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Abstract

Based on data from a large-scale exp erimen t with h uman sub jects,

w e conclude that the logarithm of probabilit y to guess a w ord in con-

text (unpredictabilit y) dep ends linearly on the w ord length. This re-

sult holds b oth for p o etry and prose, ev en though with prose, the

sub jects don't kno w the length of the omitted w ord. W e h yp othesize

that this e�ect re�ects a tendency of natural language to ha v e an ev en

information rate.

1 In tro duction

In this pap er w e rep ort a particular result of an exp erimen tal study on

predictabilit y of w ords in con text. The exp erimen t's primary motiv a-

tion is the study of some asp ects of p o etry p erception, but the result

rep orted here is, in the author's view, of a general linguistic in terest.

The �rst study of natural text predictabilit y w as p erformed b y the

founder of information theory , C. E. Shannon [1 ]. (W e'll note that

ev en in his groundbreaking w ork [2], Shannon brie�y touc hed on the

relationship b et w een literary qualities and redundancy b y con trasting

highly redundan t Basic English with Jo yce's �Finnegan's W ak e� whic h

�
This is a somewhat expanded v ersion of the pap er Manin, D.Y u. 2006. Exp eriments on
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�enlarges the v o cabulary and is alleged to ac hiev e a compression of

seman tic con ten t�.) Shannon presen ted his sub ject with random pas-

sages from Je�erson's biograph y and had her guess the next letter un til

the correct guess w as recorded. The n um b er of guesses for eac h letter

w as then used to calculate upp er and lo w er b ounds for the en trop y of

English, whic h turned out to b e b et w een 0.6 and 1.3 bits p er c harac-

ter (bp c), m uc h lo w er than that of a random mix of the same letters.

Shannon's results also indicated that conditional en trop y decreases as

more and more text history b ecomes kno wn to the sub ject, up to at

least 100 letters.

Sev eral authors rep eated Shannon's exp erimen ts with some mo d-

i�cations. Burton and Lic klider [3 ] used 10 di�eren t texts of similar

st yle, and fragmen t lengths of 1, 2, 4, ..., 128, 1000 c haracters. Their

conclusion w as that, con trary to Shannon, increasing history do esn't

a�ect measured en trop y when history length exceeds 32 c haracters.

F� onagy [4 ] compared predictabilit y of the next letter for three t yp es

of text: p o etry , newspap er, and �a con v ersation of t w o y oung girls�.

Apparen tly , his tec hnique in v olv ed only one guess p er letter, so en-

trop y estimates could not b e calculated (see b elo w), and results are

presen ted in terms of the rate of correct answ ers, p o etry b eing m uc h

less predictable than b oth other t yp es.

K olmogoro v rep orted the results of 0.9�1.4 bp c for Russian texts in

his w ork [5] that laid the ground of algorithmic complexit y theory . The

pap er con tains no details on the v ery ingenious exp erimen tal tec hniue,

but it is describ ed in the w ell-kno wn monograph b y Y aglom & Y aglom

[6].

Co v er and King [7] mo di�ed Shannon's tec hnique b y ha ving their

sub jects place b ets on the next letter. They sho w ed that the opti-

mal b etting p olicy w ould b e to distribute a v ailable capital among the

p ossible outcomes according to their probabilit y and so if the sub jects

pla y in an optimal w a y (whic h is not self-eviden t though), the letter

probabilities could b e inferred from their b ets. Their estimate of the

en trop y of English w as calculated at 1.3 bp c. This w ork also con tains

an extensiv e bibliograph y .

Moradi et al [8] �rst used t w o di�eren t texts (a textb o ok on digital

signal pro cessing and a no v el b y Judith Kran tz) to con�rm Burton

and Lic klider's results on the critical history length (32 c haracters),

then added t w o more texts (�101 Dalmatians� and a federal a viation

man ual) to study the dep endence of en trop y on text t yp e and sub ject

(with somewhat inconclusiv e results).
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A n um b er of w orks w ere dev oted to estimating en trop y of natural

language b y means of statistical analysis, without using h uman sub-

jects. One of the �rst attempts is rep orted in [9], where 39 English

translations of 9 classical Greek texts w ere used to study en trop y de-

p endency on sub ject matter, st yle, and p erio d. A v ery crude en trop y

estimate b y letter digram frequency w as used. F or some of the more

recen t dev elopmen ts, see [10 ], [11] and references therein. By the v ery

nature of these metho ds they can't utilize meaning (and ev en syn tax)

of the text, but b y the brute force of con temp orary computers they b e-

gin ac hieving results that come reasonably close to those demonstrated

b y h uman language sp eak ers.

Our exp erimen tal setup di�ers from the previous w ork in t w o im-

p ortan t asp ects. First, w e ha v e sub jects guess whole w ords, and not

individual c haracters. Second, the w ords to b e guessed come (gener-

ally sp eaking) from the middle of a con text, rather than at the end of

a fragmen t. In addition to �lling blanks, w e presen t the sub jects with

t w o other task t yp es where authen ticit y of a presen ted w ord is to b e

assessed. The reason for this is that while most of the previous studies

w ere ev en tually aimed at e�cien t text compression, w e are in terested in

literary (c hie�y , p o etic) texts as w orks of literature, and not as mere

c haracter strings sub ject to application of compression algorithms

1

.

Our goal in designing the exp erimen t w as to pro vide researc hers in the

�eld of p o etics with hard data to ground some h yp otheses that other-

wise are una v oidably sp eculativ e. Guessing the next w ord in sequence

is not the b est w a y to treat literary text, b ecause ev en an ordinary

sen tence lik e this one is not essen tially a linear sequence of w ords or

c haracters, but a complex structure with w ord asso ciations running

all o v er the place, b oth forw ard and bac kw ard. A p o em, ev en more

so, is a structure with strongly co ordinated parts, whic h is not read

sequen tially , m uc h less written sequen tially . Also, practice sho ws that

ev en when guessing letter b y letter, p eople almost alw a ys base their

next c haracter c hoice on a ten tativ e w ord guess. This is wh y guessing

whole w ords in con text w as more appropriate for our purp ose.

Ho w ev er, the results w e presen t here, as already men tioned, are not

relev an t to p o etics prop er, so w e will not dw ell on this further, and

refer the in terested reader to [12 ].

1

It should b e noted though that e�cien t compression is imp ortan t not only p er se , but

also for cryptographic applications as p oin ted out in [11 ]. In addition, language mo dels

dev elop ed for the purp ose of compression are successfully used in applications lik e sp eec h

recognition and OCR, allo wing to disam biguate di�cult cases and correct errors.
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2 Exp erimen tal setup

In their In tro duction to the sp ecial issue on computational linguis-

tics using large corp ora, Ch urc h and Mercer [13] note that �The 1990s

ha v e witnessed a resurgence of in terest in 1950s-st yle empirical and

statistical metho ds of language analysis�. They attribute this empir-

ical renaissance primarily to the a v ailabilit y of pro cessing p o w er and

of massiv e quan tities of data. Of course, these factors fa v or statisti-

cal analysis of texts as c haracter strings. Ho w ev er, wide a v ailabilit y

of computer net w orks and in teractiv e W eb tec hnologies also made it

p ossible to set up large-scale exp erimen ts with h uman sub jects.

The exp erimen t has the form of an online literary game in Russian

2

.

Ho w ev er, the pla y ers are also fully a w are of the researc h side, ha v e

free access to theoretical bac kground and curren t exp erimen tal results,

and can participate in online discussions. The pla y ers are presen ted

with text fragmen ts in whic h one of the w ords is replaced with blanks

or with a di�eren t w ord. An y sequence of 5 or more Cyrillic letters

surrounded b y non-letters w as considered a �w ord�. W ords are selected

from fragmen ts randomly . There are three di�eren t trial t yp es:

t yp e 1: a w ord is omitted, and is to b e guessed.

t yp e 2: a w ord is highligh ted, and the task is to determine whether

it is original or replaced.

t yp e 3: t w o w ords are displa y ed, and the sub ject has to determine

whic h one is the original w ord.

Incorrect guesses from trials of t yp e 1 are used as replacemen ts in

trials of t yp es 2 and 3.

T exts are randomly dra wn from a corpus of 3439 fragmen ts of

mostly p o etic w orks in a wide range of st yles and p erio ds: from A v an t-

garde to mass culture and from 18th cen tury to con temp orary . Three

prosaic texts are also included (t w o classic no v els, and a con temp orary

p olitical essa y).

As of this writing, the exp erimen t has b een running almost con tin-

uously for three y ears. Ov er 8000 p eople to ok part in it and collectiv ely

made almost 900,000 guesses, ab out a third of whic h is of t yp e 1. The

traditional lab oratory exp erimen t could ha v e nev er ac hiev ed this scale.

Of course, the tec hnique has its o wn dra wbac ks, whic h are discussed in

2
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detail in [12]. But they are a small price to pa y for statistical relev ance,

esp ecially if it can't b e ac hiev ed in an y other w a y .

3 Results

The sp eci�c goal of the exp erimen t is to disco v er and analyze system-

atic di�erences b et w een di�eren t categories of texts from the viewp oin t

of ho w easy it is to a) reconstruct an omitted w ord, and b) distinguish

the original w ord from a replacemen t. Ho w ev er here w e'll consider a

particular prop ert y of the texts that turns out to b e indep enden t of

the text t yp e and so probably c haracterizes the language itself rather

than sp eci�c texts. This prop ert y is the dep endency of w ord unpre-

dictabilit y on its length.

W e de�ne unpr e dictability U as the negativ e binary logarithm of

the probabilit y to guess a w ord, U = � log2 p1 , where p1 is the a v erage

rate of correct answ ers to trials of t yp e 1. F or a single w ord, this is

formally equiv alen t to Shannon's de�nition of en trop y , H . Ho w ev er,

when m ultiple w ords are tak en in to accoun t, en trop y should b e calcu-

lated as the a v erage logarithm of probabilit y , and not as the logarithm

of a v erage probabilit y ,

H = �
1
N

NX

i =1

log2 pi
1 (1)

U = � log2
1
N

NX

i =1

pi
1 (2)

Indeed, the logarithm of probabilit y to guess a w ord equals the

amoun t of information in bits required to determine the w ord c hoice.

Th us, it is this quan tit y that is sub ject to a v eraging. When dealing

with exp erimen tal data, it is customary to use frequencies as estimates

of unobserv able probabilities. Ho w ev er, there are alw a ys w ords that

w ere nev er guessed correctly and ha v e p1 = 0 for whic h logarithm is

unde�ned (this is wh y Shannon's tec hinque in v olv es rep eated guessing

of the same letter un til the correct answ er is obtained). F ormally , if

there is one elemen t in the sequence with zero (v ery small, in fact)

probabilit y of b eing guessed, then the amoun t of information of the

whole sequence ma y b e determined solely b y this one elemen t.

On the other hand, unpredictabilit y as de�ned ab o v e is not sen-

sitiv e to the exact probabilit y to guess suc h w ords, but only on ho w
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man y there are of them. While en trop y c haracterizes the n um b er of

tries required to guess a randomly selected w ord, unpredictabilit y c har-

acterizes the p ortion of w ords that w ould b e guessed on the �rst try .

They are equal, of course, if all w ords ha v e the same en trop y .

One w a y around the problem presen ted b y nev er-guessed w ords

w ould b e to assign some arbitrary �nite en trop y to them. W e com-

pared unpredictabilit y with en trop y calculated under this appro xima-

tion with t w o v alues of the constan t: 10 bits (corresp onding roughly to

wild guessing using a frequency dictionary) and 3 bits (the lo w b ound).

In b oth cases, while H is not equal n umerically to U , they turned out to

b e in an almost monotonic, appro ximately linear corresp ondence. This

probably means that the fraction of hard-to-guess w ords co-v aries with

unpredictabilit y of the rest of the w ords. Because of this, w e prefer

to w ork in terms of unpredictabilit y , rather than in tro ducing arbitrary

h yp otheses to calculate an en trop y v alue of dubious v alidit y .

Unpredictabilit y as a function of w ord length calculated o v er all

w ords of the same length across all texts is plotted in Fig. 1 and

Fig. 2 (where w ord length is measured in c haracters and syllables

resp ectiv ely). Con�dence in terv als on the graphs are calculated based

on the standard deviation of the binomial distribution (since the data

comes from a series of indep enden t trials with t w o p ossible outcomes

in eac h: a guess ma y b e correct or incorrect).

In the range from 5 to 14 c haracters and from 1 to 5 syllables,

an excellen t linear dep endence is observ ed. Longer w ords are rare, so

the data for them is signi�can tly less statistically reliable. W e'll only

discuss the linear dep endence in the range where it is de�nitely v alid.

4 Discussion

It is v ery di�cult, for the reasons men tioned ab o v e, to compare our

results with previous studies. Ho w ev er, there are t w o p oin ts of com-

parison that can b e made. First, w e can roughly estimate the e�ect of

w ord guessing in con text as opp osed to guessing the next w ord in se-

quence. Recall that Shannon [1] estimated zeroth-order w ord en trop y

for English based on Zipf 's la w to b e 11.82 bits p er w ord (bp w). Bro wn

et al [10 ] used a w ord trigram mo del to ac hiev e an en trop y estimate

of 1.72 bp c, whic h translates to 7.74 bp w for a v erage w ord length of

4.5 c haracters in English. This means that trigram w ord probabilities

con tribute 11:82� 7:74 = 4:08 bp w for prediction of w ord in sequence.
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w ord length in c haracters
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Figure 1: Unpredictabilit y as a function of w ord length in c haracters, all

texts
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Figure 2: Unpredictabilit y as a function of w ord length in syllables, all texts
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But w ord in con text participates in three trigrams at once: as the last,

the middle and the �rst w ord of a trigram. Only the �rst trigram is

a v ailable when the mo del is predicting the next w ord, but all three tri-

grams could b e used to �ll in an omitted w ord (this is a h yp othetical

exp erimen t whic h w as not actually p erformed). Of course, they are

not statistically indep enden t, and as a rough estimate w e can assume

that the last trigram con tributes somewhat less information than the

�rst one, while the middle trigram con tributes v ery little (since all of

its w ords are already accoun ted for). In other w ords, w e could exp ect

this mo del to ha v e ab out 4 bp w more information when guessing w ords

in con text, whic h is v ery signi�can t.

The second p oin t of comparison is pro vided b y [14] (Fig. 13 there),

where en trop y is plotted for the n -th letter of eac h w ord, v ersus its

p osition n . En trop y w as estimated using a Ziv�Lemp el t yp e algo-

rithm. It is w ell-kno wn that guessing is least con�den t at the w ord

b oundaries for b oth h uman sub jects and computer algorithms, and

this c hart quan ti�es the observ ation: the �rst letter has the en trop y

of 4 bp c, whic h drops quic kly to ab out 0.6�0.7 bp c for the 5th let-

ter and then sta ys surprizingly constan t all the w a y through the 16th

c haracter. This c hart is practically the same for the original text and

a text with randomly p erm uted w ords, whic h giv es a telling evidence

of the curren t language mo dels' strengths and w eaknesses. F or the

purp oses of this discussion, the data allo ws to reconstruct the dep en-

dency of w ord en trop y on the w ord length as h(w)
n =

P n
i =1 h(l )

i , where

h(w)
n is the en trop y of w ords of length n , and h(l )

i is the en trop y of

the i -th letter in a w ord. This dep endency , v alid for the language

mo del in [14 ], has a steep increase from 1 through 5 c haracters, and

then an appro ximately linear gro wth with a m uc h shallo w er slop e of

0.6�0.7 bp c. This is v ery di�eren t from our Fig. 1, and ev en though

our data is on unpredictabilit y , rather than en trop y , the di�erence is

probably signi�can t.

In fact, our result ma y at �rst glance seem trivial. Indeed, accord-

ing to a theorem due to Shannon (Theorem 3 in [2 ]), for a c haracter se-

quence emitted b y a stationary ergo dic source, almost all subsequences

of length n ha v e the same probabilit y exp onen tial in n : Pn = 2 � Hn
for

large enough length ( H is the en trop y of the source). Ho w ev er, this ex-

planation is not v alid here for sev eral reasons. Ev en if w e set aside the

question of natural language ergo dicit y , from the formal p oin t of view,

the theorem requires that n is large enough so that all p ossible letter

digrams are lik ely to b e encoun tered more than once (man y times, in
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fact). Needless to sa y that the length of a single w ord is m uc h less

than that. Practically , if this explanation w ere to b e adopted, w e'd

exp ect the probabilit y to guess a w ord to b e on the order Pn , whic h

is m uc h smaller than the observ ed probabilit y . In fact, the only rea-

son our sub jects are able to guess w ords in con text is that the w ords

are connected to the con text and mak e sense in it, while under the

assumptions of Shannon's theorem, the equiprobable subsequences are

asymptotically indep enden t of the con text.

Another ten tativ e argumen t is to presume that the total n um b er

of w ords in the language (either in the v o cabulary or in texts, whic h

is not the same thing) of a giv en length increases with length, whic h

mak es longer w ords harder to guess due to sheer expansion of p ossibil-

ities. If there had b een exp onen tial expansion of v o cabulary with w ord

length, w e could argue that con textual restrictions on w ord c hoice cut

the n um b er of c hoices b y a constan t factor (on the a v erage), so the

n um b er of w ords satisfying these restrictions still gro ws exp onen tially

with w ord length. Ho w ev er, the data do es not supp ort this idea. Dis-

tribution of w ords b y length, whether computed from the actual texts

or from a dictionary (w e used a Russian frequency dictionary con tain-

ing 32000 w ords [15 ]), is not ev en monotonic, let alone exp onen tially

gro wing. The n um b er of di�eren t w ords gro ws up to ab out 8 c har-

acters of length, then decreases. This b eha vior is in no w a y re�ected

in Figs 1, 2, so w e can conclude that the total n um b er of dictionary

w ords of a giv en length is not a factor in guessing success.

In fact, the w ord length distribution could ha v e had a direct e�ect

on unpredictabilit y only if the w ord length w ere kno wn to the sub ject.

But this is generally not the case. Sub jects in our exp erimen t are not

giv en an y external clue as to the length of the omitted w ord. Since

Russian v erse is for the most part metric, the syllabic length of a line

is t ypically kno wn, and this allo ws to predict the syllabic length of the

omitted w ord with a great deal of certain t y . Ho w ev er unpredictabilit y

dep ends on w ord length in exactly the same w a y for p o etry and prose

(see Fig. 3), and in prose there are no external or in ternal clues for

the w ord length.

3

This lea v es us with the only reasonable explanation for the ob-

3

It is also w orth noting that a v erage unpredictabilit y of w ords in p o etry and prose

is surprisingly close. In p o etry , it turns out, predictabilit y due to meter and rh yme is

coun teracted b y increased unpredictabilit y of seman tics and, p ossibly , grammar. Notably ,

these t w o tendencies almost balance eac h other. This phenomenon and its signi�cance is

discussed at length in [12 ].
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w ord length in c haracters
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Figure 3: Unpredictabilit y as a function of w ord length in c haracters, prose

only

serv ed dep endency: in course of its ev olution, the language tends to

ev en out information rate, so that longer w ords carry prop ortionally

more information. This w ould b e a natural assumption, since an un-

ev en information rate is ine�cien t: some p ortions will underutilize the

bandwidth of the c hannel, and some will o v erutilize it and diminish

error-correction capabilities. In other w ords, as language c hanges o v er

time, some w ords and grammatical forms that are to o long will b e

shortened, and those that are to o short will b e expanded and rein-

forced.

It is in teresting to note that this h yp othesis w as also prop osed in

passing b y Ch urc h and Mercer in a di�eren t con text in [13 ]. Discussing

applications of trigram w ord-prediction mo dels to sp eec h recognition,

they write (page 12):

In general, high-frequency function w ords lik e to and

the , whic h are acoustically short, are more predictable than

con ten t w ords lik e r esolve and imp ortant , whic h are longer.

This is con v enien t for sp eec h recognition b ecause it means

that the language mo del pro vides more p o w erful constrain ts

just when the acoustic mo del is ha ving the toughest time.
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One susp ects that this is not an acciden t, but rather a nat-

ural result of the ev olution of sp eec h to �ll the h uman needs

for reliable comm unication in the presence of noise.

A feature that is �con v enien t for sp eec h recognition� is, indeed, not

to b e unexp ected in natural language, and from our results it app ears

that its exten t is m uc h broader than could b e suggested b y Ch urc h and

Mercer's observ ation. Of course, this is only one of man y mec hanisms

that driv e language c hange, and it only acts statistically , so an y giv en

language state will ha v e lo w-redundancy and high-redundancy p o c k ets.

Th us, an y Russian sp eak er kno ws ho w di�cult it is to distinguish

b et w een mne nado 'I need' and ne nado 'please don't'. Moreo v er,

it is lik ely that this c hange t ypically pro ceeds b y v acillations. As an

example consider the ev olution of negation in English according to [16 ]

(p. 175�176):

the original Old English w ord of negation w as ne , as

in ic ne w	 at , 'I don't kno w'. This ordinary mo de of nega-

tion could b e reinforced b y the h yp erb olic use of either wiht

'something, an ything' or n	 awiht 'nothing, not an ything' [...].

As time progressed, the h yp erb olic force of (n	 a)wiht b egan

to fade [...] and the form n	 awiht came to b e in terpreted as

part of a t w o-part, �discon tin uous� mark er of negation ne

... n	 awiht [...]. But once ordinary negation w as expressed

b y t w o w ords, ne and n	 awiht , the stage w as set for ellipsis

to come in and to eliminate the seeming redundancy . The

result w as that ne , the w ord that originally had b een the

mark er of negation, w as deleted, and not , the re�ex of orig-

inally h yp erb olic n	 awiht b ecame the only mark er of nega-

tion. [...] (Mo dern English has in tro duced further c hanges

through the in tro duction of the �helping w ord� do .)

This lo oks v ery m uc h lik e oscillations resulting from an iterativ e

searc h for the optim um length of a particular grammatical form. It's

all the more amazing then, ho w this tendency , despite its statistical

and non-stationary c haracter, b eautifully manifests itself in the data.

A ddendum. After this pap er w as published in J. Information

Pr o c. , the author b ecame a w are of the follo wing w orks in whic h e�ects

of the same nature w as disco v ered on di�eren t lev els:

The disc our c e level. Genzel and Charniak [17] study the en trop y

of a sen tence dep ending on its p osition in the text. They sho w that

the en trop y calculated b y a language mo del, whic h do es not accoun t
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for seman tics, increases somewhat in the initial p ortion of the text.

They conclude that the h yp othetical en trop y v alue with accoun t for

seman tics w ould b e constan t, b ecause the con ten t of the preceding text

w ould help predicting the follo wing text.

The sentenc e level. The authors of [18] consider the English sen-

tences with optional relativizer that . They demonstrate exp erimen tally

that the sp eak ers tend to utter the optional relativizer more frequen tly

in those sen tences where information densit y is higher th us �diluting�

them. This can b e in terpreted as a tendency to homogenize informa-

tion densit y .

The syl lab e level Aulett and T urk [19] demonstrate that in sp on-

taneous sp eec h, those syllables that are less predictable, are increased

in duration and proso dic prominence. In this w a y , sp eak ers tend to

smo oth out the redundancy lev el.

A c kno wledgemen ts. I am grateful to D. Flitman for hosting

the w ebsite, to Y u. Manin, M. V erbitsky , Y u. F ridman, R. Leib o v,

G. Min ts and man y others for fruitful discussions. This w ork could

not ha v e happ ened without the generous supp ort of o v er 8000 p eople

who generated exp erimen tal data b y pla ying the game.
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