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Abstract

Although various forms of ‘theme-first’ principles have been proposed, its universality has been ques-
tioned with a number of counterexamples and the existence of arguably ‘rheme-first’ languages. Since
theme-first principles still seems to play a significant role in accounting for word order in many languages,
it is worth pursuing whether there is a principle that would be consistent with the observation. This pa-
per applies an idea in information theory to the analysis of information structure and argues that word
order with even distribution of informativeness is preferred. We will also see that counterexamples and
‘rheme-first’ languages are actually consistent with the proposed theory.

1 Introduction

The idea of theme-first principles is rather old, dating back at least to the eighteenth century [Lambrecht,
1994, p. 199]. Since then, there have been a number of proposals [e.g., Mathesius, 1975; Firbas, 1964;
Halliday, 1967]. In the strongest form, such a principle would state that the sentence-initial position is
reserved for a theme. Some proposals refer to notions such as ‘topic’ and ‘oldness’ instead of ‘theme’, and
there surely are subtle differences between them. However, there is some common idea among them, and
this paper stick to the term ‘theme’ as a cover term. A slightly weaker form would state that the theme
always comes at the beginning of a sentence (weaker in a sense that a sentence does not necessarily have a
theme). These proposals seem to be able to account for certain word order phenomena, especially in certain
‘free-order’ languages where syntax plays the lesser role.

Nevertheless, these theme-first proposals cannot be maintained in the forms stated above because there
are a number of counterexamples. For example, Jespersen [1924] discusses the following example as re-
viewed in Lambrecht [1994, p. 50, Sec. 4.7]:

(1) a. Who said that?

b. Petersaid it.

The sentence-initial position must be understood as the rheme of the response. Similar observations have
been made by Steedman [2000, Sec. 3.1] as well.

Furthermore, Lambrecht [1994, p. 200] points out that a greater problem for theme-first principles
is the existence of arguably rheme-first languages. For example, Mithun [1995] reports data from Siouan,
Caddoan, and Iroquoian languages. We will now cite an example in Iroquoian (Tuscarora stories). The back-
ground is as follows. After the description of a long journey on the ice, discovery of land, and preparation for
a sacrifice, the speaker introduces the head man, never mentioned before, at the beginning of the following



phrase (some phonetic symbols have been replaced for font availability reasdosright-hooked schwa
and 2 for glottal stop).

(2) ha? uh@?na? ru?nd2ah, wahihra?,
the head man he said
“the headman said, ...”
Later, the speaker begins his recipe for cornbread. This time, a new (grammatical)ashijiscintroduced
before the verb.

(3) Tyahraesiha ka0 uhsa&harceh .. wakkihae?
first customarily ash | went after

“First, | usually would go after ashes.”
Similar data in other languages are also reported by Payne [1987] and Creider and Creider [1983]. Although
it is not obvious that these are indeed rheme-first languages, the data still seem to show a consistent pattern
rather different frommoretheme-first languages. Thus, the data deserve a closer examination.

Now that we cannot maintain theme-first principles, at least in the strong forms, could we still say
something general about the relation between word order and information status? Counterexamples in
languages like English do not seem to be abundant. In addition, the rheme-first languages seem to be
limited to a small number of languages. How should we interpret this situation? If the different word order
principles apply to different languages in an ad hoc way, it would pose a challenge to universal account
of language as a human cognitive process. Since information structure (theme-rheme structure) has been
associated with word order in various forms, esp. by the Prague school [e.g., Sgall et al., 1986], the above
observation may undermine the role of information structure. Furthermore, Natural Language Processing
systems might never be able to contain a base word-order module that could be the basis for all languages.
One way to deal with the situation is to consider different notions of, say, ‘theme’s as in Kruijff-Korbayov”
et al. [2000, Sec. 1.4.2]. Lambrecht [1994, p. 202] too distinguishes accented and non-accented themes
(‘topic’ in his term). Although such a move might eventually be necessary, it seems preferable to push the
limit and explore the possibility of finding some general underlying principle that could be applied to a wide
range of research proposals.

The starting point of this preliminary paper is Valldyt990, p. 15]. He cites Dretske [1999] about
the use of the notion of ‘information’, but never develops the idea any further. | will take full advantage
of information theory as done by Dretske, and will analyze word order from that point of view. In this
connection, | will also discuss the definition of information structure from an information-theoretic point of
view.

The main hypothesis discussed here is that there is a way to view the theme-first tendency without being
suffered from apparent exceptions. Specifically, | will first consider information structure as a means to even
out the information load carried by the theme and the rheme. In other words, we will interpret information
structure as a means to minimize the standard deviation of the entropies of the theme and the rheme, which
is called ‘information balance’ in this paper.

One of the consequences of this hypothesis is that it is always optimal if we deliver the less informative
(i.e., low-entropy) component before the more informative (i.e., high-entropy) one. If we assume that infor-
mation structure is a division of components so that the theme has lower entropy than the rheme, this can be
the universal principle behind the theme-first tendency.

There are a few cases where the ordering does not matter. The most important, as it seems, is the
following: if one component is totally predictable (i.e., zero entropy), the ordering does not affect the
information balance. Presumably, the predictable component is the theme. | hypothesize that this situation
corresponds to the apparent exceptions to the theme-first principle.

This paper is still in a preliminary stage. My intention is to solicit as many inputs as possible from



colleagues to refine or modify the idea. Since | will make a fairly straightforward connection between infor-
mation structure and information theory, it may be easy to spot problems with the connection. But | hope
that the current approach would at least present precisely-stated hypotheses for well-focused discussion.

One thing the current proposal has nothing to say is why the rheme-theme is used in certain cases
(when the present proposal does not predict either ordering). Word order is a complex phenomenon. Each
language imposes various lexical, syntactic, and pragmatic constraints on word order. Itis not surprising that
information structure does not explain all the word-order phenomena. In addition, we limit the discussion of
constituent ordering, not word ordering within a phrase, where morpho-syntax tends to fix word order quite
rigidly.

The rest of this note is organized as follows. Section 2 introduces the information-theoretic hypotheses
as much informally as possible. The corresponding mathematical treatment is included in Appendix A.
Section 3 discusses various rheme-first cases and analyzes whether they are accountable within the current
approach. This section is rather premature and will be extended with more analyses. Section 4 presents
an information-theoretic definition of information structure as a basis for the rest of the paper. Section 5
concludes with possible future work.

2 Information-Theoretic Account of Theme-First Tendency

In this section, we informally discuss the idea of applying information theory to the analysis of theme-first
tendency. We will use some mathematical notations because certain properties are succinctly represented
that way. But the actual mathematical treatment including a proof of the main theorem is given in Appendix
A.

The main point here is that we can apply the idea of informativeness based on the measure of ‘entropy’.
Note that informativeness is considered in different ways in different approaches. For example, in the formal
semantics tradition, informativeness is a relation on a hierarchical structure (mathematically, a lattice) of
semantic representations. The use of entropy in the present approach is different from using such a structure
because information is measured as numeric values.

The use of entropy has been discussed in relation to linguistics and philosophy for a long time [Bar-
Hillel, 1964; Crosson and Sayre, 1967; Cherry, 1978]. While some suggests usefulness [Cherry, 1978],
some are more cautious [Bar-Hillel, 1964] saying that information is different from ‘meaning’. We do not
attempt to capture the meaning of an utterance using entropy. What we do here is to demonstrate that entropy
can be used to account for certain word order phenomena.

The basic idea about entropy is fairly simple. Roughly, if we have more options (possibilities), the
entropy of the event is higher. Informally, a high entropy is associated with high informativeness, low
predictability, high uncertainty, more surprise, etc. In the simplest scenario where each possibility of the
event is equally likely, the entropy of the event is directly related to the number of choices. In terms of
probability, the chance of hitting a particular choice ouhahoices is In. Entropy is a measure related to
this probability with a non-negative value, but it is adjusted (logarithmically) so that the effect of the increase
in the number of choices is more in accordance to human sense. We could compare this with a measure of
the loudness of sound. The effect of increasing the volume level of an audio system decreases even though
we increase the volume proportionally.

For example, suppose that the rheme of an utterance is a predicate that must be chosen from 3 possible
properties, saytea coffee andsoda Also consider another case where the option involves 5 such possi-
bilities: large, wooden flat, expensiveandpurple If the distribution is even, the latter event has a higher
entropy.

Entropy is a general function that can be applied to an arbitrary probability distribution, not necessarily
even distributions. For an eveMt with an arbitrary probability distribution, let us denote its entropy as



Figure 1. Conditional entropy

H (X). If the probability distribution is uneven, the increased number of choices does not necessarily mean
higher entropy. But for the sake of the present discussion, we can just imagine even distributions.

We now extend the use of entropy to two events, which will be applied to theme and rheme shortly.
If the two events X andY, are completely independent, or have no effects on the other, the total entropy
(called ‘joint entropy’) of the two events, written &$(X,Y), is just the sum of the two entropies, i.e.,
H (X,Y) =H(X)+H(Y). On the other hand, if the two events are completely dependent, the joint entropy
and the entropy of the individual events are all the same,H€X,Y) = H(X) = H(Y). Between these
two extreme cases, there must be some dependence between the two events. Thus the joint entropy is
somewhere between the sum of the entropies of the two events and the entropy of the more predictable
event, i.e.H (X) <H(X,Y) <H X)+H(Y),if H(X) <H(Y).

In general, we can describe the two-event situation as follows: the joint entropy is the sum of the
entropy of one event and that of the other event depending on the first eveny 6.Y) = H (X) +
(entropy ofY depending orX). We call{entropy ofY depending orX) ‘conditional entropy’ and denote it
asH (Y|X). Thus, we havéd (X,Y) = H (X) +H (Y|X). The relation between these measures is shown in
Fig 1. The entire area covered byandY corresponds té (X,Y), the area foiX corresponds téd (X),
and the shaded area ¥fexcluding the intersection of andY corresponds ttd (Y|X). If the events are
analyzed in different order, we hate(X,Y) =H (Y) + H (X]Y).

Based on the above basic ideas about information theory, we now apply them to the analysis of informa-
tion structure and word order. Let us assume that an utterance is partitioned into a theme and a rheme as in
the second utterance in the following example.

(4) i. John has a house.

ii. [The doorfhemelis purple]rneme

Suppose that immediately after the first utterance, the speaker wants to deliver some proposition. She
might have thought about talking about either the house itself, its door, its roof, something related to the
house, or even a completely different subject. Let us consider the probability distribution of these alternatives
(this notion of probability distribution is related, but is different from Steedman’s [2000] theme alternatives)
as an event labeled dsfor theme. We also consider the probability distribution for the alternatives for the
rheme (labeled aR). There must be a variety of alternatives suclieage, wooden flat, expensiveand so
on. Itis important to realize that these probability distributiohg&ndR, are established before making the
utterance in question.

How we can actually compute a probability distribution is a difficult question. Since some possibilities
can be related to the context through inference, it naturally involves the kind of difficulty faced in many
pragmatic studies. Next, there is a question such as whether the probability distribution under discussion
should be understood only from the speaker’s point of view. In addition, the notion of joint entropy involves
the connection between two events, which also requires analysis. For the present discussion, we assume
that the probability distributions for the theme and the rheme are available and build arguments based on the
assumption.



Now, we can think of the entropies for the theme and the rheme writtei(&$ andH (R), respectively.

The entire utterance has its own entropy, which is the joint entropy of the theme and the rhem¢TL.B),
independent of the theme-rheme ordering. In general, since there is some dependency between the theme
and the rheme, the joint entropy is no greater than the sum of the entropies for the theme and rheme, i.e.,
H(T,R) <H(T)+H(R). Since the rheme is pronounced after the theme, we consider the conditional
entropy of the rheme after excluding the effect of the themid €8 T). Then,H (T,R) =H (T)+H (R|T).

If the utterance is made in the rheme-theme order, we Ha#ie R) = H (R) + H (T |R), still with the same

amount of the total (joint) information associated with the proposition.

Next, let us observe an example where the theme-rheme and the rheme-theme ordering differ with
respect to the distribution of entropies. For simplicity, let us suppose that we have two possibilities for the
theme and five possibilities for the rheme with certain dependency among them. In particular, we consider
the probability distribution of the data (26) in Appendix A. For the both ordering, the relevant entropy
measures are shown below.

(5) a Theme Rheme
H(T) H(RT) Standard Deviation
1.00 184 042

b. Rheme Theme

H(R) H(T|IR) Standard Deviation

2.26 059 083
H (T,R) is 2.84 for both cases. The above result shows that the theme-rheme order has more even distri-
bution of entropies than the rheme-theme order. That is, it would be easier for the listener to process the
information in the theme-rheme order. To measure the evenness of the entropies for the theme and the rheme,
we compute the standard deviation of the two entropies as shown in (5). Note that we are not interested in
whether there is any specific capacity of the listener or, if there is, what would be the value.

In order to apply the scheme in general, let us define the following term.

(6) (Definition) Information balance: The standard deviation of the entropies for the theme and the rheme
for a particular ordering.
The main proposition of this paper is then described as follows:

(7) (Main Proposition) The information structure with a lower information balance is preferred.
Next, we consider the following theorem, which is proven in Appendix A.

(8) (Theorem) If the entropy of the theme is lower than that of the rheme, the theme-rheme ordering is
never worse than the other ordering with respect to information balance.
| suggest that this is the source of theme-first tendency. The above theorem is interesting because of the
following two points: (i) it predicts that the theme-rheme ordering is never worse than the other ordering
and (ii) it can also specify under what condition there is no difference between the two ordering.

In certain cases, information balance can be the same for both the theme-rheme and the rheme-theme
orderings. First, if the theme and the rheme are completely independent, the joint entropy is the sum of
H(T)andH (R),i.e.,H(T,R)=H(T)+H(RT) =H(T)+H(R). Thus, the ordering does not matter. But
except for a special subcase discussed below, | suspect that this case rarely occur because an utterance is
made to compose a meaningful proposition out of the theme and the rheme.

One important special case of the above is as follows. If the theme is completely predictable, i.e.,
H(T) = 0, the entire information solely depends Hr{R). The information balance is now between 0
andH (R) regardless of the ordering. The situation corresponds to Lambrecht’'s [1994, p. 201] statement:
if theme (his ‘topic’) is established, there is no necessity for it to appear sentence-initially. Although the
symmetrical case wheté (R) = 0 is theoretically possible, we do not consider it as we can assume that the
rheme always have some information. One might wonder whether a redundant utterance (which is reported



to be common [Walker, 1992]) has no information at all, e(T,R) = H (T) = H (R) = 0. Although it is
not crucial for the current discussion, it would be possible to maitgiR) > 0. For example, a redundant
utterance may ‘conversationally implicate’ some information in the sense of Grice [1975].

Another unlikely scenario is that the theme and the rheme are completely dependent. In such a case, the
information balance would be again the same for the two ordering.

The consequences of the main proposition are as follows. Assuming that the theme has a lower entropy
than the rheme, the theme-rheme ordering is never worse than the other with respect to information balance.
Exceptions to theme-first principles occurs when the theme is completely predictabld,(Te.= 0. We
now turn to linguistic data to see whether this proposal is consistent with them.

3 Analysis of Rheme-First Cases

In this section, we examine various rheme-first cases. The first subsection deals with exceptions in English,
which are not claimed to be rheme-first. The second subsection deals with examples in arguably systemati-
cally rheme-first languages.

3.1 Exceptions in English

Although we observed (1) as a rheme-first example, there are a few points we need to clarify. First, the
verb sayis an stage-level predicate (roughly, corresponding to a temporary state), not an individual-level
predicate (roughly, corresponding to a permanent state), following the distinction of Carlson [1980]. Now,
Kratzer [1995] argues that while stage-level predicates have an event argument, individual-level predicates
do not. Then, the example (1) could be analyzed as follows:

(9) a. Who said that (at that time)?

b. (Atthat time,}eleted-Theme[ Pet€lRReme[SaId itlrheme

This type of event theme has been considered in the literature [Erteschik-Shir, 1998]. Then, the above
may not be a good counterexample to theme-first principles as we might hypothesize a deleted theme. As
in the above example, we accept that information-structure components, theme and rheme, be split into
discontiguous sections. It is possible to analyze them, e.g., by adopting the idea of ‘structured meaning’
[Krifka, 1992].

To see whether a rheme-first example is possible in English, let us consider the following involving an
individual-level predicate.

(10) a. Who knows the secret?

b. [Peter]Rheme[knOWS i'[]Theme
Since the individual-level verknow applies to a permanent state, no event argument is assumed. Thus,
excluding the possibility of an extra event argument, it is still possible to have a rheme-first utterance in
English. But as discussed in the previous section, this corresponds to the caséihgee 0. Thus, it is
perfectly consistent with the present proposal.
Another point we need to discuss is the status of contrastive theme. Let us consider the following
example from Jackendoff [1972, p. 261].

(12) Q: Well, what about thdébean® Who atethem?

A: [Fred]rhemelate thebeangtheme
This is a stage-level example and the above-mentioned caveat applies. But we could create an individual-
level counterpart, and thus, it does not really matter. Here, the bemdds stressed because of the potential
contrast between the beans and, say, the potatoes. On the other hand, the predicate “ate the beans” is
completely predictable at the time the response was uttered. Thus, the entropy of the predicate (theme) is 0.

6



In this respect, the possibilities to compute the entropy of a theme or a rheme is different from the instance
of alternatives set as discussed in Steedman [2000]. The entropy of the theme does not necessarily depend
on the contrastiveness of the theme. This type of rheme-theme ordering must be the result of the SVO syntax
in English.

Lambrecht [1994, p. 202] argues that contrastive themes (his ‘topic’) must appear sentence-initially
because they must announce a new topic or marking a topic shift. But as seen in (11), this statement is not
correct. The present proposal differs from Lambrecht in that the predictability is computed independent of
contrastiveness, and thus does not have the same problem.

To see the effect of word order difference, let us compare the following two short discourses.

(12) i. Once upon a time, there were all kinds of vegetables in the field. There always were someone who
ate some of them.

ii. Fred ate the beans.
iii. Fred was a monk who ...

(13) i. Once upon atime, there were all kinds of vegetables in the field. There always were someone who
ate some of them.

ii. The one who ate the beans was Fred.

iii. Fred was a monk who ...
It seems that (1iP) is no longer as good as (AL (13i) seems more naturalExcept for direct responses to
a question, it would be generally difficult to fix the theme. This may be one of the reasons that we tend to
observe mostly theme-first patterns in written discourse.
The present proposal predicts that it is preferable for an unpredictable theme to precede the rheme. But
it is always possible that such preference be violated. As an example, consider the following abstract taken
from a medical journal (sentences are numbered for reference purposes).

Title: °Overuse Injuries in Children and Adolescents
1The benefits of regular exercise are not limited to adéifsuth athletic programs provide
opportunities to improve self-esteem, acquire leadership skills and self-discipline, and develop
general fitness and motor skills$Peer socialization is another important, though sometimes
overlooked, benefit'Participation, however, is not without injury risRWhile acute trauma and
rare catastrophic injuries draw much attention, overuse injuries are increasingly common.
®Diagnostic and treatment efforts should focus on how the injury developed and consider
issues that are unique to growing athletéAn understanding of these concepts provides the
basis for making specific injury-prevention recommendations.

The subject of Utterance 3, “peer socialization” might be inferrable from the context, but it seems more like
a new concept. On the other hand, the predicate “another important, though sometimes overlooked, benefit”
is more readily inferrable from “the benefits of regular exercise” in Utterance 1. Thus, it seems possible to
analyze the utterance as in the rheme-theme order. However, this inferrable theme is by no means completely
predictable from the context at the time of this utterance. As a result, this utterance does not conform to the
hypothesis stated earlier. Now, we consider replacing Utterance 3 with the following: “Another important,
though sometimes overlooked, benefit is peer socialization.” This seems more felicitous word order within
this discourse.

To summarize, the counterexample to theme-first principles seem to fit the current proposal. More
detailed examination of the applicability of the proposal remains as future work.

IDiscourse coherence of this type has been analyzed using Centering Theory Grosz et al. [1995]. It would be interesting to
compare the present proposal with Centering Theory.



3.2 Rheme-First Languages

According to Lambrecht [1994, p. 200], the existence of verb-initial languages is a greater problem for
theme-first principles. He acknowledges that it might be the case that every verb-initial language have
topicalization. But such a construction is still a marked one compared to the basic ones. On the other
hand, we need to be careful about identifying rheme-first patterns. First, depending on the way it is defined,
typological classification of verb-initial language may simply mean that the pattern occurs more frequently
than others. Second, being verb-initial does not automatically mean that the language is full of rheme-first
patterns Payne [1995, p. 464]. The discussion below focuses on the data taken from Mithun [1995], which
seems to represent the most prominently rheme-first case (‘newsworthiness’-first, in her term).

We now examine lroquoian data from Mithun [1995] (partially shown in Introduction). All the utter-
ances shown below are taken from Tuscarora stories. The rheme indications are added for presentation
purposes. The speaker first describes a long journey on the ice, discovery of land, and preparation for a
sacrifice.

(14) i. [ha? uha?na? ru2n@2ah]rheme Wahmahra?,
the head man he said
“the headman said, ...”

(after the sacrifice is made)
ii. &waeh tihruyahw?ah haercka: uh&?na? ruzng2ah?
where he has learned from that head man
“Where had he learned it, that headman?”

(the speaker begins his recipe for cornbread)

iii. Tyahraesiha ka6 [uhs&harcelrheme ... waXkihae?
first customarily ash | went after
“First, 1 usually would go after ashes.”

(after a kettle is prepared and is boiling)

iv. U:na ka®o [yahwakkaznaé:ti?lrneme hajthu haZihseharaeh.

then customarily there | poured there  the ash

“Then | would pour the ashes in there.”
We exclude the utterancé)(from discussion because the information structure of a question is beyond the
scope. First,ii) and {v) include an adverbial at the beginning of the utterance. Thus, it does not look
strictly rheme-first in the sense of theme-first principles. On the other hand, the last constituent is a part of
the theme in all utterances. Thus, the rheme-theme pattern is always present, and it is strikingly different
from ‘more’ theme-first languages. We still want to show that the theme after the rheme is predictable. The
constituents after the rheme are either a pronoun, a definite expression or a fairly light verb. We can say that
they are highly predictable and their entropy are very low.

Let us examine additional utterances in Mithun. The following is an introductory sentence to begin a

war story.

(15) U:naha? kyaenka: tikaha:wi? kyaenka: [kayd2ri:yugrneme

long ago this so it carries  this they fight
kyaen:ka: wahstdha:ka?, tisng2 kurahku:.
this Bostonians and British

“One time long ago the Americans and the British were at war.”



In this case, the sentence-initial constituents before “they fight” is actually a part of the theme and that
seems to set the context. The English translation could be “One time long ago there was a war between the
Americans and the British”.

In the following, a peddler has been driving a horse although the horse itself is not mentioned. Mithun
argues that the newsworthiness of the verb.

(16) U:na haésna [Bahra?u:ri?]rneme haZa:ha:b.
now then again he drove the horse

“Now then he drove his horse again.”
Again, the sentence-initial adverbial sets the event, which is a part of the theme.
Mithun does not discuss the context for the following, but says that the crucial point is “behind her”.

(17) [aeZaéhsnakWkneme Wahrahanihr.
behind her he stood

“He stood behind her.”
Next, the main point is making fire.

(18) [YuZnaek$rneme UNAZNA?.
it burns in front

“A fire was burning before her.”

Mithun [1995, p. 391] cites the literature and observes that in spoken language, significant new ideas
are introduced one at a time. In some examples above, we could even say that the story can continue by
linking just the rhemes omitting the constituent after the rheme. Thus, these rheme-theme patterns too seem
consistent with the present proposal.

Why there are (more or less) rheme-first languages and why there are so few are intriguing question.
As a cognitive motivation for the rheme-first pattern, Downing [1995, p. 16] refers to ‘primacy effect’
[Gernsbacher and Hargreaves, 1992]. In addition, Mithun [1995, Sec. 4] adds that because of downstepping
the sentence-initial position has an advantage of being more prominent (in absolute scale). However, since
even lroquoian allows sentence-initial adverbials as a part of the theme, neither of these proposals seem to
apply in a strong form. Here is another question. In SOV languages, focus (of the rheme) most commonly
appear on the immediately pre-verbal position [e.g., Kuno, 1978]. Use of such a position cannot be explained
by primacy effect (first position) or recency effect (last position).

Next, the rheme-first languages discussed Mithun [1995] and others are highly agglutinating. As a result,
the number of average constituents in an utterance seems smaller in such languages. Mithun [1995] explains
the different degree of rheme-first tendency in the Siouan, Caddoan, and Iroquoian language in relation to
the development of affixes. These factors may have some effects on the way the rheme is placed.

Additional relevant data can also be found in the following paper. Lambrecht [1987], Mithun [1987],
Payne [1992], and Tomlin and Rhodes [1992]. These are left for future work.

4 On the Definition of Information Structure

So far we have been focusing on the discussion of theme-first tendency and exceptions assuming a general
idea about information structure. In this section, we turn our attention to the definition of information
structure itself. Note that this section provides an additional perspective on the assumption of the main point
of this paper but must be considered separately from the main argument.

Although there are some general agreement about the notion of information structure, the precise defi-
nition is still a matter of controversy. This section adds yet another definition because it is rather different
from the previous ones and might actually be combined with other definitions successfully.



Figure 2: Vallduv’'s view of information update

4.1 Previous Definitions

Lambrecht [1994, p. 5] defines ‘information structure’ as follows:

(19) That component of sentence grammar in which propositions as conceptual representations of states of
affairs are paired with lexicogrammatical structures in accordance with the mental states of interlocu-
tors who use and interpret these structures as units of information in given discourse contexts.

This definition appears intuitive, but still does not nail down the concept in a precise manner. In particular,

its reference to mental states seems to leave room for further specification.

As the basis for discussing information structure, Validd@90, p. 15] refers to the notion of ‘infor-
mation’ discussed by Dretske [1999]. A typical case of information update is represented as in Fig. 2. The
figure suggests that a proposition (representeg@)dsas a component known to the hearer (insideKkhe
circle) and another one that is new to the hearer (outside of it). Although the figure has some intuitive mer-
its, its precise interpretation is not so straightforward. For example, where exactly the propositiaded
between inside and outsidg?

Now, let us consider the following example.

(20) Q: Who did Felix praise?

A: [Felix praisedtneme[himselflrheme
The concept “Felix praised someone (or even nobody)” is in the shared knowledge. The referent Felix is
also in the shared knowledge as pointed out by Reinhart [1982]. But the proposition (as a whole) is new.
What makes a rheme as such is that the particular rheme is chosen in contrast to something elsés Vallduv’
[1990] schematic is not particularly helpful to analyze this point.

Although the referential status of the rheme can vary, there are certain restrictions on the referential
status of the theme. Themes are in general ‘evoked’ or ‘inferrable’ in the sense of Prince [1981]. However,
it is extremely difficult to nail down to what extent we can actually infer a theme from the context. Any
definition of information structure based on the referential status of the theme would face this problem.

4.2 Information-Theoretic Definition

One assumption we have been making is that the theme has lower entropy than the rheme. In this section,
we attempt to define information structure based on this idea.
The definition we will consider here is as follows:

(21) (Definition) The information structure of an utterance is a binary partition (composition) of the se-
mantic representation of the utterance between theme and rheme such that the entropy of the rheme is
greater than that of the theme.

Let us examine some of the prominent features of this definition. First, it assumes a binary partition (cf.
the next section for the possibility of multiple partitions). | assume that partitions are those grammatically
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feasible ones. For example, Steedman [2000] provides a basis for such partition based on the formalism of
Combinatory Categorial Grammar.

The presence of binary partition requires that there are both theme and rheme, and is not compatible
with the all-rheme pattern. This position is consistent with the argument of Erteschik-Shir [1998]. This is in
contrast to Lambrecht [1994, p. 15] who acknowledges the existence of all-rheme utterances and argues that
the topic of an all-rheme utterance is the speaker. This idea does not seem correct; one can say an potentially
all-rheme utterance that is nothing to do with the speaker. Further discussion about the possibility of all-
rheme utterances can be found in another paper of mine (in progress) “Focus Projection and Information
Structure™

The definition (21) is only relative between theme and rheme, and does not directly refer to absolute
properties of theme or rheme. As mentioned in Section 2, the computation of entropy would eventually
depend on the analysis of inference. Thus, various problems of dealing with inference will not go away.
However, there seems advantageous to abstract away from the difficulty with inference all in the computation
of entropy.

Except for the binary partition requirement, the definition (21) does not refer to linguistic notion such as
reference to a verb, argument/adjunct, and structure (cf. Sgall et al. [1986] and Lambrecht [1994, p. 16]). As
a result, the definition can be applied robustly to any construction in any language. Since information struc-
ture is a complex phenomenon, there surely will be cases where fine tuning is required. But the existence of
a base on which refinement can be made consistently must be a welcome result.

Since the definition (21) is based on entropy that evaluates to a numeric value, it can be compared with
our own greyish judgment. In many cases, it appears difficult to analyze information structure, especially
in a written text. A theory of information structure might actually need to fail gracefully in a difficult case.
The present approach seems to allow such a possibility unlike previous definitions. Furthermore, the use of
probability distribution would still allow us to assign small probabilities to unexpected outcomes. This can
be adopted to account for unexpected options and indirect responses to a question.

Although the definition (21) is a relatively weak view of information structure, it is sufficient for the
current purpose because everything we need in this paper can be derived from it.

Let us now turn to some potential problems and open questions in connection to the above definitions.
First, Rochemont’s [1986, p. 52] defines two types of foci: contrastive and presentation (non-contrastive).
One might wonder if a presentation focus can form a rheme that does not have an alternative, which might
end up with a zero entropy. But this does not need to be the case; we can always consider “nothing” as an
alternative to an object. Technically speaking, if we consider the power set of a single element, it would
always include the empty set as an alternativar{igj, 1997, p. 40]. This is justifiable because we can
respond to avhatquestion withnothing[Jackendoff, 1972, p. 246].

Another potential problem is how to compute entropy. Theoretically, it will remain a problem as already
mentioned earlier. Practically, various approximation techniques may be applicable. For example, statis-
tical language modeling as reviewed in Manning andubz [1999] is a popular area in Computational
Linguistics.

Finally, we also leave the analysis of the information structure in a question as future work.

4.3 Communicative Dynamism

So far, we have been restricting ourselves to the binary-partition approach to information structure. But with
the current approach, it could be extended to multiple partitions (if that makes sense). This would naturally
connect to the idea of Communicative Dynamism of Firbas [1964].

2Available on-line at “http://www.cis.upenn.edu/"komagata/papers.html”.
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| personally think that binary partition makes more sense as it can be observed in virtually all languages.
Suppose that we consider languages like Iroquoian. The number of constituents is fewer than other lan-
guages. The word order within a word is rigidly fixed by morpho-syntax. Thus, there seems less use of CD
in this type of languages. In general, it would be difficult to demonstrate multiple divisions universally.

5 Conclusion

This preliminary paper proposes a hypothesis that information structure is to even out the information load
of the theme and the rheme (information balance). Assuming that the theme is the low-entropy component
of an information structure, we show that placing the theme before the rheme is never worse than the other
ordering in this respect. This is reflected by the theme-first tendency. Even though it is not obvious whether
there is an absolute limit on the capacity of human communication channel, it might make sense to assume
that we may use as little channel capacity as possible. | believe that this formulation provides a relatively
precise starting point for discussion of information structure and word order.

One of a few exceptional cases is crucial for explaining rheme-first cases. That s, if the theme has a zero
entropy, the theme-rheme ordering does not affect the information balance. | explore some examples mainly
from arguably rheme-first languages. My analysis is that in these languages, the rheme-theme ordering is
consistently made after the theme is well set up and thus the theme in such an utterance has very low entropy.
The same idea applies to other exeptional cases, e.g., in English. As a consequence, the current proposal
seems consistent with the general idea of theme-first principle and also with the apparent exceptions to the
idea.

The paper also discusses the adequacy of the definition of information structure based on information
theory. The assumption is that the low-entropy component of a binary partition of an utterance corresponds
to the theme. In this connection, | note that a rheme is a requirement, and a theme (or a deleted theme) is
also a requirement. This will guarantee that there always is a information-theoretic contrast between theme
(including the deleted one) and the rheme.

The current proposal is to some extent consistent with many other proposals about the relation between
word order and information structure. | do not think the prediction of the hypothesis radically deviate from
the previous work. However, | believe that the proposal is novel in that it relates the phenomena directly
with the notion of entropy, which is widely applied to various fields including linguistics. This approach
also introduces a possibility of applying psycholinguistic/cognitive techniques to explore the idea. | think
the current approach is the first to derive both theme-first tendency and seemingly exceptional cases from a
single hypothesis. This is welcome as we can now view more diverse phenomena within a fewer principles.

Although the current proposal is entirely theoretic, there might be a way to apply the idea to Natural
Language Processing. For example, text generation and readability analysis of certain languages may in-
volve word order as an important property; some recent work includes Kruijff-Korlzagbal. [2000, Sec.

1.4.2] and Ratnaparkhi [2001]. Further, entropy is used to compute certain linguistic properties, albeit rather
different ones from the topic of this paper, as reviewed in Manning andt3eifil999, Sec. 2.2.7].

The most commonly used ways of analyzing information structure is to rely on the so-called ‘question
test’. But the test cannot be used in indirect responses, neither in monologue texts. However, it seems
perfectly reasonable to analyze the information structure in an indirect response. One approach would be
to hypothesize that the indirect response is actually a direct response to a different question. But coming
up with an appropriate hypothetical question for an utterance is basically the same problem as identifying
the information structure of the indirect response. So, this approach simply sidesteps the problem. In this
connection, analyzing information structure in a discourse in general is still a widely open problem. This is
also related to the lack of precise definition of information structure. The proposed definition of information
structure based on information theory may shed some light on this issue.
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A Basic Information Theory

A.1 Introduction

This appendix provides a summary of basic information theory (A.1-A.3), an example of computing in-
formation balance (A.4) and the proof of the theorem (8) (A.5). The primary source of the discussion on
information theory (A.1-A.3) is Reza [1994]A more compact summary of roughly the same coverage can
be found in Manning and Saltge [1999, Ch. 2]. Furthermore, a more informal presentation is available in
Dretske [1999, Ch. 1-2].

Information theory originates from the work of Nyquist and Hartley in the 1920s and was more widely
introduced by Shannon in 1940s (references can be found in the cited work above). The main idea is to mea-
sure ‘information’ in terms of ‘entropy’, which is informally related to the notions such as: informativeness,
randomness, uncertainty, unexpectedness, degree of surprise, disorder, and chaos. The notion of entropy has
its root actually in physics (thermodynamics). Some direct applications of Shannon’s theory include com-
munication theory and cryptography. In addition, the idea has also been applied to various fields including
economics and linguistics.

A.2 Entropy: A Measure of Information

Let us suppose that there ar@ossible outcomesy, ..., X,, that may occur with an equal probability (uni-
form distribution). The probability of any of these events j$.1In this case, the ‘entropy’ (a measure of
information) of this situation (probability distribution) is l9g.

For example, for a choice between two distinct outcomes, the entropy 42 tedl, where 1 bit is
sufficient to distinguish the outcon‘}e.SimiIarIy, for a choice between 8 distinct outcomes,,Bg- 3,
where 3 bits are sufficient. The more possibilities, the more information we have and the more storage we
need to record the result. The range of entropy is between 0 (completely predictabte)(emmipletely
chaotic).

The use of logarithmic function is essential for us to be able to deal with information as an ‘additive’
property. It is also related to our psychological sensitivity that is generally considered logarithmic rather
than linear (e.g., sound intensity vs. human perception). If we represem ingerms of probability,
i.e.,p= % we can define the entropy function (for uniform distributidtiorm : R — R as a function of
probability.

1
Huniform (P) = log, n = —log, (ﬁ> = —log, p (101)

As a result, we generally use the forrlog, p with a negative sign to represent the entropy involving a
probability.

Let us generalize the definition of entropy so that we can measure the information of non-uniform prob-
ability distribution. Suppose that there arg@ossible outcomesxy, ..., X,], with the following probability
distribution[p1, p2, ..., Pn], Wherep; is the probability ofx;, i.e., the shorthand fd? (X = x;) or P(x;). Nat-

n

urally, all the probabilities must sum to the unity, i.€, pi = 1. The idea is to average the information

i=1
for all the outcomes. For a particular outcomethe (pointwise) entropy is-log, pi. We need to weigh

3The first three chapters (about 130 pages) of the book is a very good introduction including basic concepts in probability and
some discrete mathematics. The book contains many concerte examples, discusses why the entropy formula must be the way it is,
and is mathematically accurate. It is also inexpensive. One disadvantage is that it is rather old (originally published in 1961) and
thus uses some old notation, eR{x} for probability.

4Although it is not essential for computing entropy, the base 2 is used as in computer science.
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Figure 3: Entropy function for the binomial probability distribution

this value with its own probabilityp;. This leads to a ternp;log, p;, for x;. We then add the weighted
(pointwise) entropies for all the outcomes, resulting in the average of them (averaging makes sense due to
the logarithmic conversion). Let us denote the probability distribution in questiprfladd face to indicate

that it is a vector, a ‘list’ of values). Then, the entragy list (R) — R can be represented as follows:

n
H (p) = — (P1log; p1+ p2log; P2+ -+ + pnlog, pn) = — Zl pilog, pi (102)
1=

Although it is not obvious, Reza [1994, Secs 3-3 and 3-19] discusses that the entropy function is required to
be in this particular form to satisfy the conditions: continuity, symmetry, and additivity.
It is straightforward to show that (101) is a special case of (102). [ial p, the following holds, using

_ 15
p=3-

n
H(p) = - lei log, pi = —n x plog, p = —l0g, p = Huniform (P)
i=

One of the most illustrative examples is a probability distribution with two distinct outcomasdx,.
Naturally, p1 + p2 = 1. Thus, we have the following:

2
H(p) = —_Z Pilog, pi = — (P1log, p1 + P210g; P2) = — (P1log, p1 + (1= p1) l0g, (1 - p1))
1=

This entropy function is shown in Fig. 3. The entropy is highest if the distribution is uniformpi.e-,
p2 = 0.5. This is because the likelihood of having one outcome is most uncertain. On the other extreme, if
we know thatx; (or xp) always happens, the entropy is 0, i.e., there is no information.

SWe often consider a random variabfe: Q — R, whereQ is a sample space, and consider the entropy associated with it. In
this case, we abuse the notation for the entropy function further and /(Xe8. But the entropy is a function of a probability
distribution and not of a random variable (function itself).
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A.3 Information Measures for Two Events

Let us now consider two eventsandY. In the area of Communication TheokandY are often viewed as

the sender and the receiver (resp.) of signal. But later, we will interpret them as theme and rheme. Suppose
that the evenK has two possibilitieg; andx,, and the event, two possibilitiesy; andy,. We now consider

the probability (‘joint probability’) for each combination &f andy; as follows:

(22)

Yi |y
X1 | P11 | P12
X2 | P21 | P22
n m
Naturally, the sum of all the probability must be exhaustive, ig.y pij = 1.
j=1i=1
At this point, we consider extending the definition of entropy (102) to this type of two-event situation.
Instead of summing over a single event, we now sum over both of the events. Foré&aste with mand
n possibilities, respectively, we have joint probabiligy; for X, andy;. Then, the entropy of the two events,
‘joint entropy’, is defined as follows:

n m

H(X,Y) =~ Pi,j 109, pi,j
gli; i, 1982 M j

As an example, let us consider two eveXtandY with the joint probability distribution as follows:
(23)

Yi | Y2
X1 1011 0.2
X2 | 0.3 04

Then, the joint entropy can be computed as follows:

n m

H(X,Y)=— Z Elpi’j log, pi,j = —(0.1l0g, 0.1+ 0.2l0g, 0.2+ 0.3109, 0.3+ 0.410g,0.4) ~ 1.84
j=1li=

Note thatH (X) ~0.88 andH (Y) ~0.97. In this caseil (X,Y) < H (X)+H (Y).8 Since the joint probability
information already contains the complete information about the two events, knolnamglY separately
has some redundancy in terms of information. This situation is schematically shown as the diagram (a) in
Fig. 4, where there is some overlap.

We now compare the above pattern with the two extreme cases. First, consider the following joint
probability distribution:

(24)
Yi | Y2
X1 0.1|0.0
X2 | 0.0 0.9

Then, the joint entropy isH (X,Y) = —(0.1log, 0.1+ 0.910g,0.9) ~ 0.47. Note thatH (X) ~ 0.47 and
H (Y) ~ 0.47. In this caseH (X,Y) = H (X) = H(Y). In fact, if non-diagonal entries (of a square matrix)
are all 0, this equation always holds. If the informationXofY, and the joint information oK andY are
all equal, we infer that they all have the same amount of information. That apdY are completely

6More precisely, we haveél (X,Y) = 1.846439345 andH (X) + H (Y) = 1.852241494. Thus, there is a small difference,
0.005802149.
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(a) overlapping (b) identical (c) disjoint
Figure 4: Relation between two events
dependeniand knowing one of them is sufficient to know any of the other information measure. This

situation is schematically shown as the diagram (b) in Fig. 4, where the two events completely overlap.
Next, consider the following example:

(25)
Y1 | Y2
X1 101]01
X2 | 04|04

Then, the joint entropy isH (X,Y) ~ 1.72. Note thatH (X) ~ 0.72 andH (Y) ~ 1.00. In this case,
H(X,Y) =H(X)+H(Y). In fact, if the distributions are even across rows and columns, this equation
always holds. In this case, the information abXuandY are completelyindependent This situation is
schematically shown as the diagram (c) in Fig. 4, where there is no overlap.

Except for the two extreme cases discussed above, it would be convenient to know where the difference
betweerH (X,Y) andH (X)+H (Y) lies. The source of such difference is information dependency between
X andY as suggested in the example (23). At this point, let us consider the information measure that
corresponds tél (X,Y) —H (X). Schematically, this is shown as the shaded area in Fig. 1. Since this area
Y is conditional toX, it is called ‘conditional entropy’, representedtdgY|X). Analogously, we can also
consideH (X]Y). Then, the following equations relate the information measures discussed'so far.

H(X,Y)=H(X)+H(Y|X)=H(Y)+H(X]Y)

Returning to the example (234 (X,Y) ~ 1.84 = H (X) + H (Y|X) ~ 0.88+ H (Y|X). Thus, we know

“Conditional entropy can be defined in terms of ‘conditional probability’, e.g., the probabiliyy whenx; is observed as
shown below.

P(X =x andY =yj) _ Rij
P(X =x)  P(x)

Then, the conditional entropy &fwith the observation of; can be defined as the average over all the outcomgsasffollows:

Rjli =

H(Y[x) = Z‘p”.logz Pjji

If we average over all the outcomesXfthe ‘conditional entropy’ o¥ with X is defined as follows:

m n
H(Y[X) = Z\Z pjji log2 pjji
= ]=1



that H (Y|X) is 0.96, which is less thai (Y) ~ 1.97. Since conditional information never increases the
uncertainty, we have the following inequality.

H (X]Y) <H (X)

Another measure is used to indicate the degree of dependence between the two events. It is called
‘mutual information’ and characterized by the following equation:

L(X;Y)=H(X)+H(Y)—H(Y|X)

A.4 Information Balance

This subsection shows a computation of ‘information balance’ (6) introduced in Section 2. Let us consider
the probability distributions for the theme and the rheme as the two events discussed in the previous sub-
section, denoted a6 andR, respectively. We suppose that the theme has two possibtlitaaslt,, and the

rheme has fivery, ...,rs, and the joint probability distribution is as follows.

(26)

ri ro rs I Is St
t; | 025 | 0.125| 0.075 | 0.025 | 0.025 | 0.5
to | 0.025| 0.025| 0.075| 0.125| 0.25 | 0.5
Sri| 0275] 015 | 0.15 | 0.15 | 0.275
If the word order is theme-rheme, we consitlefT) andH (R|T) because of the dependency observed
in the given word order. The entropy of the entire utterance can be descrilddBR) =H (T)+H (R|T).
If the ordering is reversed, the entropy would®¢T,R) = H (R) + H (T|R). Regardless of the ordering,
the total information, i.e., the joint information, is identical as the same amount of information is eventually
delivered.
The basic information measures are computed as follows:

H (T) = — (0.5l0g,0.5+ 0.5l0g,0.5) = 1.000
H (R) = — (2% 0.275l0g,0.275+ 3 x 0.15l0g, 0.15) ~ 2.256

(
(
H (T,R) = — (2x 0.25l0g,0.25+ 2 x 0.125l0g,0.125+ 2 x 0.75l0g, 0.75+ 4 x 0.02510g,0.025)
~ 2.843
H(RT)=H(T,R) —H(T) ~1.843
H(T|R) = H (T,R)— H (R) ~ 0.587
I (T;R) =H (T)+H(R) —H(T,R) ~0.413

Now, let us compute the average of the entropies for the theme and the rheme (same for the theme-rheme
and the rheme-theme ordering).

H(T)+H(RT H(T)+H(T,R)—H(T H(T,R
2 2 2
Next, let us denote the information balance for the theme-rheme (rheme-theme) ordeTring(@sr).
Then, the information balance for the two orderings can be computed as follows:
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5 \/|H (T) —Errl®+ |H (RT) — Erg/? 11.000— 1.421)% +|1.843— 1.421)?
TR= =

~ 0.421

2 2 0
IH(R) — Exr]2+|H(T|R) —Err|>  []2.256— 1.421)%+|0.587— 1.421)>

ORT = 2 = 5 ~ 0.835

Thus, we hav®tr < OrT.

A.5 Analysis of Information Balance

In this subsection, we prove the theorem (8) discussed in Section 2. As in the previous subsection, let us
consider the entropies far andR asH (T) andH (R), respectively. We also consider their joint entropy
H (T,R) and conditional entropied (R|T) andH (T|R).

In general, the information balance for the two eveéfitsndY in that ordering is computed as folloWs:

- \/ IH (X) — Excy[2+ |H (Y]X) — Exy[?
Oxy = >

whereExy = w (as in the previous subsection)
2 2
202, = ‘H (X) — HXY) O;’Y) + ‘H (X,Y)—H(X)— HX.Y) O;’Y)
H(X,Y)|? H(X,Y)|?
= H(X)—M +|—-H(X)+ (X,Y)
2 2
H(X,Y)|?
0§Y:\/‘H(X)—%
H(X,Y
Oxy = H(X)—i(2 )
Now, we will prove the theorem, which is equivalent to the following:
(27) IfH (T) < H (R), OTR < ORT.
: . H(T,R
First, since——— = Exy andH (T) < H (R),
H(T,R H(T,R
OTR— H(T)— ( ) = ( )—H(T)
2 2
H(T,R H(T,R
ORT = ‘H(R)—%‘ :H(R)—%

Then, applyingH (X,Y) =H (Y) +H (X]Y) andH (X]Y) < H (X),

OTR—ORT = [@—H (T)] — [H (R)—@]

=H(T,R—H (R —H(T)
=H(TIR)—H(T) <0

8The definition can be extended to multiple events.
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Thereforeotr < OrT.
As discussed in the paper, there are a few special cases. First, the completely independent case occurs
whenl (X;Y) = 0. EquivalentlyH (RIT) =H (R) andH (X,Y) = H (X) + H (Y).

OTR= ‘H(T)— H(-IZ-’R) = H(-IZ-’R)
ORT = ‘H(R)— H(-IZ-’R)‘ = H(-IZ-’R)

Therefore, there is no difference between the two ordering. As a special c&$€T jf= 0, we apply
H (T,R) = H (R) and obtain the following:

H(T,R)
OTR= "7

v =H(R MR _HOR

Again, there is no difference.

Next, let us consider the completely dependent case although this is not discussed in the paper (and
unlikely in natural language as in the previous case). This case occurshiv¥rY) = H (X) = H (Y).
Thus, there is no difference in this case either.

OTR= ‘H(T)—H(-IZ-’R)‘: H(-IZ-’R)
ORT = ‘H(R)— H(-IZ-’R)‘ = H(-IZ-’R)
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