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Abstract for a system that interacts with the user via a sejudssers

In a programming by demonstration system, examples pro-Guessers are algorithms that suggest possible annotations,
vided by the user are generalized to form abstractions that arevhich the user either “takes” to add the generalization know!-
used by the system. There are several reasons why the systegrge or ignores.

and the user should collaborate to annotate examples with

knowledge that guides generalization. These include deal-In our framework, guessers derive suggestions from diverse
ing with inconsistencies among examples or the underlying knowledge sources. A guesser could encapsulate a single
domain theory, making queries in order to speed generalizapreViOUS example, the current generalization of past exam-
tion (e.g., active learning), and making suggestions (perhapsmes: general pieces of domain theory, or a collection of (pos-
based on data mining) to change the outcome of generalizaSible noisy and outdated) raw data. They propose interac-
tion. This paper presents the design of a system that interactdions to resolve inconsistencies, to speed generalization, or
with users via a set of “guessers”: algorithms for suggesting © change the outcome of generalization. Most PBD infer-
possible annotations to the user, in the context of learning€nce techniques can be viewed as highly accurate, implicit

hierarchical task models. guessers whose guesswork is out of the control (and possible
out of sight) of the user. By contrast, an explicit guesser can
Keywords suggest an annotation that is less likely to be accurate, since
programming by demonstration, knowledge acquisition the user controls whether the annotation is made.
INTRODUCTION Interacting with guessers improves the quality of both the

In programming by demonstration (PBD) systems [7, 14], user experience and the generalization produced by the sys-
examples provided by the user are generalized to form abstratem. The user experience improves because the environment
tions that are used by the system. This generalization pro-nvolves the user in the generalization process in a very flex-
cess is guided by knowledge that indicates which parts of anible way. When involved, the user can better understand the
example should be generalized, and how to generalize thosgroblem (and the solution) on which the user and the sys-
parts. In this paper, we call the combination of the example tem are jointly working. Yet, if a user feels overtaxed, he
provided by the user and the generalization knowledge aboutcan reduce his involvement by ignoring many or all of the
the example aannotatecexample. suggestions (suggestions do not demand the user’s focus of
attention). The quality of the generalization improves because

In some systems [21, 11, 12], the user is responsible for genyne yser better understands the annotation task and provides
eralizing the example. This simplifies the system, but can bey,gre annotations.

very difficult on the user. At the other end of the spectrum

are systems that use artificial intelligence techniques to makelin our work, the guessers are organized into a committee,
inference based on multiple examples [15, 6, 16, 9], possiblyand the suggestions proposed to the user are those “passed”
without user guidance. This benefits users since they needy the committee. This helps prevent information overload,
neither understand the generalization process nor annotatevhere the user has to wade through many (possibly conflict-
examples, but is not feasible in many practical situations.  ing) suggestions. Second, asgnery by committef20], as

. L , long as we ensure a minimum competency of the members,
The most practical approach lies in the middle ground, wherethe committee suggestions are more likely to be acceptable
the system and the user collaborate to annotate examples[

. o 0 the user than those of any individual guesser.
since users and PBD systems have nearly disjoint, comple-

mentary competence areas [3]. This paper presents the desigq this paper, interacting with a committee of guessers is
Permission to make digital or hard copies of all or part of this work for ~ Studied in the context O_f |eaming_a hierarchical task m_OdeL
personal or classroom use is granted without fee provided that copies a data structure used in many fields of computer science.
are not made or distributed for profit or commercial advantage and that Ap existing task model development environment combines
copies bear this notice and the full citation on the first page. To copy oth- . " . _
erwise, or republish, to post on servers or to redistribute to lists, requires direct model Edltmg’ P_BD_based on partlally ar_motateq exam
prior specific permission and/or a fee. ples, and model verification through regression testing [9].
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annotating environment and shows how this can simplify the Figure 1 contains samples of this representation for a domain
task for the user. that will be used throughout this paper as a running example.
This domain is for an existing application that is a gas turbine

The next section of the paper describes prior work to infer a engine simulator used for virtual training [19]. A task model
hierarchical task models from annotated examples providedn, the form of Figure 1 is the desired output of learning.

by the user. The third section of the paper describes how
the user and the guessers interact when annotating exampleﬁonprimitive act OpenFuelValves
After a discussion and related research section, the paper parameter Engine gte
concludes with a brief description of future work.

primitive act OpenFuelValvel

LEARNING HIERARCHICAL TASK MODELS parameter Engine gte

Previous work presented a software environment in which récipé OpenFVRecipe _achieves OpenFuelValves
programming by demonstration was one piece in the overall  SPS OpenFuelValvel openfvl

process to develop hierarchical task models [9]. This section constraints gcpheig\ll::gt\éalviz o%zirf]\]:\fgte
describes the representation and inference algorithms used openfvigte = openfv2.gte

by the PBD interface in which a user defines and partially i )
annotates a set of examples. The next section shows how thi§igure 1: Collagen representations from a sample domain
task is simplified for the user when guessers are integratedk€ywords are in bold).

into the interface.

Partial annotations and learning
Many fields of computer science — e.g., planning, intelli- V\./|t.h!n the task model development environment, there is a
division of labor between the user and the computer: the user

gent tutoring, plan recognition, and interface design — gain ) .
leverage by applying general-purpose algorithms to dc)mam_prowdes annotated examples and the learning system gener-
ﬁ.‘izes the task model. An expert can provide minimal anno-

specific task models. However, developing an accurate domat i bout | haust tai
model is an engineering obstacle dubbeddh@wledge acqui- ations about many examples or more exnauslivé annotations

sition bottleneckin sum, developing task models is an impor- ?blquft fewetf ex?rr:EIels. Sqme anr?otatt%ons ptLowde more use-
tant and complex knowledge acquisition problem. ulinformation to the learning engine than others.

This subsection describes how a domain expert partially anno-
tates examples and how the learning engine infers a task
model from them. Informally, the input to the learning algo-
rithm is a series of demonstrations. Each one explicitly shows

(e:nglglages Itn (lj(|alogds IW'th ahhumarrl]_to Ijomr;tly ai:hnla(ve taSkSbone correct way to perform a task and, via annotations, indi-
ollagen task models are hierarchical, Where tasks are SUbgqiaq other similar ways that are also correct. A formal def-

divided Into subta;ks, SO that t_hg agent can discuss how t9iion of an annotated example and the learning algorithm
accomplish tasks in a way that is intuitive to the human. can be found in [8]

In this work, the knowledge representations and algorithms
for inferring task models are motivated by the Collagen sys-
tem [18, 17]. In Collagen, a collaborative interface agent

A Collagen task model is composed of actions and recipes.an example is a list of instantiated actions (action type plus
Actions are either primitive, which can be executed directly, gpecific values for parameters) that constitute the achieve-
or non-primitive (also called “intermediate goals”), which ment of a goal in the domain. For instance, the user may
are achieved indirectly by achieving other actions. Each actiogemonstrate how to operate the gas turbine engine using the
has a type; each action type is associated with a set of paramgjmylator. This creates a minimally annotated example, where
eters. Actions do not currently include an explicit represen- 4| actions are grouped under one non-primitive with a machine
tation for preconditions and effects. generated name. In Figure 2, the only change made by the
user after the demonstration was to change the name of this

Recipes are methods for decomposing non-primitive aCt'onS'top-IeveI act teStartEng .1

Each recipe has an objective, which is a non-primitive act,
and specifies a set of steps to perform to achieve its objective Three specific annotations segmentation, unequals, and
Steps are assumed to be required unless they are labelled agtional — are described below. The PBD interface allows
optional. There may be several different recipes for achiev-a user to make these (and other) annotations, as well as more
ing a single non-primitive action. mundane refinements such as adding or deleting steps.

A recipe also contains constraints that impose temporal orderSegmentation is an annotation that groups related actions;
ings on its steps, as well as various logical relations amongeach such group is called a segment and is associated with
their parameters. For the purposes of this paper, the only cona non-primitive act that is the purpose of the segment. Seg-
straints considered are equalities. Steps (parameters) have @ents can be nested, so the elements in a segment can be
name as well as a type in order to allow for unambiguous  1in practice, annotating does not have to be a second pass — it can be
references to multiple steps (parameters) of the same type. interleaved with demonstrating.
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Figure 2: First example Figure 3: Second example

either primitive acts or sub-segments. Segmentation is impor-A second partially annotated example is shown in Figure 3.

tant because it directly influences the ability of the learning In this example, a different engine was used, the user has

engine to correctlylign the set of annotated examples, i.e. decided to hame the top-level &tartEngine , and the

determine which portions of different examples are mappeduser has grouped two of the steps into a segment that has a

to the same target concept. Unlike the other annotations,purpose of typ®penFuelValves

the user must provide segmentations since the learning tech-

niques do not make any assumptions about how to segmenkNTER,ACT'NG WITH GUES,SERS , .

an example. The process of segmenting an example can b YPical PBD systems, it is solely the user's responsibil-

a struggle for the user, since they must attempt to determind®y O SPecify any needed generalization knowledge. This

the best abstractions to represent intermediate goals. section presents the framework for a system that lightens
this burden through a set of guessers that suggest possible

Non-primitive acts have parameters, which are needed to prognnotations; the user is free to ignore any or all suggestions.

agate constraints between parameters of primitive acts in dif-When learning task models, guessers can aid the user when

ferent sub-tasks of a task decomposition. Determining thesegmenting, determining non-primitive parameters, marking

number and type of parameters for non-primitives can beoptional steps, and making sure that aligned examples are

extremely difficult for a user even after an example has beenconsistent.

segmented. Our generalization techniques make sound infer;

In our framework, a guesser is any algorithm thatimplements
ences about the number and type of parameters that non- g yalg P

primitive actions must have in order to be consistent with atask-spgcmc application programming mterface (API). For
the set of examples. example, in our (Java-based) system that assists users to anno-

tate demonstrations, two of the methods that a guesser must

Inferring non-primitive parameters assists the user; however,mplement are:

. . . " public Boolean unequals (paraml, param2)
it can retard the convergence of the learning engine signifi- public Boolean optional (step)

cantly. This is becau_se_ _coincidental gqualities of parame_ter-l-hese methods allow the guesser to vote either “yes” (true),
values for any two primitive actions will be pr_opagated until wp g (false), or “abstain” (null) about whether the guesser

another pair of acts, related by the same hierarchy of NON~yhinys 3 potential annotation should be suggested. This return
primitive acts, have @fferent \{alues for the parameter. The value is typical, but some methods return a concrete value
user can remedy this by addingiequals annotations for g 4 for suggesting a new name of a segment). It would be a
coincidental equalities. straightforward extension to allow for the guesser’s response

A demonstration does not indicate whether a step is requireoIO include a confidence factor.

eitherin general or for that partiCUIar demonstration. If deSirethe fo”owing is a list of some know|edge sources that could
the user can explicitly indicate whether an action is optional constitute useful guessers (only example-based ones have been
through an annotation. In the absence of such annotationsimplemented). The descriptions are grounded by describing
inference is based on the set of pertinent examples (all examnow a guesser of that type could simplify the user’s efforts
ples that are aligned to the same target concept): if a stepyhen annotating a demonstration.

appearsin every example, itis required; otherwise, itis optiongjther examples A simple but effective guesser encapsulates
another example defined by the user. ldentifying sets of
steps that constitute a nested segment can be done by look-
ing to see if subsets of a segment in the current exam-
ple constitute an entire segment in the previous example.
When pieces of the current example and the previous exam-
ple align to the same target concept, inconsistent annota-
tions are readily identified.

Our learning algorithm distinguishes between positive evi-
dence (e.g., annotating that a step is required) and the lack
of negative evidence (e.g., the step appears in all examples
aligned to this recipe). When given only segmentation anno-
tations, inference is guaranteed to produce a task model con-
sistent with all examples. However, additional annotations
may lead to inconsistencies: e.g., if two segment elements
are mapped to the same step but one is annotated as optiondlhe current generalization The generalization of the cur-
while the other is annotated as required. rent examples can identify regularities that do not appear
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Figure 4: The user controls which guessers are active.

in any individual example. For example, perhaps there task model development window (the “Use to Suggest” col-
exists a recipe with four steps, two of which are optional. umn Figure 4). The active guessers are organized into a com-
In that case, it is possible that different examples include mittee (cf. Seunget al. [20]), which is run by a modera-
each of the two optional steps, but none include both of tor. Two expected benefits are improved suggestions and less
them. None of these individual examples would recognize cognitive overhead for the user (since there is less informa-
the group of four steps as a segment, but their generalization to manage).

tion would.
In principle, there could be a different committee for each

The inference techniquesin a similar vein to active learn-  type of suggestion being voted on (e.g. segmentation, option-
ing (see the discussion section), awareness of the strengthality, segment purpose name), but that has not been imple-
and weaknesses of the generalization mechanism can leachented. The committee moderator analyzes the current exam-
to useful suggestions. For example, “distant” (i.e., sepa- ple in order to determine which suggestions should be voted
rated by multiple non-primitive acts) equalities slow con- on, and what constitutes a winning vote. The code for a given
vergence when they are coincidental. Reflecting on this, moderator can be non-trivial and is sensitive to the exact
the system could identify pairs of parameters for which it semantics associated with the guessers’ API.

would be most useful to guess that the equality was coin-

cidental. Our basic belief about the interaction style is that it should be

controlled by the user. Thus, in our current implementation,
Raw data Another source of suggestions could be a data syggestions are posted to a “bulletin board” window shown
mining algorithm operating on a pre-existing, unannotated jn Figure 5. The user can browse the suggestions there and
usage log. Suggestions based on raw data can be vergouble click on an entry to assert the suggestion (i.e., make
valuable since they may identify relationships the user wasthe suggested transformation to the current example). This
unaware of (but can verify) or had forgotten. For example, manipulation moves that suggestion into the undo stack and
statistical techniques could be used to suggest that a step ifesults in the computation of a new list of suggestions. Dou-
a particular sequence is optional through analysis of manyp|e clicking on the top of the undo stack retracts the sugges-
similar sequences. Such suggestion is most helpful if thetjon (i.e., undoes the transformation).
step appears in all annotated examples.

In Figure 5, the user has returned to the first example to
Domain Theory In many PBD domains, there are relation- (ename the top-level act tBtartEngine  to be consis-
ships that are guaranteed to hold (or nearly so). In ourtent with the second example. After doing so, he sees two
case, recipes will rarely decompose into exaetlgopies g ggestions from Example 1: a good one for making a sub-
of a set of steps; instead, the recipe is likely to be recursivesegment and a bad one for renaming the top-level act to be
or be repeatable an arbitrary number of times (instead of openFuelvalves. Also, the user can easily restore the name
for a fixedn). Such analysis may lead to segmentations uf the segment t§tartEng
that might not be made by an unaided user.

o o ) The interactions just described could be extended into a mixed-

Heuristics Generalization can be viewed as search throughpjsiative collaboration. For example, the user could be involved

a concept space, so many PBD inference problems willj, 16 yoting process by overriding the criteria for a vote

admit useful heuristics. In our case, a guesser might pro-
pose segmentations out of the space of all possible seq-[i T ———
mentations based on minimum description length criteria. Type

segmentation
name change

M=

Guesser
[Example 1]
[Example 1]

Sugnestion
[4#openfuelvalvel, S¥openfuelvalvel]--= subseg
StatEngine--=0OpenFuelValves

The user can control which guessers are active at any time T
For example, guessers that encapsulate individual example jname thange

can be included or excluded by checking a box in the main

Sugoestion

[ Guesser

|StartEngine-—-=5tartEng

|Undo Manager

Figure 5: The table of suggested annotations.




to pass, based on the type of suggestion and the number ofs required despite evidence to the contrary. Such negative
yes/no/abstain votes. Orthogonally, the user could authorizeexamples are often very valuable to learning techniques.
the system to take the initiative for “good” suggestions. For . . ) . )

he intuition about seeking confirmation is formalized by

example, perhaps a user considers any segmentation suggeg N i )
tion that has a 100% vote with 3 votes to be a good one. probabilistic approximately correct (PAC) learning theory [22].

In that case, the system could either automatically assert thd Of €xample, if a step appearssin— 1 out of n pertinent
suggestion, pop up a dialog box proposing the suggestion,examples’ the_step will be inferred to be optional, regardless
or highlight the suggestion in the bulletin board to attract ©f Now largen is. In a PAC framework, however, the proba-
the user's attention. Different “good” suggestions could be bl|llty that this is correct decreasesmmcreases.. !f the prob-
mapped to different actions. Whether giving the system more2Pility Of correctness drops below some specified threshold,
initiative in this way would improve the user experience is an (€ Systém can initiate an interaction. PAC techniques are
open research question. robust in the face of classification errors.

Our system provides another tool to help the user to under-

DIS(T’US_'SION . o stand generalization. While depressing a button labeled “pre-
A principle of our implementation is that moderators should view”, the user sees how the generalization will “explain” the

take into accountwhether the proposed annotation will changgy,rrent example. For example, the visualization will indicate

the generalization that the system is constructing. HOWeVer,he inferred optionality of steps, inferred parameters for non-
the larger issue at hand is how to incorporate knowledge of o imitives, parameters that are bound to domain constants,

the generalizgtion process into_ system-user intgractions. Theyng parameters that are constrained to be equal. This expla-
user should find these interactions comprehensible and helpy,ation is thus a way to show a portion of the generalization

ful. in a very grounded manner.

One way to incorporate knowledge of the generalization mechyg| ATED RESEARCH

anism is to involve the user in the learning algorithm. For payeret al. [3] developed PBD technigues for training intel-
example, if the user can answer “yes” or “no” to queries jigent agents to retrieve information from various web sites.
about membership or equivalence regarding the concepts beiy\gkey part of the system is a training dialog between the
formed (e.g., the class of optional steps), a system can |ea”|1earning agent and the system, where the agent makes sug-
in polynomial ime [1]. Unfortunately, answering such queriesgestions for the next actions to be taken or the next landmark
can be difficult for the user. to be used. These suggestions are derived mainly based on

In the active learning[5] paradigm, the system exerts some the agent’s understanding of the domain (i.e., HTML struc-

control over the input to the generalization mechanism. Theture)'

standard approach along this line is for the learner to actively Gj| and Melz [10] and Kim and Gil [13] have reported on a
select from a known distribution of inputs to be classified \ide range of issues related to building knowledge acquisi-
by the user in lieu of relying on random sampling from that tjon tools for developing databases of problem-solving knowl-
distribution. However, in programming by demonstration edge. In contrast to our approach of inferring task models
systems, the user — not the system or a random selectiorfrom annotated examples, they have focused on developing
process — generates the examples. Thus, in this setting, afpols and scripts to assist people in editing and elaborating
active learner is limited to selecting from among the possible task models, including techniques for detecting redundancies
pieces of generalization knowledge that might be relevant toand inconsistencies in the knowledge base, as well as making
the current example. suggestions to users about what knowledge to add next.

Two important issues to be dealt with by a PBD system are Constable [4] shows the synergy that results from incorpo-
the possibility that the user will want to respond “I don't rating expectations from multiple knowledge sources dur-
know” or may make classification errors (cf. Angluét ing knowledge elicitation. In Constable, knowledge about
al. [2]). In our case, errors could be introduced by out- background theories and knowledge about interdependency
right incorrect annotations or by the user reconceptualizingmodels are combined to support the acquisition of procedu-
the domain. Namely, over the course of defining several ral knowledge. Constable includes a mechanism for making
examples, the user may change what they believe to be thguggestions to the user about how to fix programming con-
correct answer. Reconceptualizing the domain can lead tostructs that are ill-specified.

the changes in segmentation and the name of the top-level
act in Figures 2 and 3. In a complementary approach, DIAManD [23] uses a com-

mittee of heuristics to support a user’s interaction with an
The only reason for moderators to make suggestions that willunderlying PBD system. For example, DIAManD can run
not change the output of generalization is to seek confirma-on top of SMARTedit, a PBD system that learns repetitive
tion for conclusions that are weakly supported. For example,tasks in a text-editing domain. DIAManD’s committee pro-
a user might “surprise” the system by indicating that a step poseshowthe user should add knowledge (for example, by



recording a full example or by stepping through the present 3.
formulation of a macro). In contrast, our committees pro-
pose knowledge to add to an example, but do not help a 4.
user choose between continuing to annotate this example and
defining a new example.

CONCLUSION AND FUTURE WORK

This paper presented a PBD system that interacts with the
user when defining examples that will be generalized. The g,
user-initiated interactions are based on suggestions for pos-
sible annotations, which specify generalization knowledge 7.
about pieces of the example. The suggestions are proposed
by committees of guessers; each guesser could represent ang
individual example, a generalization of examples, a data base

of raw data, theory-based techniques, or arbitrary heuristics.

A key principle for the committee moderator, which controls g
what suggestions are voted on, is to make suggestions that
are sensible in light of the generalization mechanism of the

systems. We have indicated how this approach helps to cre- 1.

ate segmentations, speeds sound learning of non-primitive
parameters, and identifies inconsistencies between annotated
examples.

Two key technical issues not yet fully addressed are ensuring
the ongoing viability of proposed suggestions and control-
ling the timing of committees. As to the first point: in gen-
eral, there is no guarantee that a suggestion made earlier will
remain valid if the user changes the current example, either
directly through the interface or through taking an alternate
suggestion. Our current approach is to recompute the set of
suggestions from scratch each time, but clearly incremental 1
update methods would be preferable.

The second issue is that some individual guessers may take

much more computation time than others, enough so that the 16.

user may be forced to wait for the system. Guessers should
be run on their own execution threads so this can be avoided;

however, there must be a way for the moderator to easily ter- 17-

minate this thread. First, related to point above, the thread
may not complete before the user has changed the current
example, thus invalidating the computation when it does ter-
minate. Or, the moderator may be able to determine the out-
come of the vote regardless of the value returned by guessers
that are still computing. Our current implementation is syn-
chronous.
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