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Abstract

We describe a technique that allows -@1sérs to specify automated transformations of structured text
by inferring an underlying model. Inference is achieved with a novel algorithm, StdiEugdiction

by Partial Match (SPPM), a generalisation of the dketiwn PPM approach to predictive text entry
and compression. We created two simple applications, as examples of "first stepséend
programming tasks that can be achieved using SPPa&mjirical evaluations, each of these
applications proved to be substantially superior to equivalent facilities in leading commercial
products.

1. Introduction

Many digital text documents have regular structure. An unfortunate consequence for a large number
of users is that editing highly structured texts can be boring and repetitive. But regular structure also
brings the opportunity to automate repetitive operations by exploiting information redundancy. If a
computational model can be constructed to deschht regularity, then informatieefficient

interaction techniques become possible. Such models of redundancy in text are proving valuable in
user interfaces for text entry, where redundancy in the English language (which has information
content of onlyaround 1.3 bits per character) allows text to be entered efficiently using a predictive
model. This then allows the designers of text entry interfaces to reduce the size of the keyboard
(Grover et al. 1998Yeduce the need for accuracy in striking theskghai & Kristensson 2003)r

even replace the keyboard altogetfwiard et al. 2000)

We build on the predictive model inference technologies that are proving effective in text entry, to

create a system for efficient modification of text. We have cresatdictured text interaction method

that uses machine learning techniques to infer a model of the text structure, and as a result, makes
repetitive editing far more efficient. The construction of the model, and the specification of the

required repeateghodifications, can be considered a kind of-esdr programming, in which case the
application of machint ear ni ng met hods offers a Aprogramming

We were initially inspired by the approach of Mil[@002) who developed aimteraction technique

for editing texts with a regular structure by using multiple-pdint cursors. If the same structure
appeared at 100 places in a document, Mil 1l erés L
user keystroke would simultaneduspdate the text at all 100 locations. In addition to being

powerful, this technique promotes user confidence through directly visible and incremental feedback

of every change. In the simplest case, the Lapis interaction style might be regarded &s a nove

alternative to seareandreplace, incorporating a preview of the results, and with sitiglk rather

than sequential replacement. In more complex cases, Lapis could be used to specify and execute

global structure transformations, of the kind suppdsted s op hi st i cated progr amme

Structured editors like Lapis, and indeed most programming editors, rely on a grammar that specifies
the language to be edited. Many programming editors can be customised to support different language
models by changmthe grammar. Lapis also supported a selection of different grammars. However
most users do not deal with programming languages, but with texts that can only partially be
described in terms of a formal grammar. Even in those portions of the text that dascribed
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formally, the repetitive structure in the text might well be an ad hoc invention of the user rather than a
known language standard. If users are to interact efficiently with such texts, it is therefore necessary
to help the user specify theegmmar model , ei ther with a guided
Grammex(1998) or a machindearning approach such@s t t en AELI(1993) 6 s

Machinelearning approaches can either be determiniBlickwell 2001) in which case the user
mustaccurately specify a training set as a basis for generalisation, or they can be based on statistical
inference, in which case the system can anticipate which model structures are most likely, with
guidance from the user. Our research focuses on this ¢dilsbd) of statistical rather than

deterministic model inference.

In the remainder of this paper, we start by describing two simple demonstrator applications, in order
to illustrate the basic interaction principles that we propose, showing how thoselesiagiply in the
context of a realistic endser task. We then present a generalised view of the interaction approach
that underlies both demonstrator applications. This approach is built around an interactive guided
learning technique that assists argds in constructing models of local repeated structure within a
document. The technique combines a novel statistical inference method witpomitl&diting in the
style of RDO2J er 6s Lapi s

The statistical inference approach is also capable of stupgpa far larger variety of models, and we
therefore discuss the details of the inference technique in order to illustrate the generality of the
approach for future applications.

We briefly report evidence from user trials, demonstrating that the regaliiting methods, as
implemented in our simple demonstrators, can be substantially more effective than conventional
techniques for repetitive editing that are provided by indwstiipdard applications. Finally, we

review the tradeff between power anelase of use that is an inevitable concern in the design of end
user programming tools, and consider how our approach is located within this design space.

2. Sample applications

To illustrate our approach, we built two simple mypltint editing tools; onéor searchandreplace in
documents, and the other for bulk renaming files.

2.1. SmartRegex

SmartRegex is, like Lapis, an application that facilitates multipoint editing of a document. However,
whilst Lapis offers a powerful approach to building prograngwditors, it offers sophisticated
functionality beyond the requirements of many-esdrs. We therefore applied the miplgint

editing approach to the simple case of supporting more effective global find and replace operations.
Whilst find and replace rght appear to be trivial as an example of-asdr programming, it
demonstrates the applicability of the underlying principles while also dealing effectively with a
tedious and repetitive real task. Find and replace also happens to be the experimeata that

was used to validate the original cognitive model of Attention Invest(Bétkwell 2002) and as

we discuss later, Attention Investment is a particularly relevant explanatory model for this work.

2.2. FileRenamer

The second application we démeed employs a similar technical approach, but for an application that
would be perceived by enagsers as very different from structured word processing. FileRenamer uses
pattern matching to facilitate renaming a large number of flesh bulk editingad renaming tasks
would be simple for many skilled programmers, who would typically use a regular expression based
tool (the second author, for example, habitually carries out complex file renaming by constructing
regular expressichased macros within tHEMACS directory edit mode). However, as noted by
Blackwell (2001)regular expressions are particularly hard for-posgrammers to learn; Perl texts

such agChristiansen 1998 artderrman1997)warn their readers before the chapters on regular
expressionshat difficulties are in store. It is for this reason that our own applications have applied the
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interactive guided learning approach, in which a suitable regular expression is inferred from examples
that the user provides.

SmartRegex E‘ El El
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if (point.BeforeCharNo == 0) //First char in the row e

{ Included Stings

stringFarmat

//Need to extract the boundary that is being used
//Draw a single char and return the LHS X value

characterRanges[0] = new CharacterRange(0, 1);
layoutRect = new RectangleF(0, 0, Width, Height);
stringFormat = new StringFormat(StringFormat.GenericTypographic); s
stringFormat.FormatFlags = StringFormatFlags.MeasureTrailingSpaces | StringFormatFlags.NoWrap;
stringFormat.SetMeasurableCharacterRanges(characterRangesb

’
ry
v

stringRegions = new Region[1];
stringRegions =
g.MeasureCharacterRanges("x", font, layoutRect, stringFormat);

rect = stringRegions[0]. GetBounds(g);

return new PointF(rect.X, topOfTextLines[point.LineNo]);

v

Figure 17 Screenshot of Snmi#tegex in use. All strings that match the currently inferred regular
expression are highlighted. Placing the cursor within any of these strings allows the user to type
modifications that simultaneously change all of them. The screenshot also shows heam @esg¢end
or refine the regular expression by selecting a new string, and clicking one of two icons to either
accept this string or exclude it from the regular expression
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Figure 2- Screenshot of FileRenamer in use. Using the same interaction paragdi§martRegex,
users generate a match pattern by selecting those parts of the file names that should be changed (in
this case, removing unwanted parts of an automatic filename generated by a digital camera). All
candidates for renaming are highlighted datine user can change all highlighted instances together
by typing within any of them.
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3. Interactive guided learning

The aim of guided | e@rtnhengcdmputheart ttd eparsfeor mits @
matching strings. Our computationarggective on the training process is a Bayesian one. The
computer initially has some model (a Bayesian #dp

match. The user then interacts with the computer to modify this model by providing new Bayesian

evidencei for example a new string that the user would like the model to match in future, or a string

already being matched that the user would prefer not to be matched in future. This negotiation

continues until the user is satisfied with the model. Ireofdr the user to provide appropriate
evidence, and indeed for the user to evaluate wh
necessary that the computerdés internal mo d e | be
able to manipute the model.

This communication and manipulation could be performed by direct manipulation of a notation

representing the model. The SWYN syst@tackwell 2002)took this approach, displaying the

inferred regular expression grammar to the user inaitme 6f a visual language specifically designed

to improve the understanding ofjidar expressions by engsers However, this approach retains a

number of problems: Firstly, whilst it makes t he
remove the need for the user to understand potentially complex syntax. Secondly, the requirement to
visualise the model constrains the choice of modelling language. This would make the use of more
expressive languages, such as context free gramdidiczult.

Rather than displaying and manipulating the model directly, an alternative approach is to show the
effect of the model on the userdéds own dat a. The
training set, the data from which the computer inferred thdemoather than the model itself. This is

the approach we chose.

Various design possibilities were sketched. A selection of the sketches that led to the simple direct
technique for refining the selection model are shown in figuw®sTe final technige chosen, as

shown earlier in the two demonstrator applications, is that text strings in the document are selected
and the user instructs the computdrether a selected string shooldshould not be included in the
model. A Lapislike display of the cuant multipoint selections is provided to the user, so that they
can determine if the model is complete (because the current set of selections corresponds to their
intention) or what further refinements are needed.

RerposgC

%

Figure3i An early design sketchshowg t ext being O6painted6 to indioc
the model
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Figure 41 Concerns with decreasing the modal behaviour of the interface led to a refinement of
060select and clickobéb interaction rather

Figure5i Finaldesignskec h, i nspired by the 6SmartTagébé par a
has been selected, floating buttons appear below it that can be used to mark the text as either included
or excluded in the model

Page5 of 12



