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FIG. 94
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FIG. 9B
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FIG. 9C
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FIG. 9D
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1
FRAMEWORK OF PROACTIVE AND/OR
REACTIVE STRATEGIES FOR IMPROVING
LABELING CONSISTENCY AND
EFFICIENCY

TECHNICAL FIELD

The present invention relates to the electrical, electronic,
and computer arts, and more specifically, to machine learn-
ing systems, qualitative data analysis systems, and related
technologies.

BACKGROUND

Annotation is a process in which one or more humans
categorize data by assigning one or more labels to it. In the
case that there are multiple annotators, they label the same
data set. Annotation is pertinent, for example, in building
ground truth for supervised machine learning (ML) classi-
fiers and the basis of qualitative analysis.

Annotation is error-prone because the humans can label
the data in inconsistent ways due to fatigue, uncertainty, or
difficult-to-categorize data. Furthermore, as annotators
familiarize themselves with the labels, their understanding
of the labels can change. For example, as someone works on
a labeling task, he or she will see more and more examples.
As he or she does so, his or her understanding of the
boundaries of a label may change, based on the additional
information obtained. This may require re-labeling previ-
ously-labeled items based on the enhanced understanding.

The errors encountered in labeling typically manifest in
two ways: (1) the labeler lacks internal consistency, that is,
his or her labels are not consistently applied across one or
several annotation sessions, resulting in ill-categorized data
and/or (2) the labeler lacks external consistency, that is, his
or her labels are not consistent with others working on the
same labeling task.

SUMMARY

Embodiments of the present disclosure provide a frame-
work of proactive and reactive strategies for improving
labeling consistency and efficiency. According to an
embodiment of the present invention, an exemplary method
for improving the performance of a computer implementing
a machine learning system includes providing, via a graphi-
cal user interface, to an annotator, unlabeled corpus data to
be labeled; obtaining, via the graphical user interface, labels
for the unlabeled corpus data to be labeled; detecting, with
a consistency calculation routine, concurrent with the label-
ing, at least one of internal inconsistency in the labeling and
external inconsistency in the labeling; and, responsive to the
detection of the at least one of internal inconsistency and
external inconsistency, intervening in the labeling with a
reactive intervention subsystem until the at least one of
internal inconsistency in the labeling and external inconsis-
tency in the labeling is addressed. Further steps include
completing the labeling subsequent to the intervening; car-
rying out training of the machine learning system to provide
a trained machine learning system, based on results of the
completing of the labeling subsequent to the intervening;
and carrying out classifying new data with the trained
machine learning system.

According to another embodiment of the present inven-
tion, an exemplary method for improving the performance
of a computer implementing a machine learning system
includes providing, via a graphical user interface, to an
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annotator, unlabeled corpus data to be labeled; embedding at
least one affordance in the graphical user interface to aid the
annotator in labeling the unlabeled corpus data to be labeled;
obtaining, via the graphical user interface, labels for the
unlabeled corpus data to be labeled, the labels being pro-
vided while the annotator is aided by the at least one
affordance; carrying out training of the machine learning
system to provide a trained machine learning system based
on the labels provided while the annotator is aided by the at
least one affordance; and carrying out classifying new data
with the trained machine learning system.

As used herein, “facilitating” an action includes perform-
ing the action, making the action easier, helping to carry the
action out, or causing the action to be performed. Thus, by
way of example and not limitation, instructions executing on
one processor might facilitate an action carried out by
instructions executing on a remote processor, by sending
appropriate data or commands to cause or aid the action to
be performed. For the avoidance of doubt, where an actor
facilitates an action by other than performing the action, the
action is nevertheless performed by some entity or combi-
nation of entities.

One or more embodiments of the invention or elements
thereof can be implemented in the form of a computer
program product including a computer readable storage
medium with computer usable program code for performing
the method steps indicated. Furthermore, one or more
embodiments of the invention or elements thereof can be
implemented in the form of a system (or apparatus) includ-
ing a memory, and at least one processor that is coupled to
the memory and operative to perform exemplary method
steps. Yet further, in another aspect, one or more embodi-
ments of the invention or elements thereof can be imple-
mented in the form of means for carrying out one or more
of the method steps described herein; the means can include
(1) hardware module(s), (ii) software module(s) stored in a
computer readable storage medium (or multiple such media)
and implemented on a hardware processor, or (iii) a com-
bination of (i) and (ii); any of (i)-(iii) implement the specific
techniques set forth herein.

Techniques of the present invention can provide substan-
tial beneficial technical effects. For example, one or more
embodiments provide one or more of:

proactive strategies and/or reactive interventions which
address the problems of internal and/or external consistency;

support for the annotator during labeling in a proactive
and reactive way such that the annotator can complete
labeling tasks efficiently and consistently, as opposed to
existing tools which tend to focus on the analysis of the
labels after the labeling task is complete, supporting the
owner of the labeling task instead of the annotators; and

enhanced classifier training and performance based on
properly and consistently labeled data.

These and other features and advantages of the present
invention will become apparent from the following detailed
description of illustrative embodiments thereof, which is to
be read in connection with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 depicts data annotation in accordance with the
prior art;

FIG. 2 depicts an annotation system interacting with
users, according to an aspect of the invention;

FIGS. 3 and 4 depict proactive strategies in the form of
affordances in an annotation environment, according to an
aspect of the invention;
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FIG. 5 depicts an affordance including aspects of inter-
rater reliability, according to an aspect of the invention;

FIG. 6 depicts tracking and measuring consistency,
according to an aspect of the invention;

FIG. 7 depicts an annotation system engaging in reactive
interventions, according to an aspect of the invention;

FIG. 8 presents a flowchart of proactive strategy, accord-
ing to an aspect of the invention;

FIGS. 9A-9D, collectively “FIG. 9,” present flowcharts
including additional processing of data, according to aspects
of the invention, FIG. 9A being a generalized flow chart,
FIG. 9B being particularized for aspects of definitions as
affordances, FIG. 9C being particularized for aspects of
examples as affordances, and FIG. 9D being particularized
for aspects of wizards as affordances;

FIGS. 10A-10D, collectively “FIG. 10,” present flow-
charts showing how interventions can be implemented,
according to aspects of the invention, FIG. 10A being a
generalized flow chart, FIG. 10B being particularized for
aspects of exemplars as intervention, FIG. 10C being par-
ticularized for aspects of curation as intervention, and FIG.
10D being particularized for aspects of a difference view as
intervention;

FIG. 11 depicts a computer system that may be useful in
implementing one or more aspects and/or elements of the
invention; and

FIG. 12 shows alternative measures of inter-annotator
agreement, suitable for use in one or more embodiments of
the invention.

DETAILED DESCRIPTION

As noted, and referring now to FIG. 1, annotation is a
process in which one or more humans 101 categorize data
103 by assigning one or more labels to it. In the case that
there are multiple annotators, they label the same data set.
Annotation is pertinent, for example, in building ground
truth for supervised machine learning (ML) classifiers and
the basis of qualitative analysis. Annotation is error-prone
because the humans can label the data in inconsistent ways
due to fatigue, uncertainty, or difficult-to-categorize data.
Furthermore, as annotators familiarize themselves with the
labels, their understanding of the labels can change.

As also noted, this error typically manifests in two ways:
(1) the labeler lacks internal consistency, that is, his or her
labels are not consistently applied across one or several
annotation sessions, resulting in ill-categorized data and/or
(2) the labeler lacks external consistency, that is, his or her
labels are not consistent with others working on the same
labeling task.

One or more embodiments advantageously provide a
framework to address the problems of internal and external
consistency through a combination of two approaches: pro-
active strategies and reactive interventions.

Indeed, one or more embodiments provide a system for
presenting a human annotator with unlabeled corpus data to
obtain labels from the annotator, wherein the system facili-
tates the annotation task by presenting additional informa-
tion that the annotator would otherwise need to keep in his
or her working memory; providing the annotator with the
ability to actively request contextual information about prior
annotations; continuously tracking annotation quality and
consistency; and/or intervening to steer the annotation task
when a drift in annotation consistency is detected. Annota-
tion system interface 199 facilitates interaction between the
human annotators 101 and the data 103 that is to be labeled.

30

40

45

55

4
With reference now to FIG. 2, on user side 201, one or
more (human) annotators 202-1, 202-2, . . ., 202-N (col-

lectively 202) obtain data to label 205 from annotation
system 203, and then label the data via interface 299; the
labels are stored in label storage 207. System 203 keeps
track of the labels applied by annotators 202-1, 202-2 . . .
202-N and continuously calculates consistency using con-
sistency calculator 209. One or more embodiments add
proactive strategies 211 and/or reactive interventions 213 to
known systems (see, e.g., discussion of known qualitative
coding tools elsewhere herein).

In FIG. 2, annotation system interface 299 can be, for
example, a web-based interface; for example, HTML and
JavaScript served out by a server into a browser of a client,
for the human annotators 202 to interact with. Annotation
system 203 can include, for example, databases and code
(e.g., written in a suitable high-level language) running on
one or more hardware processors of one or more servers
(with or without virtualization). Data to label 205 can be
stored in a suitable database. Labels stored in label storage
207 can also be stored in a suitable database, which can be
the same or different as the database in which data to label
205 is stored. Consistency calculator 209 includes code
(e.g., written in a suitable high-level language) running on
one or more hardware processors of one or more servers
(with or without virtualization), implementing one or more
of Jaccard’s Index, Cohen’s Kappa, Fleiss’ Kappa, the Pi
statistic, Pearson’s r, Kendall’s Tau coefficient, Spearman’s
rho, or the like.

Annotation system 203 can include a main routine which
coordinates the subcomponents and provides an interface
therebetween. For example, annotation system 203 can be
written, e.g., in a high-level language and can retrieve data
from and send data to the databases 205, 207 (e.g. using
appropriate queries, input/output statements, or the like) as
well as making requests of (e.g., calls to) the consistency
calculator 209. Annotation system 203 interacts with pro-
active strategies block 211 and/or reactive interventions
block 213 as the case may be. Proactive strategies block 211
and reactive interventions block 213 each has its own main
routine as well as a suitable database 297, 295, respectively.
The routines (written, e.g., in a suitable high-level language)
can implement the logic in FIGS. 9A-9D and 10A-10D,
respectively (for example, by calling suitable subroutines
corresponding to the particular proactive strategy or reactive
intervention being employed). In each case the main routine
can access the database 297, 295, as the case may be, using,
e.g., appropriate queries, input/output statements, or the like.
Furthermore, in each case the main routine can select the
proactive strategy or reactive intervention to be used (for
example, via a heuristic, pre-configuration, on-line selection
algorithm, machine learning, random selection, or the like).

Referring now also to FIGS. 3 and 4, exemplary proactive
strategies include changes to the annotation environment
that provide affordances and other support to improve anno-
tation consistency and/or efficiency. Affordances added to
the environment are preferably flexible and easily adaptable
to the domain of interest. In the example of FIGS. 3 and 4,
all the text is customizable via configuration files or database
entries. As used herein, “affordances” are clues about how an
object should be used, typically provided by the object itself
or its context. Examples are presented herein wherein the
affordances are visual affordances; however, it will be under-
stood that other types of affordances could be used in other
embodiments; e.g., synthesized speech or the like.

Regarding affordances in the annotation environment,
embedding various affordances in the environment available
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during labeling enables annotators to be more efficient and
consistent, since relevant information is all presented in one
place.

In one or more embodiments, providing information
about the labels includes:

Definitions: a short description of how the label should be

used;

Examples: correctly and incorrectly labeled data provided
or mined from prior annotators’ labeling history;

Historical examples: presenting an annotator’s previously
labeled data for a given label;

Filtered examples: presenting an annotator’s or a group’s
previously labeled data for a given label with knobs to
change the results selected (e.g., more recent, most-
agreed-upon, etc.);

Intelligent examples: leveraging cognitive assistance in
selecting previously labeled data. (e.g., most similar to
the current data)—for example use machine learning to
identify a good example for the particular set of data the
annotator is trying to label; and/or

Wizards: asking the annotator a series of questions to help
him or her select a label for a given piece of data. A
labeling task can often be broken down into a set of
rules. For example, treating a set of rules as a set of
yes-or-no questions, if an annotator is having difficulty
labeling a given piece of data, it is possible to walk the
annotator through a questionnaire; based on the
responses to the questions, the labels can be automati-
cally selected. Note that in FIG. 3 the box 485 querying
whether the response is a supported language is an
example of a wizard; the other YES/NO questions in
FIGS. 3 and 4 are not necessarily wizards per se.

The proactive strategies thus generally involve giving the
annotator more information about labels so that he or she can
make an intelligent decision about which label(s) apply to a
given piece of data.

At 402, note text typed into a virtual agent by a human
user. The virtual agent’s response is at 404. At 489, note
further text typed into a virtual agent by a human user. The
virtual agent’s further response is at 487. Response 404 is
highlighted. Three of Grice’s maxims for the co-operative
principle of conversation are applied at 406, 408, and 410;
namely, relevance 406, quantity 408, and manner 410. For
the conversation 402, 404, for each of the three categories
406, 408, 410, the human labeler selects “Yes” or “No.” A
definition 412, 414, 416 is provided for each category, as
well as a “good” example 418, 420, 422 and a “bad”
example 424, 426, 428. Note that Grice’s Maxims are
non-limiting examples of techniques to determine whether
the features of a conversation promote further conversation.
Furthermore, FIGS. 3 and 4 are non-limiting examples of a
labeling task; it is desired to label a conversation with
Relevant/Not Relevant; Quantity Good/Quantity Not Good;
Manner Good/Manner Not Good. For Relevant/Not Rel-
evant, the affordances include the definition, the good
example, the bad example, and the wizard 485. For Quantity
Good/Quantity Not Good; Manner Good/Manner Not Good,
the affordances include the definition, the good example, and
the bad example.

Proactive strategies can include, for example, data order-
ing strategies. Annotation tasks typically use a uniform,
random subsample strategy (with a sample distribution
similar to the data it is desired to label) to determine what
data to label. If it is desired to ensure efficiency and
consistency in the labeling task, this approach may not be
ideal. People may find it helpful to learn things in order; for
example, to deal with one label and many examples of data
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appropriately labeled with that label, before moving to the
next label. An individual might wish to review easy
examples before moving to more difficult examples. In one
or more embodiments, the system can intelligently alter
order when presenting data for labeling.

Some embodiments order by difficulty: assuming that data
can be ordered according to difficulty of the labeling task
(e.g., using a confidence statistic as a proxy for difficulty),
then one alternate strategy is to order the data from least
difficult to most difficult. This allows the user to establish his
or her understanding of a label before being presented with
data that is harder to label. Alternatively, ordering by most
difficult first may help annotators discover boundary cases
and improve their understanding of a label.

Some embodiments order by group agreement: in the case
of multiple annotators, for cases where others have already
labeled data, those labels can be used to dictate the order that
data is presented. For example, presenting labels from
most-agreed-upon to least-agreed-upon can help an indi-
vidual annotator understand how the group understands a
label and urge the individual annotator towards a shared
understanding, and also, help guide him or her regarding
how a label should be utilized.

Referring now to FIG. 5, providing information about the
annotators can include, for example:

Agreement: surfacing measures of inter-rater agreement
during the labeling task;

Others’ labels: after an annotator selects a label, revealing
how other annotators labeled the same or similar data;
and/or

Explanations: embedding explanations as to why diffi-
cult-to-label data was labeled in a given way and surfacing
those explanations among the group.

Thus, one or more embodiments provide feedback to a
labeler regarding how well he or she is doing relative to
himself or herself, and/or the group. Within the qualitative
research community, there is a notion of inter-rater reliabil-
ity (also known as inter-annotator agreement). Heretofore,
these numbers have typically been considered after the
labeling task is complete. However, in one or more embodi-
ments, it is desired to get the labelers to a consistent state as
quickly as possible, so feedback is provided during the
labeling task.

As indicated in FIG. 5, Jaccard’s index is a measure of the
agreement between two or more coders. It is calculated by
dividing codes that coders agree on (intersection) by the
total number of codes (union). A value of 80% or better is
generally considered to be desirable. In the example of FIG.
5, coders “David P. and “John” have 100.00% agreement in
mapping “Grice’s Maxims” to “Relevance” while coders
“David P. and “Michal” have 84.00% agreement in mapping
“Grice’s Maxims” to “Relevance.” Cohen’s kappa measures
the agreement between two raters who each classify N items
into C mutually exclusive categories. It is defined as K=(p,—
p)I(1-p,), where p, is the relative observed agreement
among raters (identical to accuracy), and p, is the hypotheti-
cal probability of chance agreement, using the observed data
to calculate the probabilities of each observer randomly
seeing each category. Cohen’s kappa can also be used as a
measure of inter-rater reliability in one or more embodi-
ments.

Referring now also to FIG. 12, many other measures can
also be used; for example:

Fleiss’ Kappa is a statistical measure for assessing the
reliability of agreement between a fixed number of
raters when assigning categorical ratings to a number of
items or classifying items, wherein the denominator in
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FIG. 12 gives the degree of agreement that is attainable
above chance, and the numerator gives the degree of
agreement actually achieved above chance;

the Pi statistic or Scott’s pi is a statistic for measuring
inter-rater reliability for nominal data in communica-
tion studies. Scott’s pi is similar to Cohen’s kappa
except Pr(e) is calculated using joint proportions;

Pearson’s r is a measure of the linear correlation between
two variables X and Y, where oy is the standard
deviation of X, 0 is the standard deviation of Y, E is
the expectation, L, is the mean of X, and ., is the mean
of Y;

Kendall’s Tau coefficient is a statistic used to measure the
ordinal association between two measured quantities.
There are

distinct pairs of observations in the sample, and each pair
(barring ties) is either concordant or discordant; and/or
Spearman’s rho is a nonparametric measure of rank
correlation (statistical dependence between the ranking
of two variables); it assesses how well the relationship
between two variables can be described using a mono-
tonic function. The numerator is the covariance of the
rank variables while the denominator is the product of
the standard deviations of the rank variables.

It is believed that a comparison of proactive strategies to
existing work will be helpful in aiding the skilled artisan to
appreciate aspects of the invention. Qualitative coding tools
such as Atlas.ti, NVivo, and The Coding Analysis toolkit, all
permit attaching codes to data, calculating agreement, and
viewing the results. However, aside from attaching com-
ments or memos to codes, there is little to no support for the
annotator as he or she is carrying out the annotation task.
Instead, these tools focus on attaching codes to data and
providing a plurality of ways to understand the results of
those annotations. The goal of qualitative coding tools is
generally to facilitate analysis of the data rather than to
improve the labeling thereof.

Annotation tools and services include crowdsourcing
tools such as Amazon’s Mechanical Turk, Indico CrowdLa-
bel, and CrowdFlower, which all find annotators for labeling
tasks and provide ways to export that data, often with some
results-oriented analytics (which are not exposed to the
annotator). In contrast to one or more embodiments, these
prior-art platforms tend to isolate users and do not reveal any
information to an individual annotator regarding how other
annotators are doing, nor do they provide support for an
annotator to look back at his or her own labels in situ. The
goal of these tools is to match people willing to do a task
with people who have tasks to be accomplished.

“Aeonium: Visual Analytics to Support Collaborative
Qualitative Coding” by Drouhard et al., Pacific Visualization
Symposium (PacificVis), 2017 IEEE, has a subset of affor-
dances in proactive strategies; however, in contrast, one or
more embodiments of the invention go much further by
considering other facets such as data ordering and incorpo-
ration of intelligence into the interface (e.g. deciding what
examples to present).

It is worth considering aspects of tracking and measuring
consistency. Referring to FIG. 6, to evaluate if an annotator
601 is consistent with himself or herself, in one or more
embodiments, the system occasionally retests the annotator
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601 by resending data 603 which that annotator has previ-
ously labeled, via annotation system interface 699 (which
can be similar to block 299 described above). The data to be
resent is selected using some sort of selection criterion.
Some embodiments employ random selection. A “smart”
approach can be used in other embodiments; for example,
weighing the random selection towards more recently
labeled data; more recently labeled data tends to be more
consistent as a labeler or group of labelers converge on
labeling consensus. The information is then compared to the
previously labeled data to measure whether the annotator’s
labeling is consistent. Should the measure dip below an
established threshold, the proactive strategies used by the
system can be altered and/or one or more reactive interven-
tions can be triggered. For the avoidance of doubt, the
labeler is re-presented with, in unlabeled form, data he or she
has previously labeled and a determination is made whether
the re-presented data is labeled consistently with the initial
presentation.

A simple example of a measure of consistency is the
percentage of labels that have changed during the retesting.
In the case of multiple annotators, inter-annotator agreement
measures can be used in addition to the retesting strategy;
see discussion of Jaccard’s Index, Cohen’s Kappa, Fleiss’
Kappa, the Pi statistic, Pearson’s r, Kendall’s Tau coefficient,
and Spearman’s rho elsewhere herein.

Referring now to FIG. 7, consider aspects of reactive
interventions 713 in accordance with one or more embodi-
ments. In FIG. 7, elements 701, 702-1, 702-2, 702-N, 703,
705,707,709, 711, 713, 797, 795, and 799 are analogous to
elements 201, 202-1, 202-2, 202-N, 203, 205, 207, 209, 211,
213, 297, 295, and 299 in FIG. 2 and will not be described
again in detail. Interventions occur, for example, when the
system detects that an annotator is no longer consistent with
himself or herself or others (see bold exclamation point in
consistency calculator 709 suggesting detection of inconsis-
tency). These drifts may occur intentionally (when the
annotator is first learning what types of data apply to a label)
or unintentionally (fatigue).

Interventions interrupt the standard labeling task and
instead redirect the annotator’s attention in an effort to get
him or her back on track. Interventions continue until they
are resolved, usually by showing that the annotator is back
on track. Thus, in some interventions, an annotator may be
required to re-label previous labeled data.

In one or more embodiments, reactive interventions can
include providing information to urge annotators to agree-
ment. A difference view is a view to reveal disagreements
between annotators. This view can be extended to solicit
explanations for labels, which then can be used in future
instances to help bring groups into agreement. A label
versioning view is a view with explanations to show how
and why a label may have changed over time, displayed with
the data that prompted the change.

Exemplars for incorrect labels are employed in some
instances. For labels that an annotator is having difficulty
becoming consistent with, provide a set of examples col-
lected from the annotator’s history, or the group’s history,
which have high agreement for that label.

In a retest and evaluate approach, take a subsample of
high-agreement, labeled data that an annotator is having
difficulty with. With this data, give the annotator a short
(possibly in the form of a game-like interaction—see dis-
cussion of “gamification” below) mini-quiz with instant
feedback to quickly expose the annotator to where he or she
is in disagreement.
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Label curation can be initiated by the annotator or auto-
matically detected when a label is consistently different than
the rest of the group’s consensus, providing a within-tool
mechanism to facilitate discussion about the meaning of the
label, codifying it and storing it for easy reference later.

In a “gamification” aspect (e.g., give virtual scores,
points, rewards, medals, compete with other labelers or
groups of labelers, etc.), simply display the annotator’s
reliability during the course of a task to urge him or her into
consistency. In data ordering, like the proactive approach, it
is possible to order data to help get the annotator back on
track. For example, if someone is struggling, it may be
appropriate to give the person several easy examples to get
the person back on track (say, by helping the person recall
why he or she was previously labeling in a certain manner).

It is believed that a comparison of reactive interventions
to existing work will be helpful in aiding the skilled artisan
to appreciate aspects of the invention. None of the known
qualitative coding tools interrupt annotations; all changes to
existing labels occur after the labels have been analyzed.
None of the known crowd sourcing tools provides support to
interrupt annotators or reveal information about how the
annotator is doing relative to himself or herself or others.
Reactive interventions for labeling are not believed to be
known in the prior art.

It is worth reiterating that one or more embodiments
provide support for the annotator during labeling in a
proactive and reactive way such that the annotator can
complete labeling tasks efficiently and consistently, as
opposed to existing tools which tend to focus on the analysis
of the labels after the labeling task is complete, supporting
the owner of the labeling task instead of the annotators.

In another aspect, human-annotated metrics can be
employed in one or more embodiments. For example, for
conversational data, a company may want to know what
categories of questions are problematic for its classifier. One
approach is to use this framework and multiple annotators to
assign topics (labels) for each conversation. A potential
benefit over an ad-hoc approach is that any analysis of those
topics is more meaningful because there is data showing that
there is a consensus among those annotators doing the
labeling tasks.

Similarly, if there are other human-annotated metrics
developed for identifying problems in a conversation, which
are also shown to improve the customers’ experience in
using the conversational system, then this framework can be
used to provide additional soundness to any analysis per-
formed on these metrics.

FIG. 8 presents a flow chart describing how data that is
previously defined as proactive strategy data, such as label
definitions, non-historical examples, and wizards, may be
implemented. Depending on the strategies used, proactive
strategy data may include things such as the definitions of
each category being labeled, examples of how to correctly or
incorrectly label per category, and/or predefined flow charts
for wizards. In step 802, the user 202-1, 202-3, 202-N
requests data to label 205 from the system 203, uses a
suitable annotation system interface 299. In step 804, the
system 203 requests data to label from the data store 205. In
step 806, using block 211, the system 203 retrieves a
proactive strategy for the user based on the user’s history.
Further regarding block 211, one non-limiting example of a
proactive strategy includes use of definitions and/or
examples. Definitions and/or examples can be stored, for
example in a configuration file or database that stores the
definitions and/or examples for a given category (designated
generally as storage 297). Thus, in a non-limiting example,
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proactive strategies can be implemented using a database,
such as a relational database. For a given proactive affor-
dance, query based on the label it is desired to extract from
the user—this is the input to block 211 (the user’s past
history can also be an input, if the particular affordance
requires it—this could be retrieved, for example, from label
storage 207). One or more embodiments also utilize suitable
logic in block 211 to determine which proactive strategies to
employ.

In step 808, the system 203 requests relevant data for the
proactive strategy from the label storage 207 and/or storage
297. In step 810, the system 203 sends the collected data
back to the annotation system interface 299. In step 812, the
interface processes the proactive strategy data and presents
it to the user. In step 814, the interface processes the data to
label 205 and presents it to the user. In step 816, the user
enters the labels. Logical flow then returns to step 802. In
FIG. 8, steps 802, 804, 810, 814, and 816 are conventional
(see following sentences however) and can be implemented
using a known basic labeling tool flow. Steps 806, 808, and
812 represent proactive strategies in accordance with one or
more embodiments, as described herein. Note, however, that
steps 814 and 816 use the unconventional input provided by
steps 806, 808, and 812 and in that sense are not entirely
conventional.

FIG. 9A presents a flow chart describing how data that
requires some additional processing, such as historical
examples, filtered examples, intelligent examples, and the
like, may be implemented. This approach also covers data
ordering strategies. As before, depending on the strategies
used, proactive strategy data may include things such as the
annotators’ histories, what filters to apply, and/or which
intelligent agents to use. In step 902, the user 202-1, 202-3,
202-N requests data to label 205 from the system 203, using
a suitable user interface 299. In step 904, the system 203
requests data to label from the data store 205. In step 906,
using block 211, the system 203 retrieves a proactive strat-
egy for the user based on the user’s history (e.g. from 297).
In step 908, the system 203 requests relevant data for the
proactive strategy from the data store 205 and/or 297. In step
910, a suitable subsystem (211 with data store 297 and
optionally label storage 207 (where history is pertinent)
and/or the labeled data of other annotators) processes the
collected data and modifies it for presentation. In step 912,
the system 203 sends the collected data back to the interface
299. In step 914, the interface processes the proactive
strategy data and presents it to the user. In step 916, the
interface processes the data to label 205 and presents it to the
user. In step 918, the user enters the labels. Logical flow then
returns to step 902. In FIG. 9A, steps 902, 904, 912, 916, and
918 are conventional (see following sentences however) and
can be implemented using a known basic labeling tool flow.
Steps 906, 908, 910, and 914 represent proactive strategies
in accordance with one or more embodiments, as described
herein. Note, however, that steps 912, 916, and 918 use the
unconventional input provided by steps 906, 908, 910, and
914 and in that sense are not entirely conventional.

FIG. 9A is a generalized flow chart; FIG. 9B is particu-
larized for aspects of definitions as affordances. Steps 902,
904, 916 and 918 are analogous to FIG. 9A. Step 906 is not
present. In step 908B, the system 203 queries the proactive
data store 297 for each category’s definitions and receives
definitions data. In step 910B, a suitable subsystem (211
with data store 297 and optionally label storage 207 (where
history is pertinent) and/or the labeled data of other anno-
tators) processes the collected definitions data and modifies
it for presentation. In step 912B, the system 203 sends the
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collected definitions back to the interface 299. In step 914B,
the interface processes the definitions, adds them to the
interface, and presents them. A sample query, in pseudo
code, could be: 908B: SELECT ALL definition FROM
proactive_store.definitions WHERE category IN (categoryl,
category2, . . . ).

FIG. 9C is particularized for aspects of examples as
affordances. Steps 902, 904, 916 and 918 are analogous to
FIG. 9A. In a first option (“Option a”), as per step 906C-1,
the system retrieves highly agreed upon labeled data from
the user(s) history and to use as example data, while in a
second option (“Option b”), as per step 906C-2, the system
queries the proactive data store for each category’s stored
examples and receives example data. In each case, logical
control next passes to step 910C, wherein the subsystem
processes collected examples data and modifies it for pre-
sentation. In step 912C, the system sends collected example
data back to the interface. In step 914C, the interface
processes examples, adds them to the interface and presents
them. Note that for intelligent examples, both Option a and
b occur and the data is combined in 910C. A sample query
in pseudo code could be, for example:

906C-1: SELECT ALL text FROM system_store.labels

WHERE conversation_id=<id to label> AND
agreement><agreement threshold>

906C-2: SELECT ALL example FROM proactive_store-

.examples WHERE category IN (category1, category2,

FIG. 9D is particularized for aspects of wizards as affor-
dances. Steps 902, 904, 916 and 918 are analogous to FIG.
9A. Step 906 is not present. In step 908D, the system queries
the proactive data store for each category’s wizards and
receives wizards data. In step 910D, the subsystem pro-
cesses collected wizards data and modifies it. In step 912D,
the system sends collected wizards back to the interface. In
step 914D, the interface processes wizards, adds them to the
interface and presents them. A sample query in pseudo code
could be, for example: 908D: SELECT ALL wizard_data
FROM proactive_store.wizards WHERE category IN (cat-
egoryl, category2, . . . ).

FIG. 10A presents a flow chart describing how interven-
tions may be implemented. In one or more embodiments,
while the types of interventions may differ, similar tech-
niques can be used for determining when to intervene. In
step 1002, the user 702-1, 702-3, 702-N requests data to
label 705 from the system 703, using a suitable annotation
system interface 799. In step 1004, a suitable subsystem 709
measures agreement or consistency within/between annota-
tor(s). If this measure is acceptable, system operation con-
tinues normally, in step 1006. Please note that step 1004 is,
in essence, a decision block, but is depicted as a process
rectangle for illustrative convenience. On the other hand, if
the consistency measure is not acceptable, logical flow
proceeds to step 1008, wherein intervention subsystem 713
intervenes in the normal labeling task. In step 1010, the
subsystem 713 requests appropriate data for the interven-
tion. In step 1014, the subsystem 713 sends the collected
data back to the interface. In step 1016, the interface
processes the intervention data and presents it to the user. In
step 1018, the user engages with the intervention subsystem
713 until the intervention is completed. In step 1020, sub-
system 713 optionally stores new data into a suitable data
store such as, for example, data storage 707 (for example
where one or more interventions collected new labels). In
another aspect, the end user can be solicited for the reasons
as to why he or she labeled things the way he or she did—for
example, store in storage 795 within the reactive interven-
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tions block 713. Logical flow then proceeds to step 1006
wherein the system operates normally.

FIG. 10A is a generalized flow chart, while FIG. 10B is
particularized for aspects of exemplars as intervention. Steps
1002, 1004, 1006, 1008 and 1014 are analogous to FIG.
10A. In step 1010B, the subsystem 713 requests a user’s
inconsistently labeled data from the system’s data store 705.
In step 1012B, the subsystem requests other user’s high-
agreement exemplars from system data store 705. In step
1016B, the interface processes the data and presents other
user’s labels alongside any label that disagrees with the
group’s consensus. In step 1018B, the user engages with the
intervention until he or she demonstrates consistency as
measured by 709. In step 1020B, the subsystem logs inter-
vention results into the reactive data store.

FIG. 10C is particularized for aspects of curation as
intervention. Steps 1002, 1004, 1006, 1008 and 1014 are
analogous to FIG. 10A. In step 1010C, the subsystem 713
requests data with low levels of consistency from the
system. In step 1016C, the interface presents the inconsis-
tently labeled data and prompts users for explanations. In
step 1018C, the user provides explanations to the interface.
In step 1020C, the subsystem stores explanations to the
reactive data store 795 for future presentation.

FIG. 10D is particularized for aspects of a difference view
as intervention. Steps 1002, 1004, 1006, 1008 and 1014 are
analogous to FIG. 10A. In step 1010C, the subsystem 713
requests disagreed-upon labels from the system data store.
In step 1016C, the interface presents the difference view
showing the users how others labeled the data. In step
1018C, the user interacts with interface to view the differ-
ence and optionally comment on them. In step 1020C, the
subsystem stores comments into reactive data store for
future presentation.

One or more embodiments advantageously provide label-
ers with automated proactive interventions when consis-
tency drifts. One or more embodiments facilitate human
annotations of a corpus. One or more embodiments provide
an interactive guide embodied in a labeling tool with pro-
active and re-active interventions to guide the labeler.

As will be appreciated by the skilled artisan based on the
disclosure herein, one or more embodiments advantageously
do not need to rely on an expert’s ground truth. One or more
embodiments facilitate labelers in finding consistency
within themselves and/or within a group without the need
for expert input. One or more embodiments shape behavior
to increase consistency between and/or within labelers.
Recapitulation

Given the discussion thus far, and referring generally to
FIG. 10, it will be appreciated that, in general terms, an
exemplary method for improving the performance of a
computer implementing a machine learning system, accord-
ing to an aspect of the invention, includes providing, via a
graphical user interface 799, to an annotator 702, unlabeled
corpus data to be labeled 705. The method further includes
obtaining, via the graphical user interface 799, labels for the
unlabeled corpus data to be labeled. A further step includes
detecting, with a consistency calculation routine 709, con-
current with the labeling (e.g., while the annotator is carry-
ing out the labeling), at least one of internal inconsistency in
the labeling and external inconsistency in the labeling. The
latter can be detected, e.g., as described with regard to FIGS.
5 and 12, while the former was discussed with regard to FIG.
6. In one or more embodiments, responsive to the detection
of the at least one of internal inconsistency and external
inconsistency, intervene in the labeling with a reactive
intervention subsystem 713 until the at least one of internal
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inconsistency in the labeling and external inconsistency in
the labeling is addressed. Complete the labeling subsequent
to the intervening; carry out training of the machine learning
system to provide a trained machine learning system, based
on results of the completing of the labeling subsequent to the
intervening; and carry out classification of new data with the
trained supervised machine learning system.

The skilled artisan is familiar with test and training
corpora for machine learning systems and given the teach-
ings herein, can improve the functioning of a computer
implementing a machine learning system by training it with
more accurately labeled data. For example, one or more
embodiments facilitate machine learning including training
and test corpuses. A human annotator labels a portion of the
data in an initial corpus using one or more techniques of the
invention to create a training corpus and this is fed into a
machine learning process to train it. A portion of the initial
corpus can be withheld to use as a test corpus to determine
how well the machine learning process is functioning after
the training on the training corpus.

In another aspect, a method omits the last two steps
(training and classifying) which are carried out by another
operator and/or system on the labeled data.

One or more embodiments thus solve a problem unique to
computers and/or improve the functioning of a computer for
actual annotation processes and subsequent use of annotated
corpora. One or more embodiments are superior to majority
voting schemes and reduce or eliminate propagation of data
consistency errors.

Embodiments are not limited to machine learning; for
example, enhanced labeling for Qualitative Data Analysis
(QDA) can also be carried out. A non-limiting example of a
machine learning system is a supervised machine learning
classifier. Embodiments could also be used, for example, to
assist in the grading of essay questions.

In some cases, the inconsistency includes at least external
inconsistency; and the intervening includes providing a
difference view via the graphical user interface. The differ-
ence view reveals labeling disagreements between the anno-
tator and at least one additional annotator. See discussion of
FIG. 10D.

In some cases, the intervening includes providing a label
versioning view via the graphical user interface. The label
versioning view explains how and why a label has changed
over time, displayed with data that prompted the change.

In some cases, the intervening includes providing exem-
plars for at least one incorrect label via the graphical user
interface. The exemplars include historical examples that
have high agreement for the at least one incorrect label. See
FIG. 10B.

In some cases, the intervening includes retest and evalu-
ation. The retest and evaluation includes administering to the
annotator, via the graphical user interface, a quiz with instant
feedback, based on high-agreement labeled data (i.e., data
that most annotators can likely successfully label correctly
but that this person is not dealing with successfully) which
is causing difficulty for the annotator.

In one or more embodiments, the inconsistency includes
at least the external inconsistency; and the intervening
includes label curation via the graphical user interface, to
facilitate discussion about meaning of a given label with at
least one additional annotator. See FIG. 10C.

In one or more embodiments, the inconsistency includes
at least the external inconsistency; and the intervening
includes re-ordering the unlabeled corpus data to be labeled
by at least one of difficulty and group agreement.
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In one or more embodiments, the inconsistency includes
at least the external inconsistency; and the detecting of the
internal consistency includes periodically retesting the anno-
tator on a portion of previously-labeled data using at least
one predefined selection criterion as discussed herein.

In some cases, the inconsistency includes at least the
external inconsistency; and the detecting of the external
consistency includes measuring inter-annotator consistency
in real time. Refer, e.g., to FIGS. 5 and 12.

Some embodiments carry out both reactive interventions
and proactive affordances; thus, in some cases, the method
further includes embedding at least one affordance in the
graphical user interface to aid the annotator in labeling the
unlabeled corpus data to be labeled.

Furthermore, given the discussion thus far, and referring
generally to FIG. 9, it will be appreciated that, in general
terms, another exemplary method for improving the perfor-
mance of a computer implementing a machine learning
system, according to another aspect of the invention,
includes providing, via a graphical user interface 299, to an
annotator 202, unlabeled corpus data 205 to be labeled. A
further step includes embedding at least one affordance in
the graphical user interface to aid the annotator in labeling
the unlabeled corpus data to be labeled. For example, see
affordances in FIGS. 3 and 4 as well as storage 297. A further
step includes obtaining, via the graphical user interface,
labels for the unlabeled corpus data to be labeled. The labels
are provided while the annotator is aided by the at least one
affordance. A still further step includes carrying out training
of the machine learning system to provide a trained machine
learning system based on the labels provided while the
annotator is aided by the at least one affordance. An even
further step includes carrying out classifying new data with
the trained machine learning system.

In some cases, in the embedding step, the at least one
affordance includes a definition 412, 414, 416 and example
418, 420, 422 for each label. See FIGS. 9B and 9C.

In some cases, in the embedding step, the at least one
affordance includes a wizard routine 485 which queries the
annotator with a series of questions, via the graphical user
interface, to assist the annotator in label selection. See FIG.
9D.

In some cases, in the embedding step, the at least one
affordance includes a re-ordering of the unlabeled corpus
data to be labeled by at least one of difficulty and group
agreement.

In some cases, in the embedding step, the at least one
affordance includes providing data related to how at least
one additional annotator has carried out labeling.

In another aspect, a method omits the last two steps
(training and classifying) which are carried out by another
operator and/or system on the labeled data.

Exemplary System and Article of Manufacture Details

As will be appreciated by one skilled in the art, aspects of
the present invention may be embodied as a system, method
or computer program product. Accordingly, aspects of the
present invention may take the form of an entirely hardware
embodiment, an entirely software embodiment (including
firmware, resident software, micro-code, etc.) or an embodi-
ment combining software and hardware aspects that may all
generally be referred to herein as a “circuit,” “module” or
“system.” Furthermore, aspects of the present invention may
take the form of a computer program product embodied in
one or more computer readable medium(s) having computer
readable program code embodied thereon.

One or more embodiments of the invention, or elements
thereof, can be implemented in the form of an apparatus
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including a memory and at least one processor that is
coupled to the memory and operative to perform exemplary
method steps.

One or more embodiments can make use of software
running on a general purpose computer or workstation. With
reference to FIG. 11, such an implementation might employ,
for example, a processor 1102, a memory 1104, and an
input/output interface formed, for example, by a display
1106 and a keyboard 1108. The term “processor” as used
herein is intended to include any processing device, such as,
for example, one that includes a CPU (central processing
unit) and/or other forms of processing circuitry. Further, the
term “processor” may refer to more than one individual
processor. The term “memory” is intended to include
memory associated with a processor or CPU, such as, for
example, RAM (random access memory), ROM (read only
memory), a fixed memory device (for example, hard drive),
a removable memory device (for example, diskette), a flash
memory and the like. In addition, the phrase “input/output
interface” as used herein, is intended to include, for
example, one or more mechanisms for inputting data to the
processing unit (for example, mouse), and one or more
mechanisms for providing results associated with the pro-
cessing unit (for example, printer). The processor 1102,
memory 1104, and input/output interface such as display
1106 and keyboard 1108 can be interconnected, for example,
via bus 1110 as part of a data processing unit 1112. Suitable
interconnections, for example via bus 1110, can also be
provided to a network interface 1114, such as a network
card, which can be provided to interface with a computer
network, and to a media interface 1116, such as a diskette or
CD-ROM drive, which can be provided to interface with
media 1118.

Accordingly, computer software including instructions or
code for performing the methodologies of the invention, as
described herein, may be stored in one or more of the
associated memory devices (for example, ROM, fixed or
removable memory) and, when ready to be utilized, loaded
in part or in whole (for example, into RAM) and imple-
mented by a CPU. Such software could include, but is not
limited to, firmware, resident software, microcode, and the
like.

A data processing system suitable for storing and/or
executing program code will include at least one processor
1102 coupled directly or indirectly to memory elements
1104 through a system bus 1110. The memory elements can
include local memory employed during actual implementa-
tion of the program code, bulk storage, and cache memories
which provide temporary storage of at least some program
code in order to reduce the number of times code must be
retrieved from bulk storage during implementation.

Input/output or I/O devices (including but not limited to
keyboards 1108, displays 1106, pointing devices, and the
like) can be coupled to the system either directly (such as via
bus 1110) or through intervening I/O controllers (omitted for
clarity).

Network adapters such as network interface 1114 may
also be coupled to the system to enable the data processing
system to become coupled to other data processing systems
or remote printers or storage devices through intervening
private or public networks. Modems, cable modem and
Ethernet cards are just a few of the currently available types
of network adapters.

As used herein, including the claims, a “server” includes
a physical data processing system (for example, system 1112
as shown in FIG. 11) running a server program. It will be
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understood that such a physical server may or may not
include a display and keyboard.

As noted, aspects of the present invention may take the
form of a computer program product embodied in one or
more computer readable medium(s) having computer read-
able program code embodied thereon. Any combination of
one or more computer readable medium(s) may be utilized.
The computer readable medium may be a computer readable
signal medium or a computer readable storage medium. A
computer readable storage medium may be, for example, but
not limited to, an electronic, magnetic, optical, electromag-
netic, infrared, or semiconductor system, apparatus, or
device, or any suitable combination of the foregoing. Media
block 1118 is a non-limiting example. More specific
examples (a non-exhaustive list) of the computer readable
storage medium would include the following: an electrical
connection having one or more wires, a portable computer
diskette, a hard disk, a random access memory (RAM), a
read-only memory (ROM), an erasable programmable read-
only memory (EPROM or Flash memory), an optical fiber,
a portable compact disc read-only memory (CD-ROM), an
optical storage device, a magnetic storage device, or any
suitable combination of the foregoing. In the context of this
document, a computer readable storage medium may be any
tangible medium that can contain, or store a program for use
by or in connection with an instruction execution system,
apparatus, or device.

A computer readable signal medium may include a propa-
gated data signal with computer readable program code
embodied therein, for example, in baseband or as part of a
carrier wave. Such a propagated signal may take any of a
variety of forms, including, but not limited to, electro-
magnetic, optical, or any suitable combination thereof. A
computer readable signal medium may be any computer
readable medium that is not a computer readable storage
medium and that can communicate, propagate, or transport
a program for use by or in connection with an instruction
execution system, apparatus, or device.

Program code embodied on a computer readable medium
may be transmitted using any appropriate medium, includ-
ing but not limited to wireless, wireline, optical fiber cable,
RF, etc., or any suitable combination of the foregoing.

Computer program code for carrying out operations for
aspects of the present invention may be written in any
combination of one or more programming languages,
including an object oriented programming language such as
Java, Smalltalk, C++ or the like and conventional procedural
programming languages, such as the “C” programming
language or similar programming languages. The program
code may execute entirely on the user’s computer, partly on
the user’s computer, as a stand-alone software package,
partly on the user’s computer and partly on a remote
computer or entirely on the remote computer or server. In the
latter scenario, the remote computer may be connected to the
user’s computer through any type of network, including a
local area network (LAN) or a wide area network (WAN), or
the connection may be made to an external computer (for
example, through the Internet using an Internet Service
Provider).

Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems) and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be imple-
mented by computer program instructions. These computer
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program instructions may be provided to a processor of a
general purpose computer, special purpose computer, or
other programmable data processing apparatus to produce a
machine, such that the instructions, which execute via the
processor of the computer or other programmable data
processing apparatus, create means for implementing the
functions/acts specified in the flowchart and/or block dia-
gram block or blocks.

These computer program instructions may also be stored
in a computer readable medium that can direct a computer,
other programmable data processing apparatus, or other
devices to function in a particular manner, such that the
instructions stored in the computer readable medium pro-
duce an article of manufacture including instructions which
implement the function/act specified in the flowchart and/or
block diagram block or blocks.

The computer program instructions may also be loaded
onto a computer, other programmable data processing appa-
ratus, or other devices to cause a series of operational steps
to be performed on the computer, other programmable
apparatus or other devices to produce a computer imple-
mented process such that the instructions which execute on
the computer or other programmable apparatus provide
processes for implementing the functions/acts specified in
the flowchart and/or block diagram block or blocks.

The flowchart and block diagrams in the Figures illustrate
the architecture, functionality, and operation of possible
implementations of systems, methods and computer pro-
gram products according to various embodiments of the
present invention. In this regard, each block in the flowchart
or block diagrams may represent a module, segment, or
portion of code, which comprises one or more executable
instructions for implementing the specified logical function
(s). It should also be noted that, in some alternative imple-
mentations, the functions noted in the block may occur out
of the order noted in the figures. For example, two blocks
shown in succession may, in fact, be executed substantially
concurrently, or the blocks may sometimes be executed in
the reverse order, depending upon the {functionality
involved. It will also be noted that each block of the block
diagrams and/or flowchart illustration, and combinations of
blocks in the block diagrams and/or flowchart illustration,
can be implemented by special purpose hardware-based
systems that perform the specified functions or acts, or
combinations of special purpose hardware and computer
instructions.

It should be noted that any of the methods described
herein can include an additional step of providing a system
comprising distinct software modules embodied on a com-
puter readable storage medium; the modules can include, for
example, any or all of the elements depicted in the block
diagrams and/or described herein; by way of example and
not limitation, modules and/or sub-modules to implement
the annotation system interface 299, 799; the annotation
system 203, 703; the proactive strategy subsystem 211, 711,
and/or the reactive intervention subsystem 213, 713. The
method steps can then be carried out using the distinct
software modules and/or sub-modules of the system, as
described above, executing on one or more hardware pro-
cessors 1102. The modules and/or submodules implement
the logic described herein. Further, a computer program
product can include a computer-readable storage medium
with code adapted to be implemented to carry out one or
more method steps described herein, including the provision
of the system with the distinct software modules.

In any case, it should be understood that the components
illustrated herein may be implemented in various forms of
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hardware, software, or combinations thereof; for example,
application specific integrated circuit(s) (ASICS), functional
circuitry, one or more appropriately programmed general
purpose digital computers with associated memory, and the
like. Given the teachings of the invention provided herein,
one of ordinary skill in the related art will be able to
contemplate other implementations of the components of the
invention.

The terminology used herein is for the purpose of describ-
ing particular embodiments only and is not intended to be
limiting of the invention. As used herein, the singular forms
“a”, “an” and “the” are intended to include the plural forms
as well, unless the context clearly indicates otherwise. It will
be further understood that the terms “comprises” and/or
“comprising,” when used in this specification, specify the
presence of stated features, integers, steps, operations, ele-
ments, and/or components, but do not preclude the presence
or addition of one or more other features, integers, steps,
operations, elements, components, and/or groups thereof.

The corresponding structures, materials, acts, and equiva-
lents of all means or step plus function elements in the
claims below are intended to include any structure, material,
or act for performing the function in combination with other
claimed elements as specifically claimed. The description of
the present invention has been presented for purposes of
illustration and description, but is not intended to be exhaus-
tive or limited to the invention in the form disclosed. Many
modifications and variations will be apparent to those of
ordinary skill in the art without departing from the scope and
spirit of the invention. The embodiment was chosen and
described in order to best explain the principles of the
invention and the practical application, and to enable others
of ordinary skill in the art to understand the invention for
various embodiments with various modifications as are
suited to the particular use contemplated.

What is claimed is:

1. A method for improving performance of a computer
implementing a machine learning system, said method com-
prising:

providing, via a graphical user interface, to an annotator,

unlabeled corpus data;

obtaining, via said graphical user interface, labels for said

unlabeled corpus data;

detecting, with a consistency calculation routine, concur-

rent with said obtaining of said labels, at least internal
inconsistency in said labels based on a comparison of
an inconsistency measurement in relation to a given
threshold, said detecting including periodically retest-
ing said annotator on a portion of data previously-
labeled by said annotator, the periodic retesting com-
prising re-presenting in unlabeled form via said
graphical user interface said portion of data that was
previously-labeled by said annotator and, in response,
receiving a new label from the annotator, the inconsis-
tency measurement being based on a determination of
whether said new label is consistent with an initial label
provided previously by the annotator to respond to an
initial presentation of said portion of data;

responsive to said detection of said internal inconsistency,

intervening in said obtaining of said labels, concurrent
with said obtaining with said labels, with a reactive
intervention subsystem until said internal inconsistency
in said labels is addressed;

completing said obtaining of said labels subsequent to

said intervening;

carrying out training of said machine learning system to

provide a trained machine learning system, based on
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results of said completing of said obtaining of said
labels subsequent to said intervening; and

carrying out classifying new data with said trained

machine learning system.

2. The method of claim 1, further comprising detecting
external inconsistency, wherein said intervening further
comprises providing a difference view via said graphical
user interface, said difference view revealing labeling dis-
agreements between said annotator and at least one addi-
tional annotator.

3. The method of claim 1, wherein:

said intervening comprises providing a label versioning

view via said graphical user interface, said label ver-
sioning view explaining how and why a label has
changed over time, displayed with data that prompted
the change.

4. The method of claim 1, wherein:

said intervening comprises providing exemplars for at

least one incorrect label via said graphical user inter-
face, said exemplars comprising historical examples
that have agreement corresponding to said at least one
incorrect label.

5. The method of claim 1, wherein:

said intervening comprises retest and evaluation, said

retest and evaluation comprising administering to said
annotator, via said graphical user interface, a quiz with
instant feedback, based on agreement labeled data.

6. The method of claim 1, further comprising detecting
external inconsistency, wherein said intervening comprises
label curation via said graphical user interface, to facilitate
discussion about meaning of a given label with at least one
additional annotator.

7. The method of claim 1, further comprising detecting
external inconsistency, wherein said intervening comprises
re-ordering, using a confidence statistic, said unlabeled
corpus data.

8. The method of claim 1, further comprising detecting
external inconsistency, wherein said detecting of said exter-
nal consistency comprises measuring inter-annotator consis-
tency in real time.

9. The method of claim 1,

further comprising:

constructing a specific wizard routine by:

querying a proactive data store containing a plurality of

wizards to retrieve a subset of the wizards associated
with a plurality of categories with which the unlabeled
corpus data is to be labeled; and

collecting the plurality of retrieved wizards into the

specific wizard routine;

embedding at least one affordance in said graphical user

interface, the at least one affordance comprising the
specific wizard routine, the specific wizard routine
being configured to query said annotator with a series
of questions, via said graphical user interface, simul-
taneously with a display of an input control element for
receiving a first label of the labels; and

running the specific wizard routine to query the annotator

with the series of questions, via said graphical user
interface, simultaneously with the display of the input
control element for receiving the first label of the
labels.

10. A computer implementing a machine learning system,
said computer comprising:

a memory;
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and at least one processor, coupled to said memory, and
operative to:

provide, via a graphical user interface, to an annotator,
unlabeled corpus data to be labeled;

obtain, via said graphical user interface, labels for said
unlabeled corpus data to be labeled;

detect, with a consistency calculation routine, concurrent
with said obtaining of said labels, at least internal
inconsistency in said labels based on a comparison of
an inconsistency measurement in relation to a given
threshold, said detecting including periodically retest-
ing said annotator on a portion of data previously-
labeled by said annotator, the periodic retesting com-
prising re-presenting in unlabeled form via said
graphical user interface said portion of data that was
previously-labeled by said annotator and, in response,
receiving a new label from the annotator, the inconsis-
tency measurement being based on a determination of
whether said new label is consistent with an initial label
provided previously by the annotator to respond to an
initial presentation of said portion of data;

responsive to said detection of said internal inconsistency,
intervene in said obtaining of said labels, concurrent
with said obtaining of said labels, with a reactive
intervention subsystem until said internal inconsistency
in said labels is addressed;

complete said obtaining of said labels subsequent to said
intervening;

carry out training of said machine learning system to
provide a trained machine learning system, based on
results of said completing of said obtaining of said
labels subsequent to said intervening; and

carry out classifying new data with said trained machine
learning system.

11. The system of claim 10, wherein:

said intervening comprises providing exemplars for at
least one incorrect label via said graphical user inter-
face, said exemplars comprising historical examples
that have agreement corresponding to said at least one
incorrect label.

12. The system of claim 10, further comprising detecting

external inconsistency, wherein said detecting of said exter-
nal consistency comprises measuring inter-annotator consis-
tency in real time.

13. The system of claim 10, wherein said at least one

processor is further operative to:

construct a specific wizard routine by:
querying a proactive data store containing a plurality of
wizards to retrieve a subset of the wizards associated
with a plurality of categories with which the unla-
beled corpus data is to be labeled; and
collecting the plurality of retrieved wizards into the
specific wizard routine; and
embed at least one affordance in said graphical user
interface, the at least one affordance comprising the
specific wizard routine, the specific wizard routine
being configured to query said annotator with a series
of questions, via said graphical user interface, simul-
taneously with a display of an input control element for
receiving a first label of the labels; and
run the specific wizard routine to query the annotator with
the series of questions, via said graphical user interface,
simultaneously with the display of the input control
element for receiving the first label of the labels.
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