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Abstract

A cluster keyboargartitions the letters

of the alphabet onto subset keys. On
such keyboards most words are typed
with no more key presses than on the

standard keyboard, but a key sequence

may stand for two or more words. In
current practice, this ambiguity problem
is addressed by hypothesizing words ac-
cording to their unigram (occurrence)
frequency. When the hypothesized word
is not the intended one, an error arises.

In this paper, we study the effect of de-
ploying large,n-gram language models
used in speech recognition for improv-
ing the error rate. We use the North
American Business News (NAB) cor-
pus, which contains hundreds of mil-
lions of words.

We report on results for the telephone
keypad and for cluster keyboards with
5, 8, 10, and 14 keys based on the
QWERTY layout. Despite our assump-
tion that a word hypothesis must be dis-
played promptly, we show that the error
rate can be reduced to up to one-fourth
of the rate of the unigram method.

Introduction
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Figure 1: Q14: a familiar layout, but with ambigu-
ous keys. Up to 99.5% of all words entered will be
correctly identified through techniques developed
in this paper.

devices, the user presses the key corresponding to
the letter only once. When the key corresponding
to the spacebar is pressed, a dictionary is consulted
to find the word corresponding to the sequence of
digit keys. If there are such several words, called
homographsof the cluster layout, then the most
likely one is suggested according to its occurrence
frequency as calculated over some corpus. If the
suggestion is wrong, then the user must explicitly
choose a word from a list of alternatives.

If the correct word is not among the alternatives,
the user may enter the word using an alternative
method. For example, the multi-tap method re-
quires that the cluster key be pressed repeatedly
until the correct letter appears. (Heuristics may be
employed to hypothesize words that are not in the

The text entry methods T9 (by Tegic) and iTap
(by Motorola) are found on many mobile phones.
They are based on the existing clustering of letter
on the eight digit keys 2 to 9 as found on standar

telephones in the USA and elsewhere. Other Ia)jjl 1 Error Rate and Human Performance

outs may be based on QWERTY such at the on@he overhead incurred by the user for validation of
we propose in Fig. 1, where typing the key markeda hypothesis is hard to quantify, see (Silfverberg
{Q, W} produces eitheg or w. To type on these et al., 2000), where it is estimated that five per-

vocabulary. We do not consider this aspect in the
gresent article.)



cent of words are hypothesized incorrectly (for T9quence of keys entered. Only when users termi-
used to enter English). According to one model innate keying the sentence are the predicted words
(Silfverberg et al., 2000), predicted performancedisplayed. The authors do not draw any con-
drops from 40 words per minute (wpm) to 25 wpm clusions about their usability study, but they do
if the user visually inspects every word as soon asote that typing discomfort increased with sen-
it is typed. Each inspection is assumed to add 50@nce length.

milliseconds to the entry time of the word. Obvi-  Although the authors dismiss this problem, it
ously, reducing the error rate will discourage vi-seems to us that their whole sentence analysis is
sual inspection and improve efficiency since theflawed as a practical approach. We are convinced

process will resemble traditional typing. that the acceptance of cluster keyboards is con-
tingent on the computer almost always correctly
1.2 QWERTY-based Cluster Layouts guessing the intended word very soon after it has

In addition to T9, at least one cluster key- begn ke}ﬁ\d' h lov th tatistical
board based on QWERTY has been sug, °9: &though we employ {hé same statistica

gested: thenon-keyboard QWERTYayout (of framework as in (Rau and Skiena, 1996), we
Visual Languages et al., 1999), where thePropose in this paper to use it differently, better

26 letters are grouped onto eight keys ac_matching human expectations. As a starting point,

- we assume that a beginning user will invariably
c{:}o%rd;?n g‘|/t7(3 E;Q}gé’ Z{%, IL{I%S(’J){]}M{}E’{?’;{’ verify the hypothesized word as soon as is has
{O: L’}, 7an,d {,P}.’ Thﬂs,’let,ter’s ’servi’ced’ by ,the been keyed. To simplify our analysis, we assume

same finger when touch typing are on the saméha.t guessing individual characters is not relevant
key in this layout, which we nam@8. In (of Vi- while the word is being typed. But as soon as a

sual Languages et al., 1999), it is stated that 3.594°d btoundar{ Is ednteref[jh (such tals'kal space(:j) the
of keyed input calls for correction when a simple SOMPULEr MUSt produce the most likely word In

: o ) e dictionary that matches the sequence of keys.
syntactic analysis is added to the frequency baseﬁ this case, we say that tiielay parameter is

disambiguation, but the texts for which this holds . - . .
are not detailed. éer:) Ismce the last hypothesis is committed imme-
. iately.
Since the mental map of the keyboard layout Naturally, we expect that the performance of

remains the same, QWERTY based layouts may; . L . ;
help overcome user resistance to learning new typ¥-h's more realistic model would be inferior to that

. " . of the whole sentence analysis. But with our re-
ing techniques. We devise three other layouts : - :
having 5, 10 and 14 keys. sults, we do answer in the positive the question

whether there is a significant improvement over
the unigram model.

To further investigate the usefulness of the-

In this paper, we show through simulations thatd model, we stipulate that the cognitive load on
stochastic language models can be used in a reahe user will be diminished if the following holds:
istic setting to significantly reduce the error ratea correction of a wrongly guessed word can be ac-
for typing on variety of cluster keyboards. Our complished through a single press on a single cor-
language models consist of probability estimatesection key. The effect of the correction key is to
of occurrences ofi-grams sequences of. con-  replace the first hypothesis with the second. Thus,
secutive words, where is 1 (unigramsor word  we also study the model of a text entry system,
occurrences), 2bjgramg, or 3 trigrams). Cal-  where the user’s action upon word entry is reduced
culated from large corpora, these probabilities aréo a single choice: do nothing to select the pri-
used to hypothesize the words typed. ko= 1, mary word choice or select the secondary choice.
the technique amounts to selecting the most freThis technique will be of particular significance to
quent word. For > 1, the estimate of a word is the beginning user. Therefore, we are interested
dependent on the pattern efgrams found in the in calculating ford = 0, the top two candidates
whole sentence. suggested by the language model.

The problem with this approach is that the anal- We also study the improved hypotheses that
ysis can take place only after the whole sentencenay be generated if the experienced user accepts
has been keyed. The telephone keypad study (Rau delay before a hypothesis by the computer is
and Skiena, 1996) follows this traditional whole- made final. Thus fod = 1, the hypothesis of the
sentence technique. The authors set up a humasecond-to-last word may be updated when the last
factors experiment based on this approach. Thword has been entered. Fér= 2, also the hy-
feedback given to the users as they type is the sgothesis of the third-to-last word may be updated.

1.3 Our Approach and Results



Finally, we summarize in plots the effects on ac-error rates for words that are entered in their en-
curacy of increasing the vocabulary size and otirety. The authors conclude that a four-button de-
shrinking the models so that they demand lessvice, where prediction is based on language mod-
memory and computation. Our simulations indi-els, is as efficient for text entry as a telephone key-
cate a linear relationship between the measuregad.
log perplexity (i.e., cross-entropy) and the various
error rates we study. 2 Framework

Related Work We describe here cluster keys, statistical methods,

Already in 1948, in his famous paper that foundedNd CONCepts pertaining to the notion of delay.
information theory, C.E. Shannon studiedjrams d2.1 Technical Preliminaries
(on letter sequences that could cross word bound- _
aries) to understand the information-theoretic con©Our alphabetiis {a, ..., z, ”, ', spc}. We con-
tent of English. Later, speech recognition researcgider text entry for English. Words are separated
has focused on language models built in terms oPY space keys or punctuation symbols entered on
n-grams over words as the tokens. special keys. We do consider *' (as in “it's”) and
This is also the view adopted in (Rau and™-’ (as in “e-mailed”) as being clustered on a sep-
Skiena, 1996), which investigates the use of lanaratesymbol key A particular implementation of
guage models for the telephone keypad. The keya cluster keyboard may instead map these charac-
pad layout, which is not used any longer to ourters to particular explicit key combinations. This
knowledge, places the letters Q and Z on the “*"-would improve our results (to an insignificant de-
key. Rau and Skiena use bigrams to disambiguatgree). The * key could be mapped to the sym-
words, once a complete sentence has been keye®0!l key as well without affecting our results: no
The n-gram model applied to characters within words in our vocabulary end with a * or *-". We
words, but where word context is not considereddo consider abbreviations, but we assume that they
has been studied in (Dunlop and Crossan, 200are marked through the use of a period after each
Forcada, 2001). In this work, a user may typeletter keyed. Our results would be slightly better
with less than one keystroke per character thankisee Sect. 6) if we do not consider abbreviations.
to word completion techniques. For example, it is virtually impossible to guess
The perhaps most fascinating example of gnost initials of person names. Fortunately, none
highly interactive system is that of Dasher (Wardof the keyboard layouts considered map “" and
and MacKay, 2002), which uses contextual infor-‘@" to the same key. Thus, the two standard En-
mation to predict individual characters and charglish words that consist of one character require
acter intervals. The intervals are continuously disn0 disambiguation by the user.
layed to the user in a branching structure. - -
P 'the use of cluster keyboardgs are of particu2-2 FromTraining Sets to Prediction
lar interest to the development of input methodsThe language models were built using 250 million
for people whose typing skills are limited or ab- words from the North American Business News
sent. For example, reduced layouts, with changingNAB) corpus, which was collected by DARPA
assignments of letters, are studied inifi® and for use in speech recognition research and bench-
Garbe, 2001; Johansen and Hansen, 2002). Sucharking (Paul and Baker, 1992). It consists of
systems could be helpful to those who use gaze a&/all Street Journal articles and similar publica-
a means of input or to people whose motor skillstions. For testing, we used a held-out subset of
allow them to use only a very few number of keys.approximately 1 million words from that corpus
The recent study of reduced keyboards in(the NAB LM development test set). To investi-
(Tanaka-Ishii et al., 2002) is somewhat similargate task portability, we also used approximately
to ours. As in the work of Dasher, the authors17,000 words from the Switchboard corpus (Eval
use a PPM (prediction by partial match) language95 test set) (Godfrey et al., 1992). This corpus
model. This model merges information abaut consists of transcriptions of telephone conversa-
grams in a user corpus with unigram probabilitiestions covering a variety of topics.
from a base dictionary. The text that is entered Given a vocabulary size, we identify thev
by the user is appended to the user corpus. As most frequent words from our training corpus and
result, a dynamic language model emerges, but iuild a lexiconL that maps each wora to a nat-
is able to predict the last word entered only. Theural number(w), which we call avord identifier
PPM study anticipates the use of a completion keyID). Given the desired-gram orderN, we build
to speed up text entry. In contrast, we focus ora stochastic backoff language mode¥ (Katz,



1987) from our corpus using a compact finite authat word sequence. Finally, we find the most
tomata representation (Riccardi et al., 1995) aprobable path in this automaton using the well-
very commonly used in large vocabulary speectknown single-source shortest-path algorithm in di-
recognition systems. For any sequengce..,i, rected, acyclic graphs (labeled here with negative
of word IDs, this model estimates the probabil-log probabilities) (Cormen et al., 1992). The word
ity that the corresponding sequence of words octD of the last transition is then the most likely
curs in the text as a sentence. Further, for a givenandidate for the last word typed. We use the
non-negative real number, we canshrink the AT&T Finite-State Machine (FSM) Library for all
language model to factor using the method of the finite-state representations and operations de-
Seymore and Rosenfeld (Seymore and Rosenfeldcribed above (Mohri et al., 2000); FSM can be
1996) to trade-off the size of the language modetlownloaded for non-commercial use at (Mohri et
against its accuracy. Shrinking removes higheral., 1997).
ordern-gram transitions that are similar in transi-
tion probability to their lower-order counterparts 2-3 Delays, Changes, and Bad Changes
and thus relatively expendable. We have just described how our algorithm works

For each wordw in a given sentence from the for d = 0. Ford = 1, we make a preliminary
test set, let thé(w) be the set of word IDs corre- estimatei for the kth word w; when h reaches
sponding tow and its homographs, i.e., to the setk according to thel = 0 strategy. Wherh be-
of words in the lexicon that would be mapped tocomesk + 1, we again find the most probable path
the same key sequence as If w is in the dic- as above. We read off the word IDof the second
tionary, then its ID is guaranteed to be in the setlast transition. If’ is notz, then we say that thieth
i.e., t(w) € I(w). If wis notin the lexicon, itis word hypothesishanged Clearly, we are inter-
calledout-of-vocabulary We consider that an er- ested in measuring how often this happens, since
ror. The set/(w) may or may not be empty. If itis likely to distract the user. A particularly both-
I(w) is not empty, then the word guessing algo-ersome aspect of thé = 1 method is if the first
rithm will be able to suggest a word, albeit wrong. hypothesis is correct, but the secondis wrong.
The out-of-vocabulary situation is represented byWe call this situation #ad change We are inter-
a specialnknown tokefwhich also has aword ID ested in measuring the ratio of bad changes to all
representation) that replaces the ID of the word. changes.

Our algorithm hypothesizes words using the The case offl = 2 is analogous td = 1.
automata-theoretic representation as follows,
Upon readingh keyed words of the sentence, 3 Cluster Keyboards

we calculate for the lasty words, the Sets \yg have studied the standard telephone keypad

Ih—wy1, .- In, Where Iy, is the set of homo- |4yt and four ways of squeezing the QWERTY
graphs in the lexicon that correspond to thelayout onto fewer keys.

ambiguous representation of théh word in the
sentence. We calb the window size We do Q14 This keyboard layout is obtained by pairing
not use the whole history for efficiency reasonsadjacent keys. So the cluster keys are defined by
And, we have informally verified that we lose no the partitioning{@, W'}, {E, R}, {T, Y}, {U, I},
precision in practice due to this decision. 1f {0, P}, {A,S}, {D,F'}, {G,H}, {J, K}, {L},
as just specified is empty, we replace it by the{Z, X}, {C,V'}, {B,N},{M}. Thus this key-
singleton consisting of the unknown token. board has 14 letter keys. The layout is shown in
We are looking for the sequence of word IDsFig 1.

ih-w+1,- -, thatis most likely to be a prefix 515 The Q10 layout is the result of merging
of some sentence. To find this sequence, we f|r§ e three rows of letter keys. Thus, it corre-

make all states il.M final so that it will accept sponds to the partitioningQ, A, 2}, {W, S, X},
any prefix of a sentence and not just complete sen{E D,C}, {R,F,V}, {T.G,B}, {Y,H.N}
tences. We then construct an au;omaﬂ)mhat (U7, M}, {I, K}, {O, L}, {P}. It has 10 letter
recognizes all sequencés 11, ..., such that Keys

i, € I forall h —w < k < h. Next, we '
compute the finite-state intersection®BndLM, Q8 Q8 is obtained from Q10 by merging the
which retains precisely those strings in common tdour subsets that correspond to the middle of the
S andLM. The resulting automaton is a compactkeyboard. The layout thus is determined by the
representation of each word ID sequence compaeight subset§Q@, A, Z}, {W, S, X}, {E, D, C},

ible with the I;s and weighted by the stochas-{R,F,V,T,G,B}, {Y,H,N,U,J, M}, {I,K},

tic backoff model’s estimate of the probability of {O, L}, {P}.
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Q5 Q5 is obtained from Q10 by overlaying the
right half onto the left half. Thus the partition-
ing iS {QaAa Za}/aH7N}! {VV, SaXa U7 JvM}1
{E,D,C,I,K}, {R,F,V,0,L}, {T,G, B, P},
which yields five keys.

T9 This is the with keyboard described in Sect.
1. For fairness, we note that the 9 in T9 refers to ‘ ‘
the number of letter keys plus the spacebar key.
Thus, T9 is most interestingly compared to Q8.
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4  Experimental Setup Figure 2: Perplexity vn-gram size

These numbers are taken with respect to the 463k

As previously mentioned, we have used two tesk;;q yocabulary. The number of homographs is
sets: NAB, which consists of 54,265 sentences,qomewhat inflated by various minor anomalies in

and Switchboard which consists of 2,475 sen- the corpus.
tences.

An example from NAB is: “in santa monica 5 Results
california well known hedge fund manager mark

strome believes metals such as copper nickel angefore summarizing our data, we discuss the out-

aluminum are poised for dramatic price rises”.of-vocabulary issue and the perplexity measure,

Thus, this corpus approximates formal writing. which help understanding the fit of a language
An example from the Switchboard set is: “i model with a test set.

don’t want to go through that i mean i'm i'm see-

ing someone now ". Since this corpus stems frons.1  Out-of-vocabulary Rates

transcribed spoken language, the text structure i

different from that of written language, even in-

formal writing. Also, there are very many in-

Eor our two test sets, we have measured the out-
of-vocabulary (OOV) rate to be:

stances of hesitation and confirmation words that text TOK | 40K | 160K | 463K
do not occur as frequently in writing, among them NAB | 558 1.42] 40 [ .23
are Hmhm!’ H_humﬂ, Huhhuhﬂ, “uh_hth’ H_hum”, wad 634 114 65 60

“mm”, “oh”, “uh”, “um”, “ah”. To approximate The 160k vocabulary covers both NAB and

informal writing, we have removed these wordsSwitchboard test sets well. The OOV rate is about

from our training sets. .5% for both. For the NAB test set, the full vo-
We have used four different vocabulary sizescabulary results in a further drop in the OOV rate

The biggest one consists of 463k words (differento less than one word out of every 400. The error

inflected forms of the same word count as differentates in the rest of this section do not include OOV

words). It consists of this complete set of wordswords.

found in the NAB corpus. We have also used vo-

cabularies that consists of the most common 10k5.2  Perplexity

40k, and 160k words from the complete set.
Altogether, we have considered eleven differen

combinations of vocabulary size, order, and shrin

factor. We have run all experiments with window

sizew = 6.

%Ne measure the quality of our language models
n terms of theirperplexityon the NAB test set.
he perplexity of a language model over a test

sett that containsV words is2— () where H (t)

A first insight into the challenge of hypothesiz- IS the cross entropy—log, Prr(¢))/N. Thus,
ing words can be derived from the table below,the perplexity is the geometric mean number of

which summarizes for each of our layouts the perPranches per word, given the information in the
alanguage model. In Fig. 2, we have plotted the

dqumber ofn-grams in each model we have used as
a function of its perplexity. A model is character-

the average number of homographs.
verage nu grap ized by its vocabulary size, its-gram order, and

Layout h%ﬁ%rﬁss((‘,’/‘g) h'\gf‘;‘bﬁs A‘"g'vt,‘é%‘gr(’&s)/ its shrink factor, if any. For example, the model
Q14 1484 13 0.27 v463Kk.n3.s40 has vocabulary size= 463k, or-
QIO 19.96 20 0.51 dern = 3, and shrink factos = 40. From the
82 oot o o plot, we see that it offers one of the lowest per-
T9 5752 > 1.00 plexities with less than 5 milliom-grams. If we
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compare the trigram model v40.n3.s40 and the biQ10 The 10-key QWERTY layout, Q10, results

gram model v40.n2.s10, we see that they are of ain error rates reported in Fig. 4. Most rates are

most the same size, but the trigram model is betteabout 50-80% higher, except for the rate of words

at predicting words in the NAB test set. Naturally, not among the top two candidates, which is around

the unigram models suffer from high perplexity, .25% for the better models. This is about an order

but they are about two orders of magnitude smalleof magnitude worse than Q14.

than the other models we have considered, with

the exception of the bigram model for vocabularyQ8 The layout of the non-keyboard QWERTY

size 40k with shrink factor of 2000. increases error rates by another 50% or so accord-
ing to Fig. 5. It is worth noticing that for the best
language models, the error rate of the top can-
didate, assuming delay = 0, is about 2% for

iorPur best model, whereas our unigram models yield

d. €rror rates of about 4%. These numbers can be

" contrasted to the 3.5% figure that we quoted in

Sect. 1.2.

Q14 In Fig. 3, we have shown the results for the

Q14, the QWERTY-based layout shown in Fig. 1.Q5 In Fig. 6, the data for Q5 shows that with

First, we notice that the top two hypotheses aca good language model the correct word will be

cording to all the language models, even the unamong the top two candidates for approximately

igram ones, virtually always contain the correct98.5% of all entries. This raises the interesting

word. The user may type for several thousandossibility that typing with just five keys might be

words on average before the intended word, ifalmost as effective as on 26 keys. Only for one

presentin dictionary, is not among the two top canword out of 70 will a correction needing more than

didates. Second, we observe that the error rate fasne key press be necessary. Since it reduces the er-

the top candidate is about 1.5% for the unigranyor rate by 3/4, the use of trigram models for this

models, but only .7% for the best trigram mod-keyboard seems called for.

els, assumingl = 0 (when the user expects the

correct word immediately after it has been typed)T9 For T9, it is possible to reach an error rate

We also note that accepting a delaydof= 1 for  below 1% if the second-best word is allowed to

the trigram models further cuts the error rates inrchange. If not, the use of trigrams still cuts the

half to about .4%. Third, we observe that furthererror rate in half over the conventional technique

patience on the part of the user, namelydoe 2,  of unigrams.

carries a relatively modest payoff. For our best

model, v40.n3, the error rate drops to only .3%.6 Additional results

Fourth, we note the approximate linear relation-

ship between log perplexity and error rates, for alllt is of interest to see how well the language mod-

four kinds of errors. els do on tasks that are different from business

5.3 Error rates for cluster keyboards

We plot the error rates for each layout as a funct
of the perplexity of language models considere
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news. For this purpose, we have used the Switch- On NAB, we see that the elimination of initials
board test set modified as described in Sect. 4. Urand abbreviations has a small, but measurable ef-
fortunately, initials and abbreviations are normal-fect on the accuracy of the better keyboards. For
ized differently in the two test sets. Also, initials example, the error rate for Q14 reported in Fig. 3
and abbreviations are prone to misrecognitionsis .38% and it drops to .24% when not considering
For example, itis virtually impossible to guess ini- initials and abbreviations. An inspection of the ac-
tials correctly if entered via non-singleton clustertual errors reveals that initials by far constitute the
keys. Thus, we have corrected the scores so thatain problem. Our claim in Fig. 1 that Q14 can be
we disregard all initials and abbreviations. Thisused with an accuracy of up to 99.5% is based on
is a reasonable assumption from a human factorthis latter figure added to the OOV rate of .23%.
point of view: abbreviations will be so difficultto ~ From our informal inspection of the test results,
enter via the non-disambiguated cluster keys thave have seen more cases where artifacts of the
the recommended method always is to use slowatormalizations lead to common words being mis-
explicit entry. recognized. Thus, by further engineering language
Our language models do not reflect the waysnodels, we believe that even more robust ones
numbers are entered. The problem is that the fremay be calculated.
guency of “eight” is grossly overestimated on the
NAB corpus, since all numbers are spelled out a$.2 Changes and bad changes faf = 1,2

in “two hundred ninety eight”. This has led to spu- For v463k.n3, we have calculated the ratio of
rious misrecognitions of the word “right” which changes and bad changes, see Sect. 2.3. The ta-

in some cluster layouts is homographic to “eight”. pje helow explains how often changes occur and
We have adjusted the scores for this particular isyhat percentage of changes are bad.

sue.

6.1 Task Portability (Cozfmges

With these preliminaries, we study the quality|dpad change
v463k.n3 on the NAB and Switchboard test set&)

QI4] QIO Q8] Q5] T9
050 099 1.68| 3.13| 1.25
0.10| 022| 034| 0.66| 0.27

17.95| 19.02 | 16.41| 16.62 | 18.54

27.96 | 23.39 | 22.48 | 24.08 | 21.39

QA
I
[ PO

with d = 1: Thus ford = 1 and in the case of Q14, the user
ﬁxcér(r()at)e Q12 ng ?g gg TS; will be bothered by a bad change rate of .09%, one
(1) . . . . .
Swhd (%64 L5271 4710 for each 1100 words entered.

We see that the error rates increase significantly Conclusion

when going from the NAB test set to the Switch-

board set. Still, Q14 works well on the Switch- We have demonstrated thatgram models, for
board test set, since the error rate remains negligi= = 3, have an important role to play for the entry
ble. But the doubling of the error rate to 4.7% for of English text on cluster keyboards.

Q5 clearly makes it less usable. With T9, the error Our results in Sect. 6.1 indicate that Q14 is sig-
rate rises from .7% to 1.0%. nificantly more robust than T9. Also, Q14 allows
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