed in Sect. 2.2. IfIE[F(X)2] =
00, the required uniform integrability is not satisfied, which means the fluctuations of random
variables may have too different scales to completely cancel out, so their weighted averages
as we consider will not converge.

Lemma 3 Assume U;,’s (1 < i < n, n fixed) are independent random variables and
{Uiy,,/qa,-,n} is uniformly integrable. Assume lim OE[Ui,n]/tp,-,n = {. Then,

npin—

lim L}‘ Uin

=00 ) i—1%in

= { in probability.

Proof This lemma is a combination of the Law of Large Numbers and the Stolz-Cesaro
Theorem. We prove it in two steps.
First step, we prove

lim Zl"lzl U;,n - E[Ui.n]
n—00 Zi:l Yin
This is a generalized version of the Law of Large Numbers, saying that the weighted average
of U;, converges in probability to the weighted average of E[U; ,]. Since {Ui,n /(pi_n} is

uniformly integrable, for any & > 0 there exists N such that E[|U; [, ,|>Ngi, | < €*@in
for all i, n. Our strategy is to divide the average of U; , into two parts, namely

YiciUin  2ic Uinlu, iz, N izt Uinl\U; >N,
Z?:l Pi.n Z?:l PDi,n Z:‘l:l Pi,n '
and show that each part is close to its expectation. For the |U; ,| > Ng; , part, we have
‘ |:Z:l=1 Ui’nI‘Ui<ll‘>N(ﬂi,n
E n
D imt Pin
by definition, so it has negligible expectation and can be bounded by Markov’s Inequality:
Z?:l Uis” II Uin |>N‘Pi,n Z:lzl Ui’" ]‘Ui,n [>N@in
P n ] -E n ]
D iet Pin D iet1 Pin
On the other hand, for the |U;,| < Ng¢;, part we have Var[U,',,, I‘Ui’n‘SN(pivn] <

N(piynE[|U,~,n|]; and {U,;,,/(pi,n} being uniformly integrable implies E[|U,-,n|] < Mg, , for
some M, so

=0 1in probability.

iH < &2 foralln

]‘ >s) < 2¢ forall n.

NM.

2
Var |:Z;1=l Uivnllui,n |<SN@in i| < Z;l:l (pi,ll
n . 2
Yiz1 Gin (i1 @in)
By Lemma 2(b), we have

n o0
- 2 - .
(n H'2’\lnn) E (pizn §ﬂ2 4 E i~ < oo.
i=1 i=1
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In contrast, by Lemma 2(d) we have

n
lim (rf”z}‘ In n)2<2 wi’n)z = 00.
i=1

n—oo

Therefore,

2

hm Z:’:l wi,il Z:lzl Uivn I‘Ui,n‘fN‘pi,n :| — 0
n—00 (2?21 (pi’”)Z Z?:] Gin

Thus, the |U; ,| < N¢; , part concentrates to its expectation by Chebyshev’s Inequality. The

first step is completed.
Second step, we prove

=0 and lim Var[
n—oo

i izt Bl _ o ElUi]

n
n—00 Zi:l‘pi,n npin—>0  Qin

This is a generalized version of the Stolz-Cesaro Theorem, saying that the limit ratio of two
series equals the limit ratio of corresponding terms. By definition and Eq. (7), for any ¢ > 0
there exists § such that

E[U;
" gifn:‘M—£‘<s for all n.

Di,n

Slnn
In addition, we can bound
‘ E[U; n]

Pi.n

—e‘gM forl <i <
Slnn

because {Ui,n/gol-,n} is uniformly integrable. The ratio (Z?:l E[Ui,n])/(Zi?:l (p,',,,) can be

viewed as a weighted average of two parts, one from indices —— < i < n and the other

Slnn
from 1 <i < 5. By Lemma 2(d), the weight for the first part tends to infinity:

n
im0~ 0 ) g = oo

n
STnn =t

whereas by Lemma 2(c), the weight for the second part is finite:

n
Slnn
n~ 1 Inn E Qin < 00.

i=1

Therefore, the first part dominates, so nl;n;J (I EBLUW) /(X win) — €] < e u]

Combining Lemma 1(a)(c)(d) and Lemma 3, we immediately obtain the following. This
is almost Eq. (3) we wanted in Sect.2.2.

Corollary 4 Let T :={ST}, S/T\S or T/S\T. Then we have

2
Sy (FoT,+1/m) = B[F (T, +1/m)])
lim i
n—>00 n Zi:l Pi,n

=1 in probability.

Now, we can asymptotically derive the normalization of a,, b; , and c,, as defined in
Sect.2.2. A by-product is that the norms of natural phrase vectors converge to 1.
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Theorem 2 If we put ai’"’ = 0 for all {st}, and set b;, := E[F(p}ff}+ 1/m)], cn ==
—12
(X0, ¢in) "7, then

n
im - . C ST .
lim |An| > wP =o, ,};ngo;”Zw},ﬂﬂ and  lim WiV = 1
n {st}eA, i=1
in probability.

Proof By the assumptions on a,{ft} and b; ,, we have

wl = F(pP+1/n) —E[F(p{3 +1/m)].

Then,
2
wsrrs Sim(Fl,+1ym —E[FL +1/m))
w117 = % :
n Z[:] Di.n
so Corollary 4 implies nli)ngonw,{fﬂ I =1

Next, Lemma 1(c) implies that there exists M such that
(ST} .
Var[F(p;, ' +1/m)] < Mg;, foralli,n,

hence

2 ST
gl (s |2 L Z Vel P )
— )W =2 o
n n ’IZi=1‘pl,n

1
in =< }’TZ — 0 (whenn — o0).

n

i=1

n
Therefore, by Chebyshev’s Inequality we have lim n Z wl{iT} = 0 in probability.
n—-oo n iz ’
Finally, the ordinary version of Law of Large Numbers implies that

| 3 Fpl4+1/n) = E[F(pS3T +1/m)]
n—o00 | Ay| (s1)€An \/VM[F(pi{izT}_'—l/n)]

= 0 in probability;

so we immediately have

. Cn {st} .
nl;rrgo A, Z w;, = 0 foralli.
(st}eA,

The theorem is proven. O

Therefore, if we set a,{fl}, b;, and ¢, as in Theorem 2, all conditions in Definition 7,
Definition 8 and Definition 9 are asymptotically satisfied. In addition, we have obtained the
result stated in Claim 2.

In view of Corollary 4, if 1 < 0.5 is not satisfied, the norms of natural phrase vectors will
not converge. This prediction is experimentally verified in Sect.5.3.
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2.5 Proof of Theorem 1 and an intuitive explanation

In this section, we start to use Eq.(1) and derive our bias bound. Recall that Eq. (1) decomposes
s/t\s

pf , into a linear combination of p;’ " and pl{i:}; our first notice is that F'( pl’. ,+1/n) canbe

i,
function F has linearity. This is because F' is smooth, and when np; , is sufficiently small, the

probability value p; , is small compared to 1/n, so F(x+1/n) can be linearly approximated
as F'(1/n)x + F(1/n), as long as x is at the same scale as p;,. This is formalized as the
following lemma.

decomposed similarly into a linear combination of F( p‘?/nt\s—i-l /n)and F( pi[syf 1 /n),asif the

Lemma 5 The set of random variables

2
{(FGT,+1/m = s ms FGITS +1/m) = (= 7 m ) FGS +1/m) fo1a |

is uniformly integrable, and

2
] E[(Fpl,+1/m = msymsF T +1/m) = (1 = sm) Pl +1/m)° ] .
npim 0 Gin -

Proof For brevity, we set

S/T\S ST
Pr=pi" Pr=plT w =g,

and F(x) = F(x+1/n) — F(pinB+1/n).

By Eq. (1) we have p/, = wP| + (1 — w) Py, so F(p!,) = F(x P + (1 — 7) Py) lies in
between F (Py) and F (P>). Therefore,

(Fpl) = nF(P1) — (1 = m)F(Py)® < (F(Py) — F(Py)?
- 2 I 2
= AEPO  pyys ey T 4P T pys fpy e

By Lemma 1(c), {F(P1)?/¢i.n} and {F(P2)?/¢; ) are uniformly integrable. So for any
& > 0, we have E[F(Pl)ZIF(P,)2>N¢,-_n] < g@ip and E[F(PZ)ZIF(P2)2>N¢M] < e@; , for
some NN. Consider the condition '

& .= “Either I*:(Pl)2 > Ng; , or I}(Pz)2 > Ngin”,
which is weaker than “(F(p[,) = x F(Py) — (1 — 1) F(P»))” > 4Ng;,,”, and we have
~ ~ ~ 2
E[(F(pl,) = F(P) = (1 = 1) F(P) I |

< E[4F(PD* L p o ng,, +4F P 1ppyao ]

< 88(/),3,,.

®)

So [(I:‘(p{n) — nI:"(Pl) - (1= n)[:‘(Pg))z/(pi,n] is uniformly integrable.
The previous argument also suggests that the case ¢ being satisfied is negligible, because
(8) is arbitrarily small. Thus, we only have to consider the complement of %', namely

—% := “Both 1':”(P1)2 < Ny, , and 1':1(P2)2 <N,
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Under this condition, intuitively F (Pp) and F (Py) are restricted to a small range so a linear
approximation of F becomes valid. More precisely, we show that

E[(F(p{n) —nF (P —(1— n)ﬁ(PQ))ZL(,y]
L 9 =0, ©)
npin— in

which will complete the proof. For brevity, we set
F(x):=F(x+1)—F(), U :=FunP), Uy:=FnP).
Let H be the inverse function of £
H(F(x) = x,
and put
J Gy, uz; ) == F(rH(u) + (1 = 1) H(w2)) — 7y — (1 = m)ua.

Note that the functions # , H and J donotdepend on n, i, S or T. Now, we consider the limit
np;» — 0. By Lemma 2(a), we can replace the ¢; , in (9) with np; ,, - n~2*; and since

n*F(x) = F(nx+1) — F(np; ,f+1) = F(nx) (whennp;, — 0),
we can replace n*F (x) with F (nx). Thus, (9) is equivalent to

E[J W1, Uz 1y |

lim =0, (10)
npin—0 npin
where 2 is the condition
2 = “Both U12 < Nnp; , and U22 < Nnp;,".
Now, since 3%J(O, 0;m) = 38721(0, 0; ) = 0, we have

. J(uy, u; m)? .
lim ———5"— =0 uniformlyon0 <7 < 1.
u%+14%—>0 uj + us
Therefore, when np; , — 0 we have

. . 2 2 .
. [uul, Un; n)zlrﬁ] . [J(Ul, Upm)ly Ui+ U2i| oNE [J(Ul, Us; n)%} o

nPin U + U3 nPin U+ U3
Equation (10) is proven and we complete. O

Now, we are ready to prove Theorem 1. An intuitive discussion is given after the proof.

{ST
in

Proof of Theorem 1 Asin Theorem 2, we seta,{ft} =0,b;, := E[F(p }—i—l/n)] andcy, :=
T

(nXimy <Pi,n)7l/2.Assume a!, := Oforallz, then one can calculate thatnli)n;o wy i w, =

0 in probability, by using Lemma 5 and similar to the proof of Theorem 2. Thus, we set
al, := 0. Then,

2
L (F(pjjf}ﬂ/n) — L(F S, +1/n) + F(p{,,+1/n)))

BSTH?
( " ) N =1 Pin
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Next, by Lemma 5, Lemma 3 and Triangle Inequality, we can replace F'( piT, ,+1/n) with

N ST
w5 s F il +1/m) + (1= ws)ms) F(pls  +1/n),

and replace F(pfn +1/n) with
T ST
wrs\r F(p) PN +1/m) + (1= wpysi) F S 4 1/m).

For brevity, we put y 1= 7s/T\S, T2 1= TT/S\T> I:"(x) = F(x+1/n) — F(pi,f+1/n)
and

_ (ST}

STS
w3 = Fpith, )"

S/T\S), HT/S\T . F(pz'éS\T).

n

= F(p

to denote asymptotic equality at the limit » — oo. Then,

e

We use

(ST _S/T\S _T/S\T\2
Yisi(m +7T2)w§,n }_ﬂlwi,zé ) _”2wi,i ) )

430 Gin

Again, by Lemma 1(a)(b), Lemma 3 and Triangle Inequality, we can replace w , With
wl = lZ) E[w o] (Where 1 is either {ST}, S/T\S or T/S\T). Hence,

ln
N ~ 2
SV RIC U RS w1 VA0 S v BT

U

(57 =(m1 +m)

4n Z, 1 %in o 4n Zl 1%in 2 4n Z?:l Pi.n
n wS/T\S L (ST} n AT/S\T 5(ST)
1 i i=1%in i,n
— 2 (w4 m3) LA LY 2y (mry + ) ! : :
4 Zt 1 Pi.n 477 Z?:l Di,n
n AS/T\S T/S\T
W
+ 2mymp =
4n Zi:]@l,n
By Corollary 4, we have
~{ST}\2 ~S/T\S\2 ~T/S\T\2
Y (i) ! Y, ) b iz (i) 1
and i ein A MY i 4 Y i 4

S/T\S T/S\T
[i; 1=

By Assumption (C), we have E 0, so applying Lemma 3 we get

B SIT\S 5 T/S\T ~S/T\S ~T/S\T
Z:l | w in wl n — lim I["?‘l:l‘vi,n wi,n ] -0
4n Zizl Di.n " npip—0 477901',;1
Also by Assumption (C), we have E[ws/T\swl{fT}] > (0 and IE[ T/S\Twl{yn }] >0, so
n AS/T\S {ST} n ~T/S\T ~{ST}
w w W, w:
lim 2! M >0 and lim iz in___tn_ s,
n—oco  4n Zi:1 Pi.n n—00  An3 i Qin
Therefore, nli)n;o(%’,{,sn)z < %((7‘[1 +m)% + 7[12 + 7[22) = %(71'12 + 71'22 + mmo). ]

Using notations in the proof of Theorem 1, from a high level it is as if we have the following
decomposition:
w!  =m As/t\s—i—(l T )w

nn ln ’
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which is in correspondence to the decomposition of pl? ,, in Equation (1). Similarly,

{st}
Ln’

w!, = nzw;{;\t + (1 — m)w;
and by definition wl{s’i} = usl?ij}. Thus,

; 1 . 2 1 N7 . N 2
I S VR

1 2/ Af{sth\2 2 (. A~s/t\s\2 ~1/s\t
:Z<(m+”2) (00 + (i) + 3 (i)

— 27y (my + nz)wj{[\vwfiﬁ — 2o (my + nz)wt/v\tw[ét}

+ 201, ) v/t\vﬁ)t/r\t).

nn
- ws/t\s z/i\z, S/T\S

s/t\s ~ {rt

and

S sum to pOSlthG because

s cancel out to 0 because w
Az/s\r {w},

By taking summation ¢, Y+
~T/S\T
Wi n

i=1
sand

are independent; meanwhile, w
~S/T\S {

AT/S\
i,n and w;

bounded by Z((”l +m)? + 7+ 712) = 5(711 + 712 + 7).
In view of this explanation the technical points of Theorem 1 are as follows. First, the
A / t\s }

are posmvely correlated to w; Therefore the sum of the above is

decomposition of w ,intow;’ " and w is not exact; there is difference between ws/ "% and

zzf/ "\ due to the expected Value, and there is difference between F ( Pi,n'H/ n) and the linear

combination of F'( pS/ T\S—I—l /n) and F( p{ST +1/n). However, by Lemma 1(b) the expected
value converges to 0, and by Lemma 5 the linear approximation holds asymptotically. So this
firstissue is settled. Second, the most importantly, term (@ {‘Z})Ls, (w S’/ r\x) sand (w; 1 S\’)
have to sum to constants 1ndependent of s and ¢, otherwise they cannot be separated from
1 and 7> in the calculation of 93,, . This requires Eq. (3) as we discussed in Sect. 2.2, and
it is a generalized version of the Law of Large Numbers. For this law to hold, one needs
conditions to guarantee that the fluctuations of random variables are at comparable scales to
cancel out. This leads to the condition A < 0.5, which is a non-trivial constraint on function
F. Formally, Eq. (3) is proven as Corollary 4.

Insights brought by our theory lead to several applications. First, as we found that the power
law tail of natural language data requires A < 0.5 for constructing additively compositional
vectors, our theory provides important guidance for empirical research on Distributional
Semantics (Sect.3.1). Second, as we found that w , and w; have decompositions in which

t t AT t
{S }is a common factor and survives averaging, but wv/ W and g / S\' cancel out each other,

we come to the idea of harnessing additive composmon by engmeermg what is common in
the summands. Then, for example, we can make additive composition aware of word order
(Sect.3.2). Third, as one can read from Lemma 2(c)(d) and the proof of Lemma 3, it is
important to realize that the behavior of vector representations is dominated by entries at
dimensions corresponding to low-frequency words, namely w . S where i < i < n.This
understanding has impact on dimension reduction (Sect. 3.3).

2.6 Hierarchical Pitman—Yor process

In Assumptions (A)(B) of Theorem 1 we have required several properties to be satisfied by
the probability values p; , and pzﬂn. Meanwhile, p; ,’s and p; ’s (1 < i < n, n fixed) define
distributions from which words can be generated. This setting is reminiscent of a Bayesian
model where priors of word distributions are specified.
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Conversely, by the well-known de Finetti’s Theorem, an exchangeable random sequence
of words (i.e., given any sequence sample, all permutations of that sample occur with the
same probability) can be seen as if the words are drawn i.i.d. from a conditioned word
distribution, where the distribution itself is drawn from a prior. A widely studied example
is the Pitman—Yor Process (Pitman and Yor 1997; Pitman 2006); in this section, we use the
process to define a generative model, from which Assumptions (A)(B) can be derived.

Definition 11 A Pitman—Yor Process PY («,0) (0 < @ < 1,6 > —a«) defines a prior for
word distributions, which is the prior corresponding to the exchangeable random sequence
generated by the following Chinese Restaurant Process:

1. First, generate a new word.
2. Ateach step, let C(w) be the count of word @, and C := ), C(w) the total count;
let N be the number of distinct words. Then:

. .. O0+aN
(2.1) Generate a new word with probability e
- . . Co)—«
(2.2) Or, generate a new copy of an existing word @, with probability ic
C(@)

Definition 12 In the above process PY («, 8), we define p(e) := lim — where limit

is taken at Step — oo. Fix a word index i such that p(w;) > p(w;+1). Put p; := p(w;).
Theorem 3 For a sequence generated by PY (a, 0), we have lim C/N'/* = Z for some Z.
Proof This is Theorem 3.8 in Pitman (2006). ]

Theorem 4 We have lim p; - iler1 —a)® = Z, where Z is the same as in Theorem 3.
1—> 00

Proof This is Lemma 3.11 in Pitman (2006). m]

Theorem 4 shows that, if words are generated by a Pitman—Yor Process PY («, 6), then p;
has a power law tail of index «. It is in the same form as Assumption (A), and when o ~ 1,
it approximates the Zipf’s Law.

For two sequences generated by PY(«,6), their corresponding Z as in Theorem 3
may differ (since the sequences are random), even if they are generated with the same
hyper-parameters o and 6. Nevertheless, the limit always exists, and Z follows a statisti-
cal distribution. The probability density of Z~¢ is derived in Pitman (2006), Theorem 3.8:

_dP(r < Z79) = Lo+
r'@/a+1)

where g (x) is the Mittag—Leffler density function:

0leg,(x)dx (x > 0), (11)

1 & (_1)k+l
galx) 1= — Z — ek + D) sin(rak)x 1.

k=0
In this article, we only need the fact that lim0 Xxgq(x) is a nonzero constant.
x—

Next, we consider the co-occurrence probability p? (w), conditioned on @ being in the
context of a target 7. One first notes that pT () is likely to be related to p (e ); i.e., frequent
words are likely to occur in every context, regardless of target. To model this intuition, the idea
of Hierarchical Pitman—Yor Process (Teh 2000) is to adapt PY («, 6) such that in each step,
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if a new word is to be generated, it is no longer generated brand new, but drawn from another
Pitman—Yor Process instead. This second Pitman—Yor Process serves as a “reference” which
controls how frequently a word is likely to occur. More precisely, a Hierarchical Pitman—Yor
Process HPY (a1, 01; a2, 62) generates sequences as follows.

Definition 13 In HPY (a1, 61; a2, 62), instead of generating words directly, one generates a
“reference” at each step, where the reference can refer to new words or existing words. We
use p to denote a reference and @ the word referred to by the reference.

1. First step, generate a new reference which refers to a new word.

2. At each step, let C(p) be the count of reference p, and C(w) := > _,_. C(p) the
count of all references referring to word @ ; let C := ) C(w) be the total count,
N, () the number of distinct references referring to @, and N, := Y N, (o) the
total number of distinct references; finally, let Ny, be the number of distinct words.

(2.1) Generate a new reference referring to a new word, with probability

1 01 + o1 N,
6b+C 6+ N,

(2.2) Generate a new reference referring to an existing word @, with probability

- (02 + aaNy).

1 61 + a1 N,
91+C 92+Nr

- (Ny() — az).

(2.3) Or, generate a new copy of an existing reference p, with probability

- (C —ap).
0+ C (C(p) —a1)

It is easy to see from definition that HPY («1, 01; a2, 02) generates an exchangeable word
sequence; and if we focus on distinct references (i.e., ignoring (2.3), consider N, (o) as “the
count of word & ” in the ordinary Pitman—Yor Process), then the process becomes PY (2, 62).
We assume this is the same process which defines word probability p(w ), so

Ny (@) .
N,

p(w) = lim

and we define the conditional probability p? (=) as:

C
pT(w) ;= lim %

Thus, HPY (a1, 61; a2, 67) indeed connects pT () to p(w). This connection between word
probability and conditioned word probability has been explored in Teh (2006); in which, it
is used in an n-gram language model to connect the bigram probability p(w|u) to unigram
probability p(w), for deriving a smoothing method.

Unfortunately, a precise analysis on the above p? (&) is beyond the reach of the authors;
instead, we consider a slightly modified process which is much simpler for our purpose.

Definition 14 A Modified Hierarchical Pitman—Yor Process MHPY (a1, 61; oz, 62) gener-
ates sequences as follows. Using the same notation as in Definition 13:

1. First step, generate a new reference which refers to a new word.
2. Ateach step:
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(2.1) Generate a new reference referring to a new word, with probability

1
B (02 + a2 Ny).

(2.2) Generate a new reference referring to an existing word @, with probability

1
5 (@) — ).

(2.3) Or, generate a new copy of an existing reference p, with probability
1 Ny(@?) —az

D o aN, @ P

In above, D is a normalization factor that makes the probability values sum to 1:

. Ny (@) —az
D =6, +ayNy + Z m (C(@) +01).
w

MHPY (a1, 61; an, 62) modifies HPY («1, 01; a2, 62) by canceling (01 +a 1 N,) /(0> + N,)
in (2.1) and (2.2), and scaling (2.3) by a (N, (o ”) — o) /(01 + o1 N, (w?)) factor instead. It
is noteworthy that, since lim N, = oo and lim N, (@ ”) = oo, we have

. O +a1N, . N (w?P) — ay 1
Iim——=¢; and Im —MF—— = —,
6> + N, 01 + a1 N (@ P) o
So the asymptotic behaviors of MHPY (a1, 61; a2, 62) and HPY («1, 01; o2, 62) are similar.

A favorable property of MHPY («1, 61; a2, 6») is that, like HPY (a1, 01; an, 62), it

becomes PY (a3, 62) when one focuses on distinct references, so we have
N,
p(@) =lim ﬂ (12)
N,

as before; besides, if restricted to a specific word @ (i.e., ignoring (2.1), only consider the
references referring to @, and regard references as “words”, C(p) as “the count of word
p”,and C(@) = Y _,_. C(p) as “the total count”, N, () as “the number of distinct
words” in the ordinary Pitman—Yor Process), then the process becomes PY («, 61). Thus,

by Theorem 3
. C(@)
lim W = Z4 forsome Z,;. (13)
Therefore, combining (12) and (13) we have
1/aq
N
pY(w) :=lim % = p(@)"/* Z lim C )

So pT(zzr)/p(w)l/‘)‘1 is a constant multiple of Z,;, which follows a distribution specified in
Eq. (11); and it is easy to see that Z;’s for different = are mutually independent. Thus, we
have obtained Assumption (B1).

As for Assumption (B2), we assume 6#; = 1 and derive the distribution of Z, from (11):

o 27 gy (274
(o +1) 72

—dIP(Z <Zy) = dz (z > O)

Since lim0 xge(x) is a nonzero constant, the above probability density is of order o(z2)
x—

when z — 00, so the random variable Z,, has a power law tail of index 1. Thus, Assumption
(B2) is approximately satisfied when o1 =~ 1 and 6; = 1.
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3 Applications

In this section, we demonstrate three applications of our theory.

3.1 The choice of function F

The condition A < 0.5 specifies a nontrivial constraint on the function F. In Sect.2.4 we
have shown that this is a necessary condition for the norms of natural phrase vectors to
converge. The convergence of norms is an outstanding property that might affect not only
additive composition but also the composition ability of vector representations in general.
Specifically, we note that F(x) = Inx when A = 0, and F(x) = /x when A = 0.5. It
is straightforward to predict that these functions might perform better in composition tasks
than functions that have larger A, such as F(x) := x or F(x) := x Inx. In Sect. 5.3, we show
experiments that verify the necessity of A < 0.5 for our bias bound to hold, and in Sect.6
we show that F indeed drastically affects additive compositionality as judged by human
annotators; while F(x) := Inx and F(x) := +/x perform similarly well, F(x) := x and
F(x) := x In x are much worse.

Different settings of function F have been considered in previous research, and spec-
ulations have been made about the reason of semantic additivity of some of the vector
representations. In Pennington et al. (2014), the authors noted that logarithm is a homo-
morphism from multiplication to addition, and used this property to justify F(x) := Inx
for training semantically additive word vectors, but based on the unverified hypothesis that
multiplications of co-occurrence probabilities have specialties in semantics. On the other
hand, Lebret and Collobert (2014) proposed to use F(x) := /x, which is motivated by the
Hellinger distance between two probability distributions, and reported it being better than
F(x) := x. Stratos et al. (2015) proposed a similar but more general and better-motivated
model, which attributed F(x) := /x to an optimal choice that stabilizes the variances of
Poisson random variables. Based on the assumption that co-occurrence counts are generated
by a Poisson Process, the authors pointed out that F(x) := /x may have the effect of sta-
bilizing the variance in estimating word vectors. In contrast, our theory shows clearly that
F affects the bias of additive composition, besides variance. All in all, none of the previ-
ous research can explain why F(x) := Inx and F(x) := /x are both good choices but
F(x) := x is not.

Intuitively, the condition A < 0.5 requires F(x) to decrease steeply as x tends to 0. The
steep slope has effect of “amplifying” the fluctuations of lower co-occurrence probabilities,
and “suppressing” higher ones as a result. Formally, this can be read from Lemma 1, which
shows that Var[F (p,+1/n)] scales with @i = pin(pin + (Bn)~") " 72" When 1 < 0.5,

1y 1422 .
the ( pin+(Bn) 1) factor decreases as p; , increases, and the decrease becomes faster
when A is smaller. Thus, in the vector representations we consider, higher co-occurrence
probabilities are “suppressed” more when A is smaller.

3.2 Handling word order in additive composition

By considering the vector representation w,[ft} we have ignored word order and conflated the
phrases “s ¢” and “¢ s”. Though the meanings of the two might be related somehow, to treat
a compositional framework as approximating wil‘”} instead of w’ would certainly be trou-

blesome, especially when one tries to extend our theory to longer phrases or even sentences.
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a bl f gV &N o rouN vV Wl xF y
a bl f gV &V e uvV vV oW xF y
a bl cf gV &N o ulV VN oW xF y

Fig. 2 Surrounding two-word phrase “s ¢”, the Near—far contexts assigned to se, o and st are the same

a b ¢ d e ¢ s u v w x Yy
ab’chFeNth' vaNxFyF‘

’anFcNdN °tsNquFwF‘xy

Fig. 3 Surrounding phrase “f s”, word order reversed, the Near—far contexts assigned to se and er differ in
their N—F labels

As the following example (Landauer et al. 1997) demonstrates, meanings of sentences may
differ greatly as word order changes.

a. It was not the sales manager who hit the bottle that day, but the office worker with the
serious drinking problem.

b. That day the office manager, who was drinking, hit the problem sales worker with a
bottle, but it was not serious.

Thus, it is necessary to handle the changes of meaning brought by different word order.
Traditionally, additive composition is considered unsuitable for this purpose, because one
always has w + w!, = w! + w’. However, the commutativity can be broken by defining
different contexts for “left-hand-side” words and “right-hand-side” words, denoted by re
and et, respectively. Then, the co-occurrence probabilities pl"n and pl"n will be different,

SO %(wfl‘ + wp') and %(Wﬁ,‘ + wy*) are different vectors. In this section, we propose the
Near—far Context, which specifies contexts for se and ez such that the additive composition
%(wfl' + wy') approximates the natural vector w3 for ordered phrase “s t”.

Definition 15 In Near—far Context, context words are assigned labels, either N or F. For
constructing vector representations, we use a lexicon of N-F labeled words, and regard words
with different labels as different entries in the lexicon. For any target, we label the nearer
two words to each side by NV, and the farther two words to each side by F. Except that, for
the “left-hand-side” word se we skip one word adjacent to the right; and similarly, for the
“right-hand-side” word e¢ we skip one word adjacent to the left (Fig. 2).

The idea behind Near—far Context is that, in the context of phrase “s ¢, each word is
assigned an N-F label the same as in the context of se and ef (Fig.2). On the other hand,
for targets s and ¢ occurring in the order-reversed phrase “f s”, context words are labeled
differently for se and ez (Fig.3). As we discussed in Sect.2.2, the key fact about additive
composition is that if a word token ¢ comes from phrase “s ¢ or “t s, the context for this
token of 7 is almost the same as the context of “s #”” or “¢ s”. By introducing different labels
for context words of e and ez, we are able to distinguish “s ¢ from “¢ s”. More precisely,
similar to our discussion in Sect.?2.5, the common component of wf; and wl"n will survive
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in the average %(wis; + w["n), whereas independent ones will cancel out each other. Thus,

the additive composition 4 (w5® + ws') will become closer to w§’ rather than w's, because
se and ef share context surrounding “s ¢ but not “¢ s”.

Definition 16 Formally, as analogue to Definition 6, we define target se\¢ which counts
every se not at the left of word z. We denote 7,\, the probability of s being not at the left
of 7, conditioned on its occurrence. Practically, one can estimate (1 — 7ge\;) by C(st)/C(s).
Similarly, we define s /et and 7,/.;. Then, we have equations

piY = ns.\,p‘i'n\t + (I = 75a\1) p;’, foralli,n
it = o pilt + (= Ty pfl, forallion
as parallel to (1).
The following claim is parallel to Claim 1.

Claim 3 Under conditions parallel to Claim 1, we have

. ) 1 ° o 1
nlizgoﬂizt = ”Wf,t - E(W; + Wnt)” = \/E(Hf.\t + ”3/,t + ﬂso\t”s/ot)~

In Sect. 5.4, we verify Claim 3 experimentally, and show that in contrast, the error ||w§f —
%(wfl' +w?")|| for approximating the order-reversed phrase “¢ s can exceed this bias bound.
Further, we demonstrate that by using the additive composition of Near—far Context vectors,
one can indeed assess meaning similarities between ordered phrases.

3.3 Dimension reduction

By far we have only discussed vector representations that have a high dimension equal to the
lexicon size n. In practice, people mainly use low-dimensional “embeddings” of words to rep-
resent their meaning. Many of the embeddings, including SGNS and GloVe, can be formalized
as linear dimension reduction, which is equivalent to the finding of a d-dimensional vector
v! (where d < n) for each target word ¢, and an (1, d)-matrix A such that Zz L(AV, wﬁ,)
is minimized for some loss function L(-, -). In other words, Av' is trained as a good approx-
imation for w/,.

Naturally, we expect the loss function L to account for a crucial factor in word embeddings.
Although there are empirical investigations on other detailed designs of embedding methods
(e.g. how to count co-occurrences, see Levy et al. 2015), the loss functions have not been
explicitly discussed previously. In this section, we discuss how the loss functions would
affect additive compositionality of word embeddings, from a viewpoint of bounding the bias
IV — 3 (v v

SVD When L is the L?-loss, its minimization has a closed-form solution given by the Singular
Value Decomposition (SVD). More precisely, one considers a matrix whose j-th column is
w! where 7 is the j-th target word. Then, SVD factorizes the matrix into U ¥ v T, where U,
V are orthonormal and X' is diagonal. Let X, denote the truncated X to the top d singular
values. Then, A is solved as U~/ and v’ the j-th column of \/Z;V . SVD has been used
in Lebret and Collobert (2014), Stratos et al. (2015) and Levy et al. (2015). In this setting,
we have

JAV —will <&, [[AV —w. | <& and [AVS! — whi|| < g5,
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where €1, €2 and &3 are minimized. Thus, by Triangle Inequality we have
1
IA - (V{st (V +V))|| <,/3 5(51 + &) + &3.

Further, by Claim 1 we can bound 93,151 for sufficiently large n, so |visth — %(VS +vH| is
bounded in turn because A is a bounded operator. This bound suggests that word embeddings
trained by SVD preserve additive compositionality.

However, the same argument does not directly apply to other loss functions because a
general loss may not satisfy a triangle inequality, and a bound for Euclidean distance may
not always transform to a bound for the loss, or vice versa. Specifically, we describe two
widely used alternative embeddings in the following and discuss the effects of their loss.

GloVe The GloVe model (Pennington et al. 2014) trains a dimension reduction for vector
representations with F(x) := Inx. Let vf be the i-th entry of Av’, and Cf the co-occurrence
count. Then, the loss function of GloVe is given by

L(U;’ wf,n) = f(Clt)(Uzl - wf,tl)z’

where f is a function set to constant when Cl.’ is larger than a threshold, and decreases to
0 when Cl? — 0. In words, GloVe uses a weighted L?-loss and the weight is a function of
co-occurrence count. To minimize the loss, GloVe uses stochastic gradient descent methods
such as AdaGrad (Duchi et al. 2011).

SGNS The Skip-Gram with Negative Sampling (SGNS) model (Mikolov et al. 2013a) also
trains a dimension reduction with F (x) := In x. The training is based on the Noise Contrastive
Estimation (NCE) (Gutmann and Hyvirinen 2012), so its loss function has two parameters,
the number k of noise samples per data point, and the noise distribution pn"lse

Claim 4 Let U; be the i-th entry of AV'. The loss function of SGNS is given by
L@}, w,) = C(t)Dy, (v} + In(kpS™), w!, + In(kp™®)),
where Dy(-, ) is the Bregman divergence associated to the convex function

P(x) = (pl at kpn("se) In(exp(x) + kp“"‘se).
When k — +00, Dy converges to the Bregman divergence D, associated to ¢(x) := exp(x).

Proof of Claim 4 is found in “Appendix 2”. We draw a graph of the SGNS loss in Fig. 4,
where Dy (v} + ln(kp“o'“’) w!, + ln(kp“o‘”)) is plotted on y-axis against v; — w; , on
x-axis. Note that the graph grows faster at x — +oo than x — —o0, suggesting that an
overestimation of wf’n will be punished more than an underestimation. In addition, the loss
function weighs more on high co-occurrence probabilities, as indicated by the p; , coefficient
in the equation of the limit curve (Fig.4). Thus, SGNS loss tends to enforce underestimation
of wfyn for frequent context words (as overestimation is costly), and compensate wfv , for rare
ones (i.e., overestimation on rare context words is affordable and will be done if necessary).
This is a special property of SGNS which might have some smoothing effect.

Compared to SVD, both the loss functions of GloVe and SGNS weigh less on rare context
words. As a result, the trained Av’ may fail to precisely approximate the low co-occurrence
part of w/,. As we discussed in Sect.2.5, entries corresponding to low-frequency words
dominate the behavior of vector representations; thus, failing to precisely approximate this
part might hinder the inheritance of additive compositionality from high-dimensional vector
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y=p;,(exp(x)—x—1)

y=D, (vl' +In(kp™), wi,+ ln(kpl.‘_‘;’ise ))

in

Fig. 4 A graph of the SGNS loss function with two asymptotes (red), and its limit curve at k — +oo with
one asymptote (blue) (Color figure online)

representations to low-dimensional embeddings. Therefore, we conjecture that word vectors
trained by GloVe or SGNS might exhibit less additive compositionality compared to SVD,
and the composition might be less respectful to our bias bound.

The previous discussion is only exploratory and cannot fully comply with practice because,
after v' is trained by dimension reduction, people usually re-scale the norms of all v’ to 1,
and then they use the normalized vectors in additive composition. It is not clear why this
normalization step can usually result in better performance.

Nevertheless, in our experiments (Sect.5.5), we find that word vectors trained by SVD
preserve our bias bound well in additive composition, even after the normalization step is
conducted. In contrast, vectors trained by GloVe or SGNS are less respectful to the bound.
Further, in extrinsic evaluations (Sect. 6) we show that vectors trained by SVD can indeed be
more additive compositional, as judged by human annotators.

4 Related work

Additive composition is a classical approach to approximating meanings of phrases and/or
sentences (Foltz et al. 1998; Landauer and Dumais 1997). Compared to other composi-
tion operations, vector addition/average has either served as a strong baseline (Mitchell and
Lapata 2008; Takase et al. 2016), or remained one of the most competitive methods until
recently (Banea et al. 2014). Additive composition has also been successfully integrated into
several NLP systems. For example, Tian et al. (2014) use vector additions for assessing seman-
tic similarities between paraphrase candidates in a logic-based textual entailment recognition
system (e.g. the similarity between “blamed for death” and “cause loss of life” is calculated by
the cosine similarity between sums of word vectors yblame  ydeath ) q yeause 4 yloss Vlife); in
Iyyeretal. (2015), average of vectors of words in a whole sentence/document is fed into a deep
neural network for sentiment analysis and question answering, which achieves near state-of-
the-art performance with minimum training time. There are other semantic relations handled
by vector additions as well, such as word analogy (e.g. the vector yking — yman | ywoman jq
close to vI'e" suggesting “man is to king as woman is to queen”, see Mikolov et al. 2013b),
and synonymy (i.e. a set of synonyms can be represented by the sum of vectors of the words
in the set, see Rothe and Schiitze 2015). We expect all these utilities to be related to our
theory of additive composition somehow, for example a link between additive composition
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and word analogy is hypothesized in Sect.6.2. Ultimately, our theory would provide new
insights into previous works, for instance, the insights about how to construct word vectors.

Lack of syntactic or word-order dependent effects on meaning is considered one of the
most important issue of additive composition (Landauer 2002). Driven by this point of view,
a number of advanced compositional frameworks have been proposed to cope with word
order and/or syntactic information (Mitchell and Lapata 2008; Zanzotto et al. 2010; Baroni
and Zamparelli 2010; Coecke et al. 2010; Grefenstette and Sadrzadeh 2011; Socher et al.
2012; Paperno et al. 2014; Hashimoto et al. 2014). The usual approach is to introduce new
parameters that represent different word positions or syntactic roles. For example, given a
two-word phrase, one can first transform the two word vectors by different matrices and
then add the results, so the two matrices are parameters (Mitchell and Lapata 2008); or,
regarding different syntactic roles, one can assign matrices to adjectives and use them to
modify vectors of nouns (Baroni and Zamparelli 2010); further, one can insert neural network
layers between parents and children in a syntactic tree (Socher et al. 2012). An empirical
comparison of composition models can be found in Blacoe and Lapata (2012), with an
accessible introduction to the literature. One theoretical issue of these methods, however, is
the lack of learning guarantee. In contrast, our proposal of the Near—far Context demonstrates
that word order can be handled within an additive compositional framework, being parameter-
free and with a proven bias bound. Recently, Tian et al. (2016) further extended additive
composition to realizing a formal semantics framework.

From a wider perspective, constructing and composing vector representations for linguistic
sequences have become one of the central techniques in NLP, and a lot of approaches have
been explored. Some of them, such as the vectors constructed from probability ratios and
composed by multiplications (Mitchell and Lapata 2010), might still be related to additive
composition because by taking logarithm, multiplications become additions and probability
ratios become PMIs. Other composition methods range from circular convolution (Mitchell
and Lapata 2010) to neural networks such as recursive autoencoder (Socher et al. 2011)
and long short-term memory (Melamud et al. 2016). Word vectors can be trained jointly
with composition parameters (Hashimoto et al. 2014; Pham et al. 2015), and training signals
range from surrounding context words (Takase et al. 2016) to supervised labels (Collobert
et al. 2011). We believe it is also important to investigate the theoretical aspects of these
approaches, which remain largely unclear. As for word vectors, some theoretical works have
been done on explaining the errors of dimension reductions of PMI vectors (Arora et al.
2016; Hashimoto et al. 2016).

Error bounds in approximation schemes have been extensively studied in statistical
learning theory (Vapnik 1995; Gnecco and Sanguineti 2008), and especially for neural net-
works (Niyogi and Girosi 1999; Burger and Neubauer 2001). Since we have formalized
compositional frameworks as approximation schemes, there is a good chance to apply the
theories of approximation error bounds to this problem, especially for advanced composi-
tional frameworks that have many parameters. Though the theories are usually established
on general settings, we see a great potential in using properties that are specific to natural
language data, as we demonstrate in this work.

There have been consistent efforts toward understanding stochastic behaviors of natural
language. Zipf’s Law (Zipf 1935) and its applications (Kobayashi 2014), non-parametric
Bayesian language models such as the Hierarchical Pitman—Yor Process (Teh 2006), and the
topic model (Blei 2012) might further help refine our theory. For example, it can be fruitful
to consider additive composition of topics.
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S Experimental verification

In this section, we conduct experiments on the British National Corpus (BNC) (The BNC
Consortium 2007) to verify assumptions and predictions of our theory. The corpus contains
about 100M word tokens, including written texts and utterances in British English. For
constructing vector representations we use lemmatized words annotated in the corpus, and
for counting co-occurrences we use context windows that do not cross sentence boundaries.
The size of the context windows is 5 to each side for a target word, and 4 for a target phrase.
We extract all unigrams, ordered and unordered bigrams occurring more than 200 times
as targets. This results in 16,210 unigrams, 45,793 ordered bigrams and 45,398 unordered
bigrams. For the lexicon of context words we use the same set of unigrams.

5.1 Test of independence

In order to test the independence assumptions in our theory, we use Spearman’s p to measure
the correlations between random variables. Spearman’s p is the Pearson correlation between
rank values, and is invariant under transformations of any monotonic function. One has
—1 < p < —1, and if two variables are independent, p should be close to 0.

In our theory, Assumption (B1) of Theorem 1 states that pg , and pzn are independent

foreach 1 < i < j < n. To test, we calculate the Spearman’s p between (i) piT , and

p! . and (i) p!5') and p!5, where T and {ST} vary on the 16,210 unigrams and 45,398

unordered bigram samples respectively. Further, Assumption (C) of Theorem 1 states that
S/T\S T/S\T

for each 1 < i < n, the random variables p; in

F(p; S/ T\S+1 /n)and F(p; SnT}—H /n) have positive correlation. Thus, we check the Spearman’s
P between (iii) p;,

5/T\S and pT/S\ and (iv) p; ), S/T\S and pi{ff}, where {S, T'} vary on the
45,389 unordered blgrams. The results are summarlzed in Fig.5.
For most i-j pairs, Fig.5(i)(ii) suggest that the correlations between piT , and p}jn are

are independent, whereas

positive but quite weak (for 70% of the i-j pairs, the Spearman’s p between pfn and pﬁ "

is 0.2 &£ 0.05; and for 90% pairs the Spearman’s p between p{ST} and pﬁST is 0.1 £ 0.05).
As a comparison, when i and j indicate a pair of semantlcally related context words such

as black and white, the Spearman’s p between Pi,n and pT in is 0.40 and between p{ n ™} and

I,
p{SnT} is 0.31. Such examples only contribute to a negligible portion of the whole i-j pairs,

because semantically related pairs are rare.
S/T\S

On the other hand, Fig. 5(iii) shows that Pin
S/T\S

and pT/ S\T have negative correlation for

T/S\T

most i; the Spearman’s p for 66% of the P, -and-p; ;" pairsis —0.2+0.1. In addition,

Fig.5(iv) confirms that Pin S/T\S and pl. " ST} have positive correlation.

: T T ST ST S/T\S T/S\T ST
(1) pinand p;, (ii) p{ } and p{ b Gi) Pin /TS and Pin /S\ (iv) p{, and p{ }

50% 50% 50% 50%

40% 40% 40% 40%

30% 30% 30% 30%

20% 20% 20% 20%

10% I 10% 10% l I I I I 10% I

0% _-. —_— gy — I | 0% .- 0% .-__

0. 0 01 02 03 02 01

Fig. 5 Distributions of Spearman’s p between different pairs of random variables
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Now, can the observed weak correlations support our assumptions on independence? To
test this, one may calculate a p-value as the probability of a Spearman’s p being farther

1N— _p% approximately follows a
Student’s z-distribution (where N is the sample size). If the p-value is small, the Spearman’s
p should be considered too far from 0 to support independence. However, this test turns out
to be overly strict; for unordered bigrams (i.e. N = 45398), one needs |p| < 0.012 to make
p > 0.01. In other words, since the sample size is huge, even weak correlations among
samples can manifest as evidence for rejecting the independence as null hypothesis.
Nevertheless, our theoretical analysis is still valid, because the Law of Large Numbers

holds even for weakly correlated random variables, and the fact that piS flT\S and pz y/lS\T are
negatively correlated does not change the direction of our proven inequality. Therefore, our
independence assumptions are oversimplifications for language modeling, but the theoretical

conclusions and the bias bound are still likely true.

from O than the observation, making use of the fact that p

5.2 Generalized Zipf’s law

Consider the probability ratio plr 2/ Pin,» where 7 can be a unigram, ordered bigram or

unordered bigram. Assumption (B) of Theorem 1 states that (pgﬁ” /pin)s (1 <i <n,n
fixed) can be viewed as independent sample points drawn from distributions that have a same
power law tail of index 1. We verify this assumption in the following.

A power law distribution has two parameters, the index « and the lower bound m of the
power law behavior. If a random variable X obeys a power law, the probability of x < X
conditioned on m < X is given by

o

P(x < X|m < X) = —. (14)
X

For each fixed 7', we estimate « and m from the sample pzﬂn/pi,,, (1 <i < n), using
the method of Clauset et al. (2009). Namely, « is estimated by maximizing the likelihood of
the sample, and m is sought to minimize the Kolmogorov-Smirnov statistic, which measures
how well the theoretical distribution (14) fits the empirical distribution of the sample. After
m is estimated, we plot all pl?_ﬁn / Di.n greater than m in a log-log graph, against their ranking.
If the sample points are drawn from a power law, the graph will be a straight line. Since
Assumption (B) states that the power law tail is the same for all 7" and has index 1, we should
obtain the same straight line for all 7, and the slope of the line should be —1.

In Fig.6, we summarize the graphs described above for all 7. More precisely, we plot
the ranked probability ratios for each fixed 7" into the same log-log graph, and then show
the average and standard deviation of the x-th largest probability ratios across different 7.
The figure shows that for each target type, most data points lie within a narrow stripe of
roughly the same shape, suggesting that the distribution of probability ratios for each fixed T
is approximately the same. In addition, the shape can be roughly approximated by a straight
line with slope —1, which suggests that the distribution is power law of index 1, verifying
Assumption (B).

As a concrete example, in Fig. 7 we show a log-log graph of the x-th largest probability
ratios pin /i and pfyn /pin (1 < i < n), where s and ¢ are two individual word targets.
The red points are cut off because their y values are lower than the boundaries of power law
behavior estimated from data. The blue and green points are the power law tails.

Further, to document this Zipfian behavior quantitatively, we conduct a y2-test on the
distribution of pz o/ Pi.n- Inthis test, we fix each i and categorize the values of X := pZ o/ Pins
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Fig. 6 For each x coordinate, the log—log graphs show the average value of the x-th largest probability ratios
PiTn /Pi.n on y axis. The ranking is taken among 1 < i < n with 1" fixed, and the average is taken across
different 7" that are unigrams, unordered bigrams, or ordered bigrams respectively. Standard deviation is shown
as error bar
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Fig. 7 Log-log plot of probability ratios against ranks, for two fixed targets

where T varies over the 16,210 unigram samples. According to Figs.6 and 7, we assume
that X has a power law tail starting from X > 24, Thus, we divide values of X into 5
categories, being X < 24, 2*tF < X < 25*% (k = 0,1,2), and X > 27, respectively. We
count frequencies in each category and choose a parameter 2]—4 <m < % by minimizing
the x? statistic. The parameter o is fixed to 1. Then, the degree of freedom is calculated
as 5 — 1 — 1 = 3, and the x>-test produces a p-value indicating how good the power law
hypothesis fit to the observed frequencies. We decide that the test is passed if p > 0.0001.

Among all indices 1 <i < n, there are 16% distributions passing the test. A selection of
examples is shown in Table 4. It turns out that many function words, such as “the” and “be”
cannot pass the test (with all values of X less than 2*), because the occurring probabilities
of these words do not change much, whether or not conditioned on a target. An exception
is that several prepositions, such as “between” and “under” do pass. On the other hand, as
i becomes larger (i.e. p; , becomes smaller), more of the distributions of pg ./ Pi.n become
distorted, similar to the green dots in Fig.7 which will fail the test. As Table4 suggests, no
obvious linguistic factor seems able to explain which word would pass. However, Fig. 6 still
confirms that the averaged behavior of these distributions obeys a power law.
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Table 4 Xz—tests on

distributions of X P,'T_n Jpin i Word Frequencies p value
1 the 16210 0 0 0 0 <0.0001
2 be 16210 0 0 0 0 <0.0001
101 between 16167 29 14 0 0 0.0010
121 off 16173 29 2 0 0.0003
142 under 16169 28 9 3 1 0.0059
3075  evident 15992 194 23 1 0 <0.0001
3076  refugee 15914 176 77 27 16 0.0002
3077  button 15969 167 43 18 13 <0.0001
3078 belt 15920 206 54 24 6 <0.0001

3079  vegetable 15859 194 93 39 25 0.0126
3080  expertise 16053 124 29 4 0 <0.0001

0.4 /
03 /,/
02 -
—
0.1
0
0 0.5 1

Fig. 8 Plot of standard deviation of norms of natural phrase vectors against different A

5.3 The choice of function F

In this section we experimentally verify the effects brought by different function F. Recall
that F is parameterized by A as defined in Definition 10. In Sect.2.4, we have shown that
E[F(X)?] < oois a sufficient and necessary condition for the norms of natural phrase vectors
to converge to 1. If X has a power law tail of index o, then the condition for E[F (X)?] < oo
is A < «/2. So if we construct vector representations with different A, only those vectors
satisfying A < o/2 will have convergent norms. We verify this prediction first.

In Fig. 8, we plot the standard deviation of the norms of natural phrase vectors on y-axis,
against different A values used for constructing the vectors. We tried A = 0,0.1, ..., 1. As
the graph shows, as long as A < 0.5, most of the norms lie within the range of 1 & 0.1. In
contrast, the observed standard deviation quickly explodes as A gets larger. In addition, the
transition point appears to be slightly larger than 0.5, which complies with the fact that the
observed « is slightly larger than 1 (i.e., the slope —1/« of the power law tails in Figs. 6 and
7 appear to be slightly more gradual than —1).

To confirm that the above observation represents a general principle across different cor-
pora, we also conduct experiments on English Wikipedia.® We use WikiExtractor’ to extract

6 https://dumps.wikimedia.org.
7 https://github.com/attardi/wikiextractor.
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Fig. 9 Plot of standard deviation 0.7
of norms against number of
tokens in corpus 0.6 \
F(p)=p
0.5
0.4
0.3

0.2
F(p)=Inp

0.1

13M 130M 1300M

texts from a 2015-12-01 dump, and Stanford CoreNLP? for sentence splitting. The corpus
has 1300M word tokens (about 13 times the size of BNC), and we use words in their surface
forms instead of lemmas. We extract words and unordered bigrams which occur more than
500 times, resulting in about 85 K words and 264 K bigrams. Then, we additionally make two
smaller corpora by uniformly sampling 10% and 1% sentences in Wikipedia. For each corpus,
we construct natural phrase vectors and calculate the standard deviation of their norms as
previous. The results are shown in Fig. 9. Again, we found that when one sets F'(p) :=In p,
the standard deviation is around 0.1; in contrast when F(p) := p, the standard deviation is
above 0.5. As the corpus increases, the standard deviation slightly decreases; at Wikipedia’s
full size, the standard deviation for F(p) := In p descends below 0.095.
Next, we investigate how F affects the Euclidean distance Q%,{,”}. In Fig. 10, we plot

, . . 1 .
A5 on y-axis, against \/E(ﬂf/t\s + ﬂtz/s\; + Ts/e\sT1/s\¢) ON X-axis,

for every unordered bigram {st}. We tried four different choices of function F, as indicated
above the graphs. For the choices (a) F(p) := In p and (b) F(p) := /p, we verify the upper
bound y < x as suggested by Claim 1. In contrast, the approximation errors seem no longer
bounded when (c) F(p) := por(d) F(p) := plnp.

In Sect. 6 we will extrinsically evaluate the additive compositionality of vector represen-
tations, and find F a crucial factor there; while F(p) := Inp and F(p) := ,/p evaluate
similarly well, F(p) := p and F(p) := pIn p do much worse. This suggests that our bias
bound indeed has the power of predicting additive compositionality, demonstrating the use-
fulness of our theory. In contrast, it seems that the average level of approximation errors
for observed bigrams (shown as green dashed lines in Fig. 10) is less predictive, as the poor
choices F(p) := pand F(p) := pIn p actually have lower average error levels. This empha-
sizes a particular caveat that, choosing composition operations by minimizing the observed
average error may not always be justifiable. Here if we consider the function F as a parameter
in additive composition, and choose the one with the lowest average error observed, we will
get the worst setting F(p) := p. Therefore, we see how important a learning theory for
composition research is.

8 http://stanfordnlp.github.io/CoreNLP/.

@ Springer


http://stanfordnlp.github.io/CoreNLP/

Mach Learn

@) F(p)=inp W) Fe=\p ¢ H(©) Fp)=p "*1(d) F(p)=pinp

1 taverage: 0.9441 1 1
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Fig. 10 Approximation errors for unordered bigrams observed in BNC. The choice of F is shown above each
graph. The theoretical upper bound y < x is drawn as red solid lines in (a) and (b). The average error levels
are drawn as green dashed lines (Color figure online)

5.4 Handling word order in additive composition

For vector representations constructed from the Near—far Contexts (Sect.3.2), we have a
similar bias bound given by Claim 3. In this section, we experimentally verify the bound and
qualitatively show that the additive composition of Near—far Context vectors can be used for
assessing semantic similarities between ordered bigrams.

In Figs. 11 and 12, we plot

1
(a) & and (b) ||w — E(wf’. +w)| on y-axis,

1
against \/E (nsz.\t + 713/,, + T5e\¢7T5/er) ON X-aXis,
for every ordered bigram sz. We tried two settings of F, namely F(p) := In p (Fig.11)

and F(p) := ,/p (Fig.12). In both cases, the approximation errors in (a) are bounded by
y < x (red solid lines) as suggested by Claim 3. In contrast, the approximation errors for

(a) Ordered ~1 (b) Reversed

Average: 1.005 eras 5\/5@95:719573 ,,,,,,,,, v -

05|

0 0.5 1 0 0.5 1

Fig. 11 Near—far context, F(p) :=1Inp

@ Springer



Mach Learn

1.5 1.5

(a) Ordered : (b) Reversed

TAverage: 0.9374
_|Average: 0.8591
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Fig. 12 Near—far context, F'(p) := /p

order-reversed bigrams exceed this bound, showing that the additive composition of Near—far
Context vectors actually recognizes word order.

In Table5, we show the 8 nearest word pairs for each of 8 ordered bigrams, measured
by cosine similarities between additive compositions of Near—far Context vectors. More
precisely, for word pairs “s; #1” and “sy #,”, we calculate the cosine similarity between
%(v“‘ + v*1) and %(VSZ‘ + v*2), where v*® and v*' are normalized 200-dimensional SVD
reductions of w;® and w;’, respectively, with F(p) := ,/p. The table shows that additive
composition of Near—far Context vectors can indeed represent meanings of ordered bigrams,
for example, “pose problem” is near to “arise dilemma” but not to “dilemma arise”, and
“problem pose” is near to “difficulty cause” but not to “cause difficulty”. It is also noteworthy
that “not enough’ is similar to “always want”, showing some degree of semantic composition-
ality beyond word level. We believe this ability of computing meanings of arbitrary ordered
bigrams is already highly useful, because only a few bigrams can be directly observed from
real corpora.

5.5 Dimension reduction

In this section, we verify our prediction in Sect. 3.3 that vectors trained by SVD preserve our
bias bound more faithfully than GloVe and SGNS. In Fig. 13, we use normalized word vectors
v’ that are constructed from the distributional vectors w!, by reducing to 200 dimensions
using different reduction methods. We use SVD in (a) and (b), with F(p) := In p in (a) and
F(p) := /p in (b). The GloVe model is shown in (c) and SGNS in (d), both of them using
F(p) := In p. For each unordered bigram {sz} we plot

||v{‘”} — l(v“ +v')|| on y-axis, against l(712 +7. 47 T /s\t) ON X-axis
2 y ’ g RS t/s\t s/t\sTtt/s\t :
The graphs show that vectors trained by SVD still largely conform to our bias bound y < x

(red solid lines), but vectors trained by GloVe or SGNS no longer do. Our extrinsic evaluations
in Sect. 6 also show that SVD might perform better than GloVe and SGNS.
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Table 5 Top 8 similar word pairs, assessed by cosine similarities between additive compositions of Near—far

Context vectors

pose problem problem pose tax rate rate tax

solve dilemma difficulty solve income price income inflation
arise dilemma difficulty cause income inflation premium taxation
solve difficulty difficulty tackle taxation premium premium inflation
solve concern tendency solve income premium price income

cause dilemma

solution cause

inflation income

taxation premium

tackle difficulty dilemma cause taxation price inflation income
dilemma serious shortage solve premium taxation earnings taxation
confront difficulty consequence solve inflation premium premium income
high price price high not enough enough not
low rate rate low really sufficient too never
low premium level low insufficient bother really never
low output value low still bother too really
low value cost low always want ought too
low cost premium low always bother too actually
low wage output low really prepared too always
low level inflation low really unwilling sufficient never
low margin market low really obliged quite never

Sl(a) 1n-SVD 151 (b) sqrt-svD 5l(c) Glove 9 (d)sGNs

versge: 1119
1 Average: 0.8296 1 Average: 0.8721
verage: 07665 e
05 05
0 05 i 0 05 i 0 05 i 0 05 i

Fig. 13 Approximation errors for different dimension reduction methods

6 Extrinsic evaluation of additive compositionality

In this section, we test additive composition on human annotated data sets to see if our
theoretical predictions correlate with human judgments. We conduct a phrase similarity task
and a word analogy task.

6.1 Phrase similarity

In a data set” created by Mitchell and Lapata (2010), phrase pairs are annotated with similarity
scores. Each instance in the data is a (phrasel, phrase2, similarity) triplet, and each phrase
consists of two words. The similarity score is annotated by humans, ranging from 1 to
7, indicating how similar the meanings of the two phrases are. For example, one annotator

9 http://homepages.inf.ed.ac.uk/s0453356/.
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Fig. 14 Distributions of how many times the phrases in the data occur as bigrams in BNC. The y-axis shows
percentage and x-axis shows frequency range
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Fig. 15 Top 800 singular values calculated by SVD. The y-axis shows singular value and x-axis shows rank.
Different y-scales are used for different settings

assessed the similarity between “vast amount” and “large quantity” as 7 (the highest), and the
similarity between “hear word” and “remember name” as 1 (the lowest). Phrases are divided
into three categories: Verb-Object, Compound Noun, and Adjective-Noun. Each category
has 108 phrase pairs, and they are annotated by 18 human participants (i.e., 1,944 instances
in each category). Using this data set, we can compare the human ranking of phrase similarity
with the one calculated from cosine similarities between vector-based compositions. We use
Spearman’s p to measure how correlated the two rankings are.

Vector representations are constructed from BNC, with the same settings described in
Sect.5. We plot in Fig. 14 the distributions of how many times the phrases in the data set
occur as bigrams in BNC. The figure indicates that a large portion of the phrases are rare or
unseen as bigrams, so their meanings cannot be directly assessed as natural vectors from the
corpus. Therefore, the data is suitable for testing compositions of word vectors.

We reduce the high dimensional distributional representations into 200-dimensional and
normalize the vectors. The dimension 200 is selected by observing the top 800 singular
values calculated by SVD. As illustrated in Fig. 15, the decrease of singular values flattens
to a constant rate at a rank of about 200. This suggests that the most characteristic features in
the vector representations are projected into 200 dimensions. In our preliminary experiments,
we have confirmed that 200-dimension performs better than 100-dimension, 500-dimension
or no dimension reduction.

For training word embeddings, we use the random projection algorithm (Halko et al. 2011)
for SVD, and Stochastic Gradient Descent (SGD) (Bottou 2012) for SGNS and GloVe.
Since these are randomized algorithms, we run each test 20 times and report the mean
performance with standard deviation. We tune SGD learning rates by checking convergence
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Table 6 Spearman’s p in the phrase similarity task

Verb-object Compound noun Adjective-noun

Ordinary-id-SVD .4029 £ .0009 4275 £+ .0009 4160 + .0009
Ordinary-x1nx-SVD 4204 £ .0011 4728 £.0013 4511 +.0012
Ordinary-1n-SVD 4369 +.0022 .5187 £ .0016 4604 £ .0033
Ordinary-sqrt-SVD 4318 +£.0019 5051 +.0020 4790 £ .0018
Nearfar-1n-SVD 4204 £ .0018 5135 4+ .0020 4491 £ .0028
Nearfar-sqrt-SVD 4359 +.0020 .5193 +.0024 4873 £ .0011
SGNS 4273 £ .0035 4977 £ .0025 5125 +.0032
GloVe 4014 £ .0046 4986 £ .0053 4308 £ .0062
Tensor Product .4092 £ .0033 4801 £ .0035 4348 £.0048
Upper Bound .691 .693 115

Muraoka et al. 430 481 469

Deep Neural 305 385 207

Bold values are significant (p < .1) assuming the test results follow Gaussian distribution

of the objectives, and get slightly better results than the default training parameters set in the
software of SGNS'? and GloVe.!!

As pointed out by Levy et al. (2015), there are other detailed settings that can vary in
SGNS and GloVe. We make these settings close enough to be comparable but emphasize the
differences of loss functions. More precisely, we use no subsampling and set the number of
negative samples to 2 in SGNS, and use the default loss function in GloVe with the cutoff
threshold set to 10. In addition, the default implementations of both SGNS and GloVe weigh
context words by a function of distance to their targets, which we disable (i.e. equal weights
are used for all context words), so as to make it compatible with our problem setting.

The test results are shown in Table 6. We compare different settings of function F', Ordinary
and Near—far Contexts, and different dimension reductions. When using ordinary contexts
and SVD reduction, we find that the functions 1n (F(p) :=In p) and sqgrt (F(p) := /p)
perform similarly well, whereas 1d (F(p) := p) and x1nx (F(p) := pln p) are much
worse, confirming our predictions in Sect.3.1. As for Near—far Context vectors (Sect.3.2),
we find that the Nearfar-sqrt-SVD setting has a high performance, demonstrating improve-
ments brought by Near—far to additive composition. However, we note that Nearfar-1n-SVD
is worse. One reason could be that the function 1n emphasizes lower co-occurrence prob-
abilities, which combined with Near—far labels could make the vectors more prone to data
sparseness; or correlatively, some important syntactic markers might be obscured because
they occur in high frequency. Finally, we note that SVD is consistently good and usually
better than GloVe and SGNS, which supports our arguments in Sect. 3.3.

We report some additional test results for reference. In Table 6, the “Tensor Product”
row shows the results of composing Ordinary-1n-SVD vectors by tensor product instead of
average, which means that the similarity between two phrases “s; #;” and “s #,” is assessed by
taking product of the word cosine similarities cos(sy, s2) - cos(t1, #2). The numbers are worse
than additive composition, suggesting that a similar phrase might be something more than a
sequence of individually similar words. In the “Upper Bound” row, we show the best possible

10 https://code.google.com/p/word2vec/.
1 http://nlp.stanford.edu/projects/glove/.
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Spearman’s p for this task, which are less than 1 because there are disagreements between
human annotators. Compared to these numbers, we find that the performance of additive
composition on compound nouns is remarkably high. Furthermore, in “Muraoka et al.” we
cite the best results reported in Muraoka et al. (2014), which has tested several compositional
frameworks. In “Deep Neural”, we also test additive composition of word vectors trained
by deep neural networks (normalized 200-dimensional vectors trained by Turian et al. 2010,
using the model of Collobert et al. 2011). These results cannot be directly compared to each
other because they construct vector representations from different corpora; but we can fairly
say that additive composition is still a powerful method for assessing phrase similarity, and
linear dimension reductions might be more suitable for training additively compositional
word vectors than deep neural networks. Therefore, our theory on additive composition is
about the state-of-the-art.

6.2 Word analogy

Word analogy is the task of solving questions of the form “a is to b as ¢ is to __?”, and an
elegant approach proposed by Mikolov et al. (2013Db) is to find the word vector most similar
to v? — v 4+ v¢ . For example, in order to answer the question “man is to king as woman
isto 77, one needs to calculate vKing — yman 4 ywoman 544 find out its most similar word
vector, which will probably turn out to be v4"**", indicating the correct answer queen.

As pointed out by Levy and Goldberg (2014a), the key to solving analogy questions is
the ability to “add” (resp. “subtract”) some aspects to (resp. from) a concept. For example,
king is a concept of human that has the aspects of being royal and male. If we can “subtract”
the aspect male from king and “add” the aspect female to it, then we will probably get
the concept queen. Thus, the vector-based solution proposed by Mikolov et al. (2013b) is
essentially assuming that “adding” and “subtracting” aspects can be realized by adding and
subtracting word vectors. Why is this assumption admissible?

We believe this assumption is closely related to additive compositionality. Because, if
an aspect is represented by an adjective (e.g. male) and a concept is represented by a noun
(e.g. human), we can usually “add” the aspect to the concept by simply arranging the adjective
and the noun to form a phrase (e.g. male human). Therefore, as the meaning of the phrase
can be calculated by additive composition (e.g. v™3l¢ 4 yhuman) e have indeed realized the
“addition” of aspects by addition of word vectors. Specifically, since man ~ male human,
king ~ royal male human, woman =~ female human and queen = royal female human, we
expect the following by additive composition of phrases.

man . male + thman

v v

Vklng ~ vroyal + Vmale + thman

ywoman vtemale + thman

yaueen Vroyal + vtemale + thman

Here, “~” denotes proximity between vectors in the sense of cosine similarity. From these
approximate equations, we can imply that yXing — yman | ywoman r; yroyal 4 yfemale 4 yhuman
vaueen “which solves the analogy question.

Therefore, we expect word analogy task to serve as an extrinsic evaluation for additive
compositionality as well. For this reason, we conduct word analogy task on the standard
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Table 7 Accuracy (%) in the word analogy task

id-SVD x1nx-SVD 1n-SVD sqrt-SVD SGNS GloVe

GOOGLE 19.43 £+ .06 32.47£.10 52.04 + .36 51.28 £ .25 45.16 + .44 48.39 £+ .44
MSR 17.36 £+ .06 33.85+.12 66.67 £+ .26 60.93 £ .25 55.56 £ .30 65.05 £ .55

Bold values are significant (p < .1) assuming the test results follow Gaussian distribution

MsRr!2 (Mikolov et al. 2013b) and GOOGLE!3 (Mikolov et al. 2013a) data sets. Each instance
in the data is a 4-tuple of words subject to “a is to b as c is to d”, and the task is to find out d
from a, b and c. We train word vectors with the same settings described in Sect. 5, but using
surface forms instead of lemmatized words in BNC. Tuples with out-of-vocabulary words
are removed from data, which results in 4382 tuples in MSR and 8906 in GOOGLE. 4

The test results are shown in Table 7. Again, we find that 1n and sqrt perform similarly
well but 1d and x1nx are worse, confirming that the choice of function F' can drastically
affect performance on word analogy task as well, which we believe is related to additive
compositionality. In addition, we confirm that SVD can perform better than SGNS and
GloVe, which gives more support to our conjecture that vectors trained by SVD might be
more compatible to additive composition.

7 Conclusion

In this article, we have developed a theory of additive composition regarding its bias. The
theory has explained why and how additive composition works, making useful suggestions
about improving additive compositionality, which include the choice of a transformation
function, the awareness of word order, and the dimension reduction methods. Predictions
made by our theory have been verified experimentally, and shown positive correlations with
human judgments. In short, we have revealed the mechanism of additive composition.

However, we note that our theory is not “proof™ of additive composition being a “good”
compositional framework. As a generalization error bound usually is in machine learning
theory, our bound for the bias does not show if additive composition is “good”; rather, it
specifies some factors that can affect the errors. If we have generalization error bounds for
other composition operations, a comparison between such bounds can bring useful insights
into the choices of compositional frameworks in specific cases. We expect our bias bound to
inspire more results in the research of semantic composition.

Moreover, we believe this line of theoretical research can be pursued further. In com-
putational linguistics, the idea of treating semantics and semantic relations by algebraic
operations on distributional context vectors is relatively new (Clarke 2012). Therefore, the
relation between linguistic theories and our approximation theory of semantic composi-
tion is left largely unexplored. For example, the intuitive distinction between compositional
(e.g. high price) and non-compositional (e.g. white lie) phrases is currently ignored in our
theory. Our bias bound treats both cases by a single collocation measure. Can one improve
the bound by taking account of this distinction, and/or other kinds of linguistic knowledge?
This is an intriguing question for future work.

12 http://research.microsoft.com/en-us/projects/rnn/.
13 https://code.google.com/p/word2vec/.

14 These are about half the size of the original data sets.
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Appendix 1: Proof of lemmas

In this appendix, we prove Lemma 1 and Lemma 2 in Sect. 2.3.
In order to prove Lemma 1, we first note the following equations:

F(x+pin)~") = F(B+ (pin)™")

- > F(x) — F(B) (15)
(1+ Bnpi,)~1) "
F(x+ opin~") = F(B+ i) ™") _ P2 + (pig) ! T
(1+ Brpi)~1) 1+ (Bnpi)!

Equation (15) can be obtained by analyzing the derivatives F’(x) = x~ % and Eq. (16)
immediately follows from the identity (F(x) — F(y)) = F(zx) — F(zy).

Proof of Lemma 1(a)(b) We calculate ¢; ,, as follows. By definition,

€in —E[ IX</3:|+IE|: IX>/3]

\/W «/‘/T

Then, note that ¥; , < 0 when X < f, and by (15) we have

E[(F(X) — F(B))Ix<p]

0>E Ix< 17
[W xes] 2 I+ Brpia)™! 0

From the condition E[F(X)Z] < oo we have E[|F(X)]] < o0, so
(A7) = =E[|F(X)|1 = |F(B)| and (17) — 0 when np;, — O. (18)

Next, when X > B we have Y; , > 0, and by (16) we get

— = . )— X+ ("Pi,n)_l
0<]E[m1xzﬁ] =./1+ (Bnpin) 1 E[(F(m>—F(,3)> 1X25i|.
19

By Assumption (B2), X obeys a power law at X > B, soif we put Z := X — B, the probability
density of Z is given by

&dz - &Edz
z+B)? = 2z + B2

—dP(z < 2) = (where z > 0).

Thus,
Z

(19)<f00 F<1+<ﬁnm,n>*‘ +’3)_F(5) £dz
“Jo

z @+ B
1+ (ﬂnpi,n)_l

(20)
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Fu+p)—Fp)

The condition E[F(X)?] < oo implies A < 0.5, so — Oatu — oo.In

u
addition the function is smooth on [0, 00), so it can be bounded by a constant M. Therefore,

oo
£dz
(20) < /O\ M - m < oo and (20) — 0 when npin — 0. (21)
The limit above is a consequence of Lebesgue’s Dominated Convergence Theorem.
Combining (18) and (21), we have proven Lemma 1(a)(b). ]

Proof of Lemma I(c)(d) We calculate E[Y?

nn

/@i n] as follows. By definition,

2 2
P Yia Yia
ELY2, /¢in] = B[ . ngﬁ]—HE[(p' I=p .
i,n nn

By (15) we have
y2 E[(F(X) - F(8)) Ix<p]

E[ in Ix ]f
Pi.n =P I+ (.Bnpi,n)_l

(22)

Then, from the condition E[ F (X )2] < 00, we have
(22) is uniformly integrable and (22) — O when np; , — O. (23)

Next, by (16) we get

2

Yi n _ X+(npi n)—l 2
, . 1y X+ mpin)'
E[¢i,n Ixzﬂ:l = (1 + (Bnpin) ) E |:(F(1 T (ﬂnp[,n)*l) F(ﬂ)) Ixsp|. (24)

X-p

By Assumption (B2), X obeys a power law at X > f, so if we put Z 1= ———————,
L+ (Bnpin)~

the probability density of Z is given by
1 £dz

L+ (Bnpin) " B v
1+ (Bnpin)~! (where z > 0).

—dP(z < 2) =
(z+
RS B 1
1+ (ﬂnpi,n)_l z2
Thus,

o d
(24)5/0 (Fe+p - F@) 5.

The condition E[F(X)?] < oo implies & < 0.5, so the above integral is finite. The integral
is independent of i and n, so (24) is uniformly integrable; in addition, when np; , — 0 we

ﬂ 2 2
have (z + ———— )" — z%, so
( 1+ (.Bnpi,n)_l)
. e 2 §dz
lim (24) = / (Fe+B —FPB) 5 (25)
”Pi,n"o 0 Z
by Lebesgue’s Dominated Convergence Theorem.
Combining (23) and (25), we have proven Lemma 1(c)(d). m]
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Proof of Lemma 2 Firstly, by the definition of ¢; , we have

- 1422
n= !t *Pin = (lei n 1/,3) Pin-
So Lemma 2(a) immediately follows. To prove Lemma 2(b), we simply apply Assumption
(A) to the above.
To prove Lemma 2(c), we calculate

n_ n_
§lnn SInn

n " Inn Z Qin = Z(npi,n + 1/ﬂ)71+2/\ - pinlnn

i=1 i=1

Blnn

= Z(”p n)~ 12 - pinIn

%

1y T
( IL ) Z i2h (by Assumption (A))
nn

i=1

n —1+22 1 n 1-2x
”(H) 1-2x (81nn>

5—1+2)L
BT

so the required M exists.
To prove Lemma 2(d), we note that by Eq. (7),

<i<n=npj, <6.

Slnn —
Hence,
n
—142
—i2 Inn Z Dion = Z (”Pi,n + 1//3) 2 * Pin Inn
blnn <i ﬁfl‘
> Z @ +1/8)7""*  piylnn
Blnnsl
~ S+ 1/ P Z i (by Assumption (A))
ST =i
~ @+ 1/ In(8Inn) — co (whenn — oco).
Therefore, Lemma 2(d) is proven. m]

Appendix 2: The loss function of SGNS

In this appendix, we discuss the loss function of SGNS. The model is originally proposed as
an ad hoc objective function using the negative sampling technique (Mikolov et al. 2013a),
without any explicit explanation on what is optimized and what is the loss. It is later shown
that SGNS is a factorization of the shifted-PMI matrix (Levy and Goldberg 2014b), but the
loss function for this factorization remains unspecified. Here, we give a re-explanation of the
SGNS model, with the loss function explicitly stated.
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Noise contrastive estimation

The original objective function of SGNS is proposed as an adaptation of the Noise Con-
trastive Estimation (NCE) method, but in fact SGNS is using NCE without any adaptation.
NCE (Gutmann and Hyvérinen 2012) is a method for solving the classical problem that,
given a sample (x,-)lN: | (wherein x; € Z7) drawn from an unknown probability distribution
Pgata, and a function family f(-;0) : 2 — Rs( parameterized by 6, to find the optimal
0* such that f(x; 6*) approximates the distribution Py, (x) best. An alternative to NCE
is the Maximum Likelihood Estimation (MLE), in which 6* is chosen as to maximize the
log-likelihood of the sample (x,-)IN: 1» with respect to the constraint that f(:; 6*) should be a
probability:

N
Ofg =argmax » In f(x;:6), where »  f(x:0) =1.
o i=1 xeZ

For MLE, the constraint er 2 f(x;0) = 1 is important, because f(x;6) can tend to
arbitrarily large if we maximize the log-likelihood without the constraint. NCE finds 6* in
a different way. It firstly mixes (x;) with a noise sample drawn from a known distribution
Phoise, €ach data point x; mixed with k noise points y; 1, ..., yi.x ~ Pnoise- Hence,

Pgata(x)
Pata(x) + kPpnoise (x) '

which gives the probability of a given point x € 2" being a data point. Pga, is unknown
in (26), so we approximate P(x is data | x) by g(x; 6) as below:

P(x is data | x) = (26)

g(x;0) := : fx:0) . ©X))
S(x; 0) + kPnojse (x)
Then, NCE maximizes the log-likelihood of “x; being data and y; i, . .., yi k being noise”:
N k
Ricr = arg max Z(ln g 0) + > In(1 — gy j; 0))). (28)

i=1 j=1

The most important point of NCE is that, f(x;68) will not tend to infinity even we max-
imize (28) without the constraint ZXE(% f(x;6) = 1. This is because making f(x; 6)
large will accordingly make 1 — g(y; ;; #) small, which will decrease the likelihood of
“Vi1, ..., Yik being noise”. No longer necessary to repeatedly calculate er o f(x;0)
during parameter update, NCE usually results in efficient training algorithms.

The Skip-Gram with negative sampling model

Let p! be the co-occurrence probability of the i-th word, conditioned on it being in the context
of a target word 7. SGNS approximates p! by the function family

fG, t;u,v) :=expu; - V' + ln(kpln()ise))’

using NCE to optimize parameters. Here, u and v are parameters of the function family,
whose columns are vectors u; and v/, corresponding to the i-th context word and the word
target ¢, respectively. The training data ¢’ is a collection of co-occurring context-target word
pairs. On the other hand, k and p;“’ise are constants in the definition of the function family,
where k is the number of noise points drawn for each training instance, and p/°*° is the
probability value of the i-th context word being drawn from the noise distribution Ppjse.
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Substituting the above f (i, ¢; u, v) into (27), we get

exp(u; - v/ + In(kpoise))
exp(u; - v/ + In(kpPoise)) + kphoise

gli,t;u,v) = =o(u; -v'),

where o (x) = 1/(1 + exp(—x)) is the sigmoid function.
Substituting the obtained g(i, ¢; u, v) into (28), we get

(u, V){cg = arg ma (1 v In(1 — v )
Nep =argmax 3 (Ino(u - vh+ ) In(l— oy -v)
' (i,ne? y~Proise

which is exactly the objective function of SGNS proposed in Mikolov et al. (2013a).

Since SGNS is using f (i, #;u,v) = exp(u; ~Avf + ln(kp?"ise)) to approximate pf, it is
using u; - v to approximate w! := In p! — In(kp?*°). This w! is in the form of vector entries
of distributional representations as given in Definition 4. Thus, SGNS can be viewed as a
dimension reduction of the distributional representations we consider in this article.

Proof of Claim 4 To calculate its loss function, we consider the objective of SGNS:

Oo(u,v) = Z (lno(u,- v+ Z In(1 — o (u, ~v’))>.

(i,1)e? Y~Phoise

The sum is taken across all context-target pairs in 4. We regroup the summands by each
distinct target, and note that conditioned on an occurrence of target ¢, the probability for
one to encounter the i-th context word co-occurring in the training data is pf, whereas the
expected times for one to draw the context word from noise is given by kp[®'*°. So we have

o)=Y ¢ Z(p; Ino(u; - v') + kp™ In(1 — o (u, - v’)))
t i

where C(¢) is the occurrence count of 7. Now, we know that the optimal O (u, v) is achieved
atw; - v\ = w!, so we define

M= Co Y (plino ) +kpf™ Inl = o (w))).
t i
Then, to maximize O (u, v) is to minimize M — O (u, v), and by some calculation we obtain
M=0@,v)=Y Ct)Y Dy(u; v +In(kp/™), w! + In(kp)),
t i

where Dy (p, q) := ¢(p) —¢(q) — ¢’ (q)(p —q) is the Bregman divergence associated with
the convex function

¢ (x) = (p! + kps®) In(exp(x) + kpPoise).

This is the loss function given in Claim 4. The limit of Dy at k — +00 is easily derived. O
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