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INTERACTIVE VISUALIZATION FOR
GENERATING ENSEMBLE CLASSIFIERS

BACKGROUND

[0001] Machine learning (ML) techniques utilize compu-
tational and statistical methods to automatically extract infor-
mation from data. These techniques allow computers to
“learn.” Recently, human-computer interaction (HCI)
researchers have taken increasing interest in building classi-
fiers using machine learning for their applied value. For
example, using applied machine learning techniques, HCl
researchers can disambiguate and interpret noisy streams of
data and develop novel input modalities. In addition, these
researchers can analyze complex patterns in data to perform
predictions or diagnoses, or infer user intent to optimally
adapt interfaces to assist users.

[0002] As machine learning becomes more widely used for
its applied value, both within the HCl community and
beyond, a critical challenge is to provide adequate tools to
allow non-experts to effectively utilize ML techniques.
Researchers who are non-experts in machine learning tech-
niques frequently use these in multiple-class (or multi-class)
classification problems. For such problems, the goal is to
develop an algorithm (such as a “classifier” or a “model”) that
will assign input data to one of a discrete number of classes.
While standard classification considers problems where there
are two possible classes, multi-class classification permits
any number of classes. One example of a multi-class classi-
fication problem is classifying handwritten characters as one
of the 26 letters of the alphabet. In general, the multi-class
classification problem is considered a much more challenging
problem in machine learning than the binary classification
problem.

[0003] At present, a common applied machine learning
workflow is to iteratively develop classifiers by refining low-
level choices such as feature selection, algorithm selection,
and parameter tuning. This is usually performed using
manual trial and error in an approach that represents hill-
climbing through the model space. Models are compared
using accuracy or other coarse summaries. However, these
simple summaries provide little direction on how to improve
the classifier. This problem is exacerbated in multi-class clas-
sification problems where single value summaries, such as
accuracy, can be quite misleading.

[0004] To address this issue, previous research has focused
on developing tools for better explaining a single classifier’s
behavior (or misbehavior). However, this workflow is often
sub-optimal. In particular, this workflow obscures the benefi-
cial dependencies and complementarities that exist between
classifiers and discards the context of the space of possible
models. Moreover, it often leads to poor local maxima, and
the large work in generating the series of models is often
wasted as there are no means to compare and evaluate the
trajectory of models being learned.

[0005] Previous work has noted the importance of human
involvement to provide training data and has proposed an
interactive machine learning model that allows users to train,
classify, and correct classifications in a continuously iterative
loop. In a recent study, the current use of machine learning by
non-expert researchers was evaluated and three difficulties
were identified: (1) applying an iterative exploration process;
(2) understanding the machine learning models; and (3)
evaluating performance. The conclusion of the study was to
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create a library of models known to work well for a variety of
common problems. Such a library could be the source of an
initial set of models.

[0006] Researchers also have looked into the general prob-
lem of combining decisions from multiple classifiers. Simple
rules such as majority vote, sum, product, maximum and
minimum of the classifier outputs are popular and often pro-
duce results better than individual classification system. One
problem, however, with these fixed rules is that it is difficult to
predict which rule will perform best. At the other end of the
spectrum are critic-driven approaches, such as layered hidden
Markov models (HMMs), where the goal is to “learn” a good
combination scheme using a hierarchy of classifiers. One
disadvantage with these critic-driven approaches is that they
require a large amount of labeled training data, which often is
prohibitive for HC1 work.

[0007] In order to aid machine learning development,
researchers have explored various ways to visualize specific
machine learning algorithms, including naive-Bayes, deci-
sion trees, support vector machines (SVMs), and HMMs. One
study has shown that such tools can produce better classifiers
than automatic techniques. However, since these visualiza-
tions and interaction techniques are tied to specific algo-
rithms, they do not support comparisons across algorithm
types.

[0008] More general visualization techniques that apply
across algorithm types include receiver operating character-
istic (ROC) and Cost curves, which support evaluation of
model performance as a function of misclassification costs.
These visualization techniques are commonly used in the
machine learning community. For practical purposes, how-
ever, they are restricted to binary classification tasks and they
do not directly support iterative improvement of a classifier.
[0009] One popular visualization technique in machine
learning is to plot the data instances in some projection of
feature space and visualize model prediction boundaries. This
approach generalizes across algorithms at the expense of not
showing the internal operation of the particular algorithm.
One approach uses visualizations of summary statistics
derived from a large set of decision trees generated by boost-
ing. Another approach visually compares a small set of deci-
sion trees produced by boosting.

[0010] It has been shown that matrix visualization can be
used to exhibit high-level structures by reordering the rows
and columns of the matrix. Many researchers have attempted
to exploit the benefits of matrix reordering. For example, one
approach provides an overview using a permutation matrix to
enable users to easily identify relationships among sets with a
large number of elements. Another approach uses reordered
matrix-based representation in addition to node-link dia-
grams to support social network analysis. Yet another
approach uses a shaded similarity matrix with reordering to
visualize clusters in classification. However, these
approaches are designed for visualizing only the similarity of
data instances.

SUMMARY

[0011] This Summary is provided to introduce a selection
of concepts in a simplified form that are further described
below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the
claimed subject matter, nor is it intended to be used to limit
the scope of the claimed subject matter.
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[0012] Embodiments of the real-time visual feedback
ensemble classifier generator and method include interac-
tively generating an optimal ensemble classifier using a user
interface. A weight adjustment operation and a partitioning
operation are used in the interactive generation process. The
user interface provides visual feedback to a user so that the
user can see in real time how the weight adjustment and
partitioning operation affect the overall accuracy of the
ensemble classifier.

[0013] The ensemble classifier is a weighted combination
of a plurality of previously-trained component classifiers. A
training data set that includes multiple classes is used to train
the ensemble classifier. Embodiments of the real-time visual
feedback ensemble classifier generator and method make use
of graphical view of confusion matrices for each component
classifier and a confusion matrix for the ensemble classifier.
The general idea is for the user to use the weight adjustment
operation and the partitioning operation to place data
instances on a diagonal of the ensemble classifier confusion
matrix. This type of visualization helps a user understand the
relative merits of various component classifiers. In other
words, the user is able to directly interact with the visualiza-
tions in order to explore and build combination models with
the purpose of generating an optimal ensemble classifier.
[0014] It should be noted that alternative embodiments are
possible, and that steps and elements discussed herein may be
changed, added, or eliminated, depending on the particular
embodiment. These alternative embodiments include alterna-
tive steps and alternative elements that may be used, and
structural changes that may be made, without departing from
the scope of the invention.

DRAWINGS DESCRIPTION

[0015] Referring now to the drawings in which like refer-
ence numbers represent corresponding parts throughout:
[0016] FIG.1illustrates an example of a confusion matrix.
[0017] FIG. 2 illustrates a standard confusion matrix for an
example handwritten ten-digit classification task.

[0018] FIG. 3 illustrates a heat map confusion matrix for
the example handwritten ten-digit classification task shown
in FIG. 2.

[0019] FIG. 4is a block diagram illustrating a general over-
view of embodiments of the real-time visual feedback
ensemble classifier generator and method disclosed herein.
[0020] FIG.5isaflow diagram illustrating the operation of
embodiments of the real-time visual feedback ensemble clas-
sifier generator and method shown in FIG. 4.

[0021] FIG. 6 is a block diagram illustrating an exemplary
overview of embodiments of the real-time visual feedback
user interface shown in FIG. 4.

[0022] FIG. 7 is a detailed flow diagram illustrating the
operation of the weighted linear combination module shown
in FIG. 4.

[0023] FIG. 8 is a detailed flow diagram illustrating the
operation of the partitioning module shown in FIG. 4.
[0024] FIG. 9 is a detailed flow diagram illustrating the
operation of the ensemble classifier accuracy module shown
in FIG. 4.

[0025] FIG.101isablock diagram illustrating an exemplary
example of the real-time visual feedback user interface shown
in FIG. 6.

[0026] FIG. 11 is a block diagram illustrating the exem-
plary example of the user interface shown in FIG. 10 after
manipulation by a user.
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[0027] FIG. 12 is a block diagram illustrating the exem-
plary example of the user interface shown in FIGS. 10 and 11
after partitioning by the user.

[0028] FIG. 13 illustrates the component classifier view
after partitioning the ensemble classifier confusion matrix
and selecting a partitioned section.

[0029] FIG. 14 is a block diagram illustrating the exem-
plary example of the user interface shown in FIGS. 10-13
after further partitioning by the user.

[0030] FIG. 15 illustrates an example of a suitable comput-
ing system environment in which embodiments of the real-
time visual feedback ensemble classifier generator and
method shown in FIGS. 4-14 may be implemented.

DETAILED DESCRIPTION

[0031] In the following description of embodiments of the
real-time visual feedback ensemble classifier generator and
method reference is made to the accompanying drawings,
which form a part thereof, and in which is shown by way of
illustration a specific example whereby embodiments of the
real-time visual feedback ensemble classifier generator and
method may be practiced. It is to be understood that other
embodiments may be utilized and structural changes may be
made without departing from the scope of the claimed subject
matter.

1. CONFUSION MATRIX

[0032] Preparatory to discussing embodiments of the real-
time visual feedback ensemble classifier generator and
method, it is instructive to make clear the concept of a con-
fusion matrix. A confusion matrix is a visualization tool that
often is used in the machine learning community. The confu-
sion matrix shows the level of agreement (or disagreement)
between two classifications. Each column of the matrix rep-
resents data instances in a predicted class, while each row
represents the data instances in an actual class (or a correct
classification of a particular class). One benefit of a confusion
matrix is that it is easy to see if the learning system is con-
fusing two classes by mislabeling one class as another class.
[0033] FIG. 1 illustrates an example of a confusion matrix
100. The rows of the confusion matrix 100 are labeled “True,”
and contain the classes “Apple,” “Balls,” “Cats,” and “Dogs.”
The columns of the confusion matrix 100 are labeled “Pre-
dicted,” and contain the same classes as the rows of the con-
fusion matrix 100. Suppose that an image of an apple is
processed by a classifier such that the classifier classifies the
apple as a ball. In this case, the particular cell Apples-Balls is
incremented. This indicates that the classifier has confused
the class Apple object with a class Ball object. For each data
instance the appropriate cell is incremented.

[0034] Ideally, the classifier will always classify correctly.
In this ideal situation when the classifier has classified cor-
rectly, the confusion matrix will have large numbers on the
diagonal and numbers off the diagonal will be zero. This is a
measure of the performance of the classifier. If there are
mostly large numbers on the diagonal, then the classifier is
doing a good job of classification. On the other hand, if the
diagonal looks like most of the other numbers in the confu-
sion matrix then the classifier is doing a poor job of classifi-
cation.

[0035] Inaddition, it can be determined from the confusion
matrix whether the classifier is having a problem with a
particular class. For example, in FIG. 1 it can be seen by
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looking at the Balls-Apples cell that this particular classifier
frequently confuses a ball with an apple. The objective is to
adjust the classifier so that all non-zero numbers are con-
tained in the columns and rows that lay on the diagonal and
that only zeros are in the rows and columns off the diagonal.
[0036] FIG. 2 illustrates a standard confusion matrix 200
for an example handwritten ten-digit classification task. Simi-
lar to FIG. 1, it can be seen that FIG. 2 merely contains
numbers in the confusion matrix 100, 200. Referring to both
FIGS. 1 and 2, note that it can be difficult to quickly determine
which numbers are being misclassified based on just the
numbers in the confusion matrices 100, 200.

[0037] One way of making the misclassifications easy to
identify is to use a heat-map confusion matrix. FIG. 3 illus-
trates a heat map confusion matrix 300 for the example hand-
written ten-digit classification task shown in FIG. 2. Note that
it is much easier to identity patterns in FIG. 3 as compared to
FIG. 2. For example, from FIG. 3 it can easily be seen that the
number “3” and the number “8” often are misclassified as
each other. Moreover, it can be seen from FIG. 3 that the
number “5” is often misclassified as several different num-
bers.

II. SYSTEM OVERVIEW

[0038] FIG. 4is ablock diagram illustrating a general over-
view of embodiments of the real-time visual feedback
ensemble classifier generator and method disclosed herein. It
should be noted that the implementation shown in FIG. 4 is
only one of many implementations that are possible. Refer-
ring to FIG. 4, a real-time visual feedback ensemble classifier
generator 400 is shown implemented on a computing device
410. It should be noted that the computing device 410 may
include a single processor (such as a desktop or laptop com-
puter) or several processors and computers connected (either
physically or wirelessly) to each other.

[0039] In general, embodiments of the real-time visual
feedback ensemble classifier generator 400 provide a user
with visual feedback in real time to allow the user to generate
atrained ensemble classifier. This ensemble classifier is made
up of a plurality of previously-trained component (or indi-
vidual) classifiers 415, which are also input to the real-time
visual feedback ensemble classifier generator 400. Additional
input to the real-time visual feedback ensemble classifier
generator 400 is a training data set for training the ensemble
classifier 420. It should be noted that the component classi-
fiers 415 are already trained; the training data set 420 is used
to train the ensemble classifier, which is an aggregate of the
plurality of previously-trained component classifiers 415.
The output of the real-time visual feedback ensemble classi-
fier generator 400 is an optimized ensemble classifier 430.
[0040] The real-time visual feedback ensemble classifier
generator 400 includes a weighted linear combination mod-
ule 440. This module 440 combines the plurality of previ-
ously-trained component classifiers 415 in a linear manner to
generate the ensemble classifier. In addition, each of the com-
ponent classifiers 415 has a weight. The amount of this weight
dictates how much influence a particular component classifier
has on the resultant ensemble classifier when the weighted
component classifiers are linearly combined by the module
440.

[0041] A user can interact with the weighted linear combi-
nation module 440 through an input device 445. As shown in
FIG. 4, input from user is shown as dotted lines. The input
device 445 allows the user to change weights of the compo-
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nent classifiers using a variety of interactive tools, as
explained in detail below. Based on adjustments to the
weights by the user, an ensemble classifier accuracy module
450 provides real-time accuracy feedback of the ensemble
classifier generation process. In addition, the real-time visual
feedback ensemble classifier generator 400 generates visual
feedback data 460 for rendering on a display device 470. This
visual feedback data is updated in real time as the user makes
adjustments to the weights of the component classifiers 415.
[0042] The real-time visual feedback ensemble classifier
generator 400 also includes a real-time visual feedback user
interface 480. This user interface 480 displays to the user in
real time the visual feedback data 460 generated whenever the
user makes adjustments. Moreover, as explained in detail
below, the real-time visual feedback user interface 480
includes a variety of confusion matrices for component clas-
sifiers that keep the user apprised of how the adjustments the
user is making to the component classifiers 415 impacts the
ensemble classifier being generated.

[0043] The real-time visual feedback ensemble classifier
generator 400 also includes a partitioning module 485. This
module allows the user to interactively partition an ensemble
classifier confusion matrix shown on the real-time visual
feedback user interface 480 to divide the confusion matrix
into two sections. As explained in detail below, this partition-
ing allows the user to isolate portions of the confusion matrix
that are relatively accurate (where data instances lay on the
diagonal) and portions of the matrix that are inaccurate. The
user then can work on improving the overall accuracy of the
ensemble classifier by adjusting weights of classifiers using a
portion of the training data set within the partition.

[0044] The real-time visual feedback ensemble classifier
generator 400 also includes an ensemble classifier view selec-
tion module 490. This module 490 allows a user to select a
desired partition on the ensemble classifier confusion matrix.
Once the partition is selected, the user can adjust the weights
of'the component classifiers based on the portion of the train-
ing data set in that selected partition. Visual feedback data 460
is provided constantly in real time to the user through the
real-time visual feedback user interface 480 during the parti-
tioning and weight adjustment operations.

III. OPERATIONAL OVERVIEW

[0045] FIG. 5is a flow diagram illustrating the operation of
embodiments of the real-time visual feedback ensemble clas-
sifier generator 400 and method shown in FIG. 4. In general,
the method uses weighted linear combination and partition-
ing through interactive user actions to generate an optimized
ensemble classifier. Referring to FIG. 5, the method begins by
inputting a plurality of previously-trained component classi-
fiers and training data set containing a plurality of classes for
training the ensemble classifier (box 500). The generator 400
then defines a weight for each of the component classifiers in
a weighted linear combination of the component classifiers
(box 505). Moreover, this weighted linear combination of the
component classifiers is defined as an ensemble classifier
(box 510).

[0046] The generator 400 displays to a user a real-time
visual feedback user interface (box 515). This user interface
contains visual information about an accuracy of each com-
ponent classifier and an overall accuracy of the ensemble
classifier based on the weighted linear combination. The
entire ensemble classifier confusion matrix then is selected as
the default selection (box 520). When the user begins this
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method (such as by opening a data set and a set of component
classifiers), the entire ensemble classifier confusion matrix is
the section by default.

[0047] The user then decides whether to adjust the weights
of the each of the component classifiers in a weighted linear
combination (box 525). If the user does want to adjust the
weights, then the user adjusts the weights of one or more
component classifiers using one or more component classifier
adjustment tools that are available through the real-time
visual feedback user interface (box 530). These component
classifier adjustment tools are discussed in detail below. Each
time the user adjust a weight, the real-time visual feedback
user interface displays updated accuracy and visual informa-
tion for the change (box 535). This allows the user to see in
real time the effect that changing the weights has on the
overall accuracy of the ensemble classifier.

[0048] If the user does not want to adjust the weights, a
determination then is made as to whether the user is satisfied
with the overall accuracy of the ensemble classifier (box 540).
At this point, the user can choose to partition the ensemble
classifier confusion matrix if the user identifies good partition
points in the confusion matrix, or choose to do nothing if the
user is satisfied with the overall accuracy or feels that no
further improvement can be made. If the user chooses to no
longer attempt to improve the overall accuracy, or if the user
feels that the current overall accuracy of the ensemble clas-
sifier is near or at the maximum overall accuracy, then the
ensemble classifier at the current overall accuracy and with its
current weighted linear combination of component classifiers
is considered the optimized ensemble classifier. This opti-
mized ensemble classifier then is output (box 545).

[0049] If the user is not satisfied with the current overall
accuracy, then a determination is made as to whether the user
wants to partition the ensemble classifier confusion matrix
(box 550). This user may want to partition the ensemble
classifier confusion matrix when, after adjusting the weights,
the user identifies a good partition point in the ensemble
classifier confusion matrix. If the user does want to partition
the ensemble classifier confusion matrix, then the user parti-
tions that a first section of the ensemble classifier confusion
matrix contains a first portion of classes of the training data
set and a second section of the ensemble classifier confusion
matrix contains a second portion of classes of the training data
set (box 555). In other words, the component classifiers in the
first section are based on the first portion of the training data
set and the component classifiers in the second section are
based on the second portion of the training data set.

[0050] The generator then defines weights for each of the
component classifiers in the first section and the second sec-
tion (box 560). The real-time visual feedback user interface
then displays to the user visual information about an accuracy
of'each component classifier in the selected section (box 565).
In addition, the user interface displays updated overall accu-
racy and an updated accuracy of the component classifiers
contained in the selected section (box 570). As described
below, the real-time visual feedback user interface also pro-
vides a mechanism so that if the user is dissatisfied with the
current weights of the weighted linear combination the user
can click on an “Equalize Weights” button to return the
weighted linear combination to the state where all of the
weights of the component classifiers are equal.

[0051] A determination then is made as to whether the user
wants to adjust the weights of component classifiers in any of
the partitions or sections (box 575). If not, then the method
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returns to a determination as to whether the user is satisfied
with the overall accuracy of the ensemble classifier (box 540),
as described above. If the user does want to adjust the weights
of'the component classifiers in any of the partitions and if the
user does not want to partition (such as if no good partition
points can be found) as described in box 550, then the user
selects which section of the ensemble classifier confusion
matrix to adjust (box 580). Once a section or partition is
selected, then the user can adjust the weights of the compo-
nent classifiers in the selected matrix section independent of
the other matrix sections. Using this process, the user can
adjust the weights of the component classifiers in the sections
and perform additional partitioning until the user is satisfied
with the overall accuracy of the ensemble classifier. As the
user is adjusting the weights of the component classifiers in
the ensemble classifier confusion matrix (or a partitioned
section thereof), the generator 400 displays in real time
updated accuracy and visual information through the real-
time visual feedback user interface. This is an iterative pro-
cess, with the output of the generator 400 being the optimized
ensemble classifier (box 545).

[0052] Embodiments of the real-time visual feedback
ensemble classifier method also include a mechanism for the
user to unpartition at any time. In particular, the user may
realize after creating a partition that the specific partition does
not work as well as desired. The method provides a way for
the user to unpartition a previously-created partition. This
unpartitioning process can be performed at any time to any
section that has sub-partitions. In addition, the unpartition
feature is recursively applied to sub-partitions if they have
further sub-partitions, such that unpartitioning a selected par-
ent partition will also eliminate child partitions of the parent
partition.

IV. OPERATIONAL DETAILS

[0053] The operational details of embodiments of the real-
time visual feedback ensemble classifier generator 400 and
method now will be discussed. These embodiments include
embodiments of the real-time visual feedback user interface
480, the weighted linear combination module 440, the parti-
tioning module 485, and the ensemble classifier accuracy
module 450, shown in FIG. 4. The operational details of each
of these programs modules now will be discussed in detail.

IV.A. REAL-TIME VISUAL FEEDBACK USER
INTERFACE

[0054] FIG. 6 is a block diagram illustrating an exemplary
overview of embodiments of the real-time visual feedback
user interface 480 shown in FIG. 4. It should be noted that the
implementation shown in FIG. 6 is only one of many imple-
mentations that are possible. The real-time visual feedback
user interface 480 includes three basic sections. One section
is a component classifier view 600. In the exemplary embodi-
ment shown in FIG. 6, the component classifier view 600 is on
the lower right quarter of the user interface 480. The compo-
nent classifier view 600 contains an entry for each component
classifier that the user (not shown) has imported to explore. In
the exemplary embodiment shown in FIG. 6, the component
classifier view 600 includes eight separate confusion matrices
610 for the eight classifiers being used by the generator 400.
[0055] Another section of the ensemble classifier user
interface 480 is a first linear combination tool 620. In the
exemplary embodiment shown in FIG. 6, the first linear com-
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bination tool 620 is located in the upper right quarter of the
user interface 480. A third section of the user interface is a
main ensemble classifier view 630. In the exemplary embodi-
ment shown in FIG. 6, the ensemble classifier view 630 is
located on the left half of the user interface 480.

[0056] The first linear combination tool can only represent
two dimensions and hence much of the weight space may not
be covered by the first linear combination tool 620. Therefore,
the component classifier view 600 also includes a second
linear combination tool 640 consisting of a slider control over
each component classifier confusion matrix 610. The second
linear combination tool 640 allows a user to manipulate an
associated weight of each component classifier. The second
linear combination tool 640 allows the user to specify an
arbitrary normalized combination of weights if the first linear
combination tool 620 is not sufficient.

[0057] Both the component classifier view 600 and the
ensemble classifier view 630 visually represent a component
classifier as a graphical heat map of its corresponding confu-
sion matrix. As noted above, a confusion matrix represents
classification results by plotting data instances in a grid where
the column is an instance’s predicted class and the row an
instance’s true class. Confusion matrices can reveal trends
and patterns in the classification results and by extension
reveal behavior of the classifier itself. The confusion matrix is
used as the core visual element of the generator 400 because
it can represent results from all classification algorithms.
Moreover, interpretation of a confusion matrix is relatively
algorithm agnostic.

[0058] The ordering of the matrix can greatly influence the
patterns visible. The real-time visual feedback ensemble clas-
sifier generator 400 orders each matrix in the component
classifier view 600 independently to highlight sets of classes
which are frequently confused by a particular classifier. This
corresponds to grouping clusters in an adjacency matrix.
Additionally, as a user updates the ensemble classifier view
630, the ensemble classifier confusion matrix in the ensemble
classifier view 630 is reordered in real time. As this necessi-
tates a fast reordering technique, in some embodiments the
reordering technique is a barycenter heuristic, which is a
technique borrowed from the layout of bipartite graphs and is
known to those having ordinary skill in the art.

[0059] In some embodiments, and the exemplary embodi-
ment shown in FIG. 6, small bars 650 are located below each
matrix 610 in the component classifier view 600. These small
bars 650 depict accuracies for each corresponding classifier.
In addition, the user interface 480 contains a main accuracy
area 660. In some embodiments, and as shown in FIG. 6, this
main accuracy area 660 contains a similar set of bars adjacent
the linear combination tool 620. In some embodiments, an
overall accuracy bar 670 depicts an overall accuracy of the
current ensemble classifier and a selected node accuracy bar
680 depicts an accuracy of any currently selected partition.

IV.B. INTERACTING WITH THE ENSEMBLE
CLASSIFIER INTERACTIVE VISUALIZATION
SYSTEM

[0060] The real-time visual feedback ensemble classifier
generator 400 and method provide two basic operations for a
user to explore combinations of the component classifiers.
The first operation is a partitioning operation, which divides
the class space into two partitions. The second operation is
arbitrary linear combinations of the component classifier for
each of these partitions.
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[0061] In some embodiments of the real-time visual feed-
back ensemble classifier generator 400, the most effective use
of'these two operations is in tight conjunction, iterating back
and forth one with another. For example, one possible strat-
egy is to adjust weights to find good partitions, make parti-
tions, and then to recursively iterate to the sub-partitions. To
enable these operations, the real-time visual feedback
ensemble classifier generator 400 assumes that the compo-
nent classifiers can produce a vector of real numbers (techni-
cally, these are unnormalized log-likelihood-like values), and
have one number per possible class. The predicted class is the
class with the maximum numeric value. This formulation is
very natural in many multi-class classifiers including support
vector machines (SVMs) and logistic regression. If a classi-
fier can only output a single predicted class, this can be
represented as a vector with a single non-zero value.

[0062] Inaddition, the component classifiers are previously
trained. It is suggested that the component classifiers be
trained in a robust manner, such as with 10-fold cross valida-
tion. Doing so increases the likelihood that partitioning or
linear combination operations that improve accuracy on the
training data set will generalize to the entire data set.

IV.B.1. WEIGHTED LINEAR COMBINATION
MODULE

[0063] FIG. 7 is a detailed flow diagram illustrating the
operation of the weighted linear combination module 440
shown in FIG. 4. The module 440 begins by inputting com-
ponent classifiers of the selected portion or section (box 700).
The selected portion of the training data set then is input for
the selected section of the ensemble classifier confusion
matrix (box 710). In some cases the selected section may be
the entire ensemble classifier confusion matrix. A confusion
matrix then is displayed on a real-time visual feedback user
interface for each of the component classifiers based on the
selected portion of the training data set (box 720). The module
440 then displays confusion matrix accuracy information
adjacent each confusion matrix on the real-time visual feed-
back user interface (box 730). In addition, the module 440
displays linear combination tools 620 and 640 on the real-
time visual feedback user interface (box 740). The first tool
620 is displayed adjacent to the component classifier view
600 and the second tools 640 are displayed adjacent each
confusion matrix in the component classifier view 600 to
allow the user to interactively adjust the weights of the com-
ponent classifiers.

[0064] A user then adjusts the weights of at least one of the
component classifiers using at least one of the linear combi-
nation tools 620 and 640 on the real-time visual feedback user
interface (box 750). Once these weights are adjusted by the
user, the module 440 provides real-time visual feedback to the
user through the real-time visual feedback user interface by
displaying an effect that the weight adjustment has on the
overall accuracy of the ensemble classifier (box 760).

IV.B.2. PARTITIONING MODULE

[0065] Partitioning the class space separates the data
instances into two subsets, allowing a user to develop classi-
fiers specialized for each subset. FIG. 8 is a detailed flow
diagram illustrating the operation of the partitioning module
485 shown in FIG. 4. The user decided to partition the
ensemble classifier confusion matrix to create additional par-
titioned sections in the ensemble classifier confusion matrix
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(box 800). Each of the partitioned sections of the matrix
contains a portion of the classes in the training data set.
[0066] Initially, the default weight assignments for each
component classifier are that each of the weights is equal.
When the method first begins, the entire ensemble confusion
matrix is selected and each weight of the component classifies
in the entire ensemble confusion matrix are equal. In addition,
whenever a partition is created by the user, each partition by
default starts with an initial weight assignment where the
weights are all equal. Thus, the default setting at the start of
the method and for each new partition created is that the
weights of the component classifiers are equal.

[0067] Next, to specify apartition, the user selects a vertical
partition line on the ensemble classifier confusion matrix
(box 810). Data instances that fall to the right of the vertical
partition line are in a first partitioned section of the ensemble
classifier confusion matrix and data instances to the left of the
vertical partition line are in a second partitioned section of the
ensemble classifier confusion matrix. Once partitioned, the
data instances may not cross the vertical partition line despite
further partitioning or refinements to the classifiers on either
side. Technically, this means that the two subset classifiers are
restricted to only predicting classes which fall on the appro-
priate side of the vertical partition line. Embodiments of the
real-time visual feedback ensemble classifier generator 400
accomplish this by maximizing over an appropriate subset of
the numeric vector. This constraint makes the behavior of the
partition easier to interpret and to represent visually.

[0068] Oneimpactofthis partitioning constraint is that data
instances that are on the wrong side of the partition will
remain on the wrong side despite further refinement. To
emphasize this fact, embodiments of the real-time visual
feedback ensemble classifier generator 400 automatically add
a horizontal split represented by a horizontal partition line at
the same position as the vertical partition line, thus creating
four quadrants for each partition. Data instances in the oft-
diagonal quadrants are those which will remain incorrectly
classified.

[0069] In some embodiments, the module 485 represents
the first partitioned section of the ensemble classifier confu-
sion matrix as a first square centered on a diagonal line of the
ensemble classifier confusion matrix (box 820). In addition,
the module 485 represents the second partitioned section of
the ensemble classifier confusion matrix as a second square
centered on the diagonal line. This partitioning and
re-weighting of component classifiers in the partition can be
performed an arbitrary number of times and in any order,
leading to a large number of possible refinement strategies.

IV.B.3. ENSEMBLE CLASSIFIER ACCURACY
MODULE

[0070] FIG. 9 is a detailed flow diagram illustrating the
operation of the ensemble classifier accuracy module 450
shown in FIG. 4. In general, the module 450 computes accu-
racy in real time as the user partitions the ensemble classifier
confusion matrix and re-weights the component classifiers.
Specifically, the module 450 computes a component classifier
accuracy for each component classifier for the selected sec-
tion (box 900). In addition, an overall accuracy for the entire
ensemble confusion matrix and a selected node accuracy for
the selected section is computed (box 910).

[0071] The module 450 displays the component classifier
accuracy and the selected node accuracy for the selected
section to the user on the real-time visual feedback user
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interface (box 920). Moreover, an overall accuracy is com-
puted as a percentage of the data instances on the diagonal
line of the ensemble classifier confusion matrix to all data
instances on the matrix (box 930). The overall accuracy is
displayed to the user in real time on the real-time visual
feedback user interface as the user adjusts weights of the
component classifiers (box 940). This real-time visual feed-
back is provided to the user no matter whether the user in
adjusting weights of component classifiers in a partitioned
section of the matrix or the entire matrix.

IV.C. EXEMPLARY EXAMPLE

[0072] For purposes of better understanding the real-time
visual feedback ensemble classifier generator 400, an exem-
plary example is presented. It should be understood that this
exemplary example is only one of many ways in which the
real-time visual feedback ensemble classifier generator 400
and method can be implemented.

[0073] FIG.10is ablock diagram illustrating an exemplary
example of the real-time visual feedback user interface 480
shown in FIG. 6. The user interface 1000 of FIG. 10 is initially
displayed to a user. As can be seen in FIG. 10, the user
interface 1000 includes an ensemble classifier confusion
matrix 1010. The confusion matrix 1010 includes a plurality
of'data instances on the matrix 1010 and a diagonal line 1020.
The diagonal line 1020 represents the ideal scenario, or where
it is desirable for the data instances to fall. The classes of the
training data set are shown along the vertical and horizontal
axes of the ensemble classifier confusion matrix 1010. In this
exemplary embodiment, the training data set is the CalTech
101 training data set, containing 101 classes.

[0074] The user interface 1000 also includes component
classifier confusion matrices. In the example of FIG. 10, only
six matrices are shown on screen or display device, even
though eight matrices are being used by the generator 400. In
this case, a scroll bar 1030 is used to scroll down and access
the two remaining confusion matrices. The component clas-
sifier confusion matrices include an accuracy bar 1040 below
the matrix. This accuracy bar reflects the accuracy of the
corresponding component classifier.

[0075] As shown in FIG. 10, there are two ways in which
the user can manipulate the linear combination of component
classifiers. First, as shown in FIG. 6, embodiments of the
generator 400 provide a linear combination tool 620. In some
embodiments, and in the exemplary embodiment shown in
FIG. 10, the linear combination tool is a simple two-dimen-
sional (2D) interpolation control in the form of a polygon
1050 having a number of sides equal to the number of com-
ponent classifiers. The user can interactively scrub inside this
polygon to specity classifier weights. In the exemplary
embodiment shown in FIG. 10, the polygon 1050 contains
eight sides, corresponding to the eight component classifiers
used for the ensemble classifier.

[0076] In some embodiments, to make the appropriate
mapping of position to weight the polygon is parameterized
using Wachspress coordinates. As is known to those having
ordinary skill in the art, Wachspress coordinates have two
important properties. First, at the vertices of the polygon 1050
the weight is one for the classifier at that vertex and zero for
all other classifiers. Second, at the center of the polygon 1050
the classifiers all have the same weight. These points seem to
be the most natural in this class space and it was desirable for
the subspace represented by the polygon 1050 to include
those points.
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[0077] As noted above, this subspace is only two dimen-
sional and hence much of the weight space is not included in
the polygon 1050. Thus, some embodiments of the generator
400 also include a second way in which the user can manipu-
late the weights of the component classifiers. In particular,
some embodiments include individual sliders 1060 over each
component classifier confusion matrix to allow the user to
specify an arbitrary normalized combination of weights
should they need the extra control. These individual sliders
1060 are shown in FIG. 10.

[0078] In addition, the polygon 1050 includes an adjust-
ment object 1070 that the user can drag around the polygon
1050. Initially, the adjustment object 1070 starts in the center
of the polygon 1050 where, as mentioned above, all the
weights are equalized. As the user drags the adjustment object
1070 around the polygon 1050, the slider 1060 above the
corresponding component classifier confusion matrix also
moves. [t should be noted that for this example the polygon is
a two-dimensional tool, while in reality the space for adjust-
ing the weights is eight-dimensional space. Thus, as will be
seen below, there are times when the user will move the
sliders 1060 and the adjustment object 1070 will disappear
from the polygon 1050 because the location of the dot cannot
be represented in 2D space.

[0079] The user interface 1000 of FIG. 10 also includes an
equalize weights button 1085 that will equalize the weight.
When the user clicks on this equalize weights button 1085,
each of the weights of the component classifiers are equal-
ized, such that the component classifiers all have the same
weight. In addition, in some embodiments the user interface
1000 shown in FIG. 10 includes a dotted line 1090 around the
area of interest. This dotted line 1090 is placed around the
perimeter of an area when the area is selected by the user. In
this case, the area of interest is the entire ensemble classifier
confusion matrix 1010. In other embodiments, the dotted line
1090 may be a colored dotted line or be a solid colored line.
[0080] The user interface 1000 also includes a selected
node accuracy bar 1075 and an overall accuracy bar 1080. The
selected node accuracy bar 1075 shows the accuracy for a
selected node. For example, if a partitioned section of the
ensemble classifier confusion matrix is selected, the selected
node accuracy bar 1075 would show the accuracy for that
node. The overall accuracy bar 1080 shows the overall accu-
racy for the ensemble classifier.

[0081] When presented with the user interface 1000 shown
in FIG. 10, the user can also manipulate the weights of the
eight component classifiers by using the individual sliders
1060 above the component classifier confusion matrices. As
will be seen below, manipulating the weights of the compo-
nent classifiers changes the overall accuracy of the ensemble
matrix.

[0082] FIG. 11 is a block diagram illustrating the exem-
plary example of the user interface 1000 shown in FIG. 10
after manipulation by a user. In particular, it can be seen in
FIG. 11 that the user has moved the slider 1100 of the fourth
component classifier to the right. In this case, the weights of
the other component classifiers have been automatically
moved to the left, since increasing a weight for one compo-
nent classifier necessarily reduces weights of the other com-
ponent classifiers.

[0083] In addition, referring to FIGS. 10 and 11, it can be
seen that the adjustment object 1070 in the polygon 1050 of
FIG. 10 is not present in FIG. 11. As explained above, this is
because the current settings of the component classifiers may
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not be represented in the 2D space of the polygon 1050. By
simply clicking on the polygon 1050 the user is able to restore
the adjustment object 1070 to the place in the polygon 1050
where the user clicked. Moreover, the slider settings and
weights of the component classifiers represented by the loca-
tion of the adjustment object 1070 are set appropriately. Fur-
ther, even though the weights can be equalized by moving the
adjustment object 1070 to the center of the polygon 1050, the
user may find it easier to simply click on the equalize weights
button 1085 to equalize the weights.

[0084] The overall accuracy bar 1080 in FIG. 11 indicates
that this action of moving the slider 1100 has reduced the
overall accuracy of the ensemble classifier from 85.3%
(shown in FIG. 10) to 75.3% (shown in FIG. 11). This is
depicted by the label 1110 in FIG. 11. Thus, the user manipu-
lation has caused the overall accuracy to decrease. Even
though the overall accuracy has decreased, it can be seen in
FIG. 11 that the data instances in the lower right portion of the
ensemble classifier confusion matrix 1010 lie more on the
diagonal line 1020 that the same area in FIG. 10. In this
example the user has selected this area for partitioning. Note
that the system 400 resorts columns and rows in the ensemble
classifier confusion matrix based on the user interactively
defining different weights on the component classifiers such
that any clusters of misclassifications in the ensemble classi-
fier confusion matrix can easily be identified by the user.

[0085] FIG. 12 is a block diagram illustrating the exem-
plary example of the user interface 1000 shown in FIGS. 10
and 11 after partitioning by the user. As noted above, the
initial weight assignments for each component classifier of
each partition is that each of the weights is equal. As shown in
FIG. 12, the user has made a vertical partition line 1200 to
separate the matrix 1010 into a first partitioned section 1210
and a second partitioned section 1220. In addition, a horizon-
tal partition line 1230 is drawn by the generator 400. The data
instances in the first partitioned section 1210 are from a first
portion of classes 1240 of the training data set and the data
instances in the second partitioned section 1220 are from a
second portion of classes 1250 of the training data set.

[0086] The user can click on the first partitioned section
1210 in order to bring that area into focus. In this case, the
dotted line 1090 will be around the perimeter of the first
partitioned section 1210. Similarly, if the user wants to focus
on the second partitioned section 1220, the use can click
anyway in the second partitioned section 1220 to bring that
area into focus. This will cause the dotted line 1090 to be
around the perimeter of the second partitioned section 1220.
It should be noted that the user can undo the partition. By way
of example, in some embodiments the user can use the key-
board sequence <control-z> or a left click of a mouse to undo
the partition. Moreover, in some embodiments the real-time
visual feedback ensemble classifier generator 400 keeps a
history of weighting and partitioning operations performed
by the user in order to generate an operations history. This
operations history can be used to put the user back at some
previous point in the iterative process. The real-time visual
feedback ensemble classifier generator 400 permits the user
to undo previous operations using the operations history. This
allows the user to interactively explore as many options as
possible in searching for an optimal ensemble classifier. The
real-time visual feedback ensemble classifier generator 400
also permits the user to unpartition at any time. In particular,
the user may realize after creating a partition that the specific
partition does not work as well as desired. This unpartitioning
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process can be performed at any time at any section that has
sub-partitions. For example, the user can press the right
mouse button while the control key is pressed to unpartition.
In addition, the unpartition operation is recursively applied to
sub-partitions if they have further sub-partitions, such that
unpartitioning a selected parent partition will also eliminate
child partitions of the parent partition.

[0087] By clicking on the first partitioned section 1210 or
the second partitioned section 1220 the user can select either
section and continue refining just component classifiers for
only that subset of the training data set. This refinement
process can be further partitioning of the ensemble classifier
confusion matrix, adjusting weights of the component clas-
sifiers, or both. Given the user specified weights, embodi-
ments of the generator 400 take the vectors of numeric values
output by the component classifiers and linearly combine
them. This partitioning and re-weighting process can be done
an arbitrary number of times and in any order, leading to a
large number of possible refinement strategies.

[0088] The overall accuracy bar 1080 in FIG. 12 indicates
that this partitioning action has increased the overall accuracy
of the ensemble classifier from 85.3% (shown in FIG. 10) to
75.3% (shown in FIG. 11) to its current value of 86.1%
(shown in FIG. 12). This is depicted by the label 1260 in FIG.
12. Thus, the user manipulation has caused the overall accu-
racy to decrease, but the partitioning has increased the overall
accuracy of the ensemble classifier.

[0089] When a particular partitioned section is selected by
the user, the component classifier view 600 is updated so that
each confusion matrix corresponding to the component clas-
sifiers show data instances contained in that portion of the
training data set. FIG. 13 illustrates the component classifier
view 600 after partitioning the ensemble classifier confusion
matrix and selecting a partitioned section. As shown in FIG.
13, the selected partitioned section, which is outlined in the
dotted line 1090, causes the confusion matrices in the com-
ponent classifier view 600 to display only the data instances in
that selected partitioned section. As can be seen from FIG. 13,
each of the component classifiers demonstrates very different
behavior in this partition, including clustering and large dif-
ferences in accuracy.

[0090] FIG. 14 is a block diagram illustrating the exem-
plary example of the user interface 1000 shown in FIGS.
10-13 after further linear combination and partitioning by the
user. In particular, the user has further partitioned the first
partitioned section 1210 into a third partitioned section 1400
and a fourth partitioned section 1410, and the second parti-
tioned section 1220 into a fifth partitioned section 1420 and a
sixth partitioned section 1430. Each partitioned section con-
tains all of the component classifiers, but only a portion of the
classes in the training data set.

[0091] Theuser can click the outermost square to check the
accuracy of the ensemble classifier. This is indicated by the
dotted line 1090, which goes around the perimeter of the
entire ensemble classifier confusion matrix 1010. The overall
accuracy bar 1080 in FIG. 14 indicates that this further par-
titioning action has increased the overall accuracy of the
ensemble classifier from 85.3% (shown in FIG. 10), to 75.3%
(shownin FIG. 11),t0 86.1% (shown in FIG. 12), to its current
value 0 89.1%. This is depicted by the label 1440 in FIG. 14.
The double arrows between the 89.1% and the 86.1% indicate
that more than one step was necessary to arrive at that per-
centage. In this case, two additional partitioning operations
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and many linear combination operations were performed on
the ensemble classifier confusion matrix 1010. These two
operations are not shown.

[0092] There is a point at which the benefits of partitioning
stop accruing. At this point the partitioning provides dimin-
ishing returns. The goal is to obtain the highest accuracy
possible. Typically, the user will stop partitioning when the
overall classification accuracy stops increasing. This is an
indication that the optimal point has been reached, and that
any further manipulation may over classify the ensemble
classifier. In some embodiments, metrics such as mathemati-
cal quantities are used as a threshold accuracy. In other
embodiments the user makes the determination when to end
the iteration.

V. EXEMPLARY OPERATING ENVIRONMENT

[0093] Embodiments of the real-time visual feedback
ensemble classifier generator 400 and method are designed to
operate in a computing environment. The following discus-
sion is intended to provide a brief, general description of a
suitable computing environment in which embodiments of
the real-time visual feedback ensemble classifier generator
400 and method may be implemented.

[0094] FIG. 15 illustrates an example of a suitable comput-
ing system environment in which embodiments of the real-
time visual feedback ensemble classifier generator 400 and
method shown in FIGS. 4-14 may be implemented. The com-
puting system environment 1500 is only one example of a
suitable computing environment and is not intended to sug-
gest any limitation as to the scope of use or functionality of the
invention. Neither should the computing environment 1500
be interpreted as having any dependency or requirement relat-
ing to any one or combination of components illustrated in the
exemplary operating environment.

[0095] Embodiments of the real-time visual feedback
ensemble classifier generator 400 and method are operational
with numerous other general purpose or special purpose com-
puting system environments or configurations. Examples of
well known computing systems, environments, and/or con-
figurations that may be suitable for use with embodiments of
the real-time visual feedback ensemble classifier generator
400 and method include, but are not limited to, personal
computers, server computers, hand-held (including smart-
phones), laptop or mobile computer or communications
devices such as cell phones and PDA’s, multiprocessor sys-
tems, microprocessor-based systems, set top boxes, program-
mable consumer electronics, network PCs, minicomputers,
mainframe computers, distributed computing environments
that include any of the above systems or devices, and the like.
[0096] Embodiments of the real-time visual feedback
ensemble classifier generator 400 and method may be
described in the general context of computer-executable
instructions, such as program modules, being executed by a
computer. Generally, program modules include routines, pro-
grams, objects, components, data structures, etc., that per-
form particular tasks or implement particular abstract data
types. Embodiments of the real-time visual feedback
ensemble classifier generator 400 and method may also be
practiced in distributed computing environments where tasks
are performed by remote processing devices that are linked
through a communications network. In a distributed comput-
ing environment, program modules may be located in both
local and remote computer storage media including memory
storage devices. With reference to FIG. 15, an exemplary
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system for the real-time visual feedback ensemble classifier
generator 400 and method includes a general-purpose com-
puting device in the form of a computer 1510.

[0097] Components of the computer 1510 may include, but
are not limited to, a processing unit 1520 (such as a central
processing unit, CPU), a system memory 1530, and a system
bus 1521 that couples various system components including
the system memory to the processing unit 1520. The system
bus 1521 may be any of several types of bus structures includ-
ing a memory bus or memory controller, a peripheral bus, and
a local bus using any of a variety of bus architectures. By way
of example, and not limitation, such architectures include
Industry Standard Architecture (ISA) bus, Micro Channel
Architecture (MCA) bus, Enhanced ISA (EISA) bus, Video
Electronics Standards Association (VESA) local bus, and
Peripheral Component Interconnect (PCI) bus also known as
Mezzanine bus.

[0098] The computer 1510 typically includes a variety of
computer readable media. Computer readable media can be
any available media that can be accessed by the computer
1510 and includes both volatile and nonvolatile media,
removable and non-removable media. By way of example,
and not limitation, computer readable media may comprise
computer storage media and communication media. Com-
puter storage media includes volatile and nonvolatile remov-
able and non-removable media implemented in any method
or technology for storage of information such as computer
readable instructions, data structures, program modules or
other data.

[0099] Computer storage media includes, but is not limited
to, RAM, ROM, EEPROM, flash memory or other memory
technology, CD-ROM, digital versatile disks (DVD) or other
optical disk storage, magnetic cassettes, magnetic tape, mag-
netic disk storage or other magnetic storage devices, or any
other medium which can be used to store the desired infor-
mation and which can be accessed by the computer 1510. By
way of example, and not limitation, communication media
includes wired media such as a wired network or direct-wired
connection, and wireless media such as acoustic, RF, infrared
and other wireless media. Combinations of any of the above
should also be included within the scope of computer read-
able media.

[0100] The system memory 1540 includes computer stor-
age media in the form of volatile and/or nonvolatile memory
such as read only memory (ROM) 1531 and random access
memory (RAM) 1532. A basic input/output system 1533
(BIOS), containing the basic routines that help to transfer
information between elements within the computer 1510,
such as during start-up, is typically stored in ROM 1531.
RAM 1532 typically contains data and/or program modules
that are immediately accessible to and/or presently being
operated on by processing unit 1520. By way of example, and
not limitation, FIG. 15 illustrates operating system 1534,
application programs 1535, other program modules 1536,
and program data 1537.

[0101] The computer 1510 may also include other remov-
able/non-removable, volatile/nonvolatile computer storage
media. By way of example only, FIG. 15 illustrates a hard disk
drive 1541 that reads from or writes to non-removable, non-
volatile magnetic media, a magnetic disk drive 1551 that
reads from or writes to a removable, nonvolatile magnetic
disk 1552, and an optical disk drive 1555 that reads from or
writes to a removable, nonvolatile optical disk 1556 such as a
CD ROM or other optical media.
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[0102] Other removable/non-removable, volatile/nonvola-
tile computer storage media that can be used in the exemplary
operating environment include, but are not limited to, mag-
netic tape cassettes, flash memory cards, digital versatile
disks, digital video tape, solid state RAM, solid state ROM,
and the like. The hard disk drive 1541 is typically connected
to the system bus 1521 through a non-removable memory
interface such as interface 1540, and magnetic disk drive
1551 and optical disk drive 1555 are typically connected to
the system bus 1521 by a removable memory interface, such
as interface 1550.

[0103] The drives and their associated computer storage
media discussed above and illustrated in FIG. 15, provide
storage of computer readable instructions, data structures,
program modules and other data for the computer 1510. In
FIG. 15, for example, hard disk drive 1571 is illustrated as
storing operating system 1544, application programs 1545,
other program modules 1546, and program data 1547. Note
that these components can either be the same as or different
from operating system 1534, application programs 1535,
other program modules 1536, and program data 1537. Oper-
ating system 1544, application programs 1545, other program
modules 1546, and program data 1547 are given different
numbers here to illustrate that, at a minimum, they are differ-
ent copies. A user may enter commands and information (or
data) into the computer 1510 through input devices such as a
keyboard 1562, pointing device 1561, commonly referred to
as a mouse, trackball or touch pad, and a touch panel or touch
screen (not shown).

[0104] Other input devices (not shown) may include a
microphone, joystick, game pad, satellite dish, scanner, radio
receiver, or a television or broadcast video receiver, or the
like. These and other input devices are often connected to the
processing unit 1520 through a user input interface 1560 that
is coupled to the system bus 1521, but may be connected by
other interface and bus structures, such as, for example, a
parallel port, game port or a universal serial bus (USB). A
monitor 1591 or other type of display device is also connected
to the system bus 1521 via an interface, such as a video
interface 1590. In addition to the monitor, computers may
also include other peripheral output devices such as speakers
1597 and printer 1596, which may be connected through an
output peripheral interface 1595.

[0105] The computer 1510 may operate in a networked
environment using logical connections to one or more remote
computers, such as a remote computer 1580. The remote
computer 1580 may be a personal computer, a server, a router,
a network PC, a peer device or other common network node,
and typically includes many or all of the elements described
above relative to the computer 1510, although only a memory
storage device 1581 has been illustrated in FIG. 15. The
logical connections depicted in FIG. 15 include a local area
network (LAN) 1571 and a wide area network (WAN) 1573,
but may also include other networks. Such networking envi-
ronments are commonplace in offices, enterprise-wide com-
puter networks, intranets and the Internet.

[0106] When used in a LAN networking environment, the
computer 1510 is connected to the LAN 1571 through a
network interface or adapter 1570. When used in a WAN
networking environment, the computer 1510 typically
includes a modem 1572 or other means for establishing com-
munications over the WAN 1573, such as the Internet. The
modem 1572, which may be internal or external, may be
connected to the system bus 1521 via the user input interface
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1560, or other appropriate mechanism. In a networked envi-
ronment, program modules depicted relative to the computer
1510, or portions thereof, may be stored in the remote
memory storage device. By way of example, and not limita-
tion, FIG. 15 illustrates remote application programs 1585 as
residing on memory device 1581. It will be appreciated that
the network connections shown are exemplary and other
means of establishing a communications link between the
computers may be used.

[0107] The foregoing Detailed Description has been pre-
sented for the purposes of illustration and description. Many
modifications and variations are possible in light of the above
teaching. It is not intended to be exhaustive or to limit the
subject matter described herein to the precise form disclosed.
Although the subject matter has been described in language
specific to structural features and/or methodological acts, it is
to be understood that the subject matter defined in the
appended claims is not necessarily limited to the specific
features or acts described above. Rather, the specific features
and acts described above are disclosed as example forms of
implementing the claims appended hereto.

What is claimed is:

1. A method implemented on a computing device for gen-
erating an ensemble classifier, comprising:

using the computing device to perform the following:

input a plurality of previously-trained component clas-
sifiers;

defining a weight for each of the component classifiers,
where the weight determines an amount of influence a
component classifier associated with the weight has
on a linear combination of the multiple component
classifiers;

defining the ensemble classifier as a weighted combina-
tion of the component classifiers;

displaying to a user a real-time visual feedback user
interface containing visual information that repre-
sents properties of the component classifiers and the
ensemble classifier;

allowing the user to use the real-time visual feedback
user interface to partition an original problem space
into a plurality of sub-problems;

allowing the user to interactively define different
weights on the component classifiers for the original
problem space and each of the sub-problems; and

displaying an effect that defining different weights has
on an overall accuracy of the ensemble classifier in
real time on the real-time visual feedback user inter-
face.

2. The method of claim 1, further comprising displaying on
the real-time visual feedback user interface an ensemble clas-
sifier view that depicts an ensemble classifier confusion
matrix for the ensemble classifier, where the ensemble clas-
sifier confusion matrix represents a class space of the
ensemble classifier, and where the ensemble classifier confu-
sion matrix represents classification results by plotting data
instances in a grid where a column is an predicted class of a
data instance and a row is a true class of the data instance.

3. The method of claim 2, further comprising resorting
columns and rows in the ensemble classifier confusion matrix
based on the user interactively defining different weights on
the component classifiers such that any clusters of misclassi-
fications in the ensemble classifier confusion matrix can be
identified by the user.
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4. The method of claim 2, further comprising partitioning
the ensemble classifier confusion matrix into a first parti-
tioned section of the matrix and a second partitioned section
of the confusion matrix, where the first partitioned section
contains all the component classifiers and a first portion of a
training data set and the second partitioned portion contains
all the component classifiers and a second portion of the
training data set.

5. The method of claim 4, further comprising specifying a
partition of the ensemble classifier confusion matrix by
selecting a vertical partition line on the ensemble classifier
confusion matrix so that data instances that fall left of the
vertical partition line are placed in the first partitioned section
and data instances that fall right of the vertical partition line
are placed in the second partitioned section.

6. The method of claim 4, further comprising adjusting
weights of component classifiers in the first partitioned sec-
tion independently of weights of classifiers in the second
partitioned section.

7. The method of claim 4, further comprising partitioning
the class space of the ensemble classifier confusion matrix to
separate the data instances into the first partitioned section
and the second partitioned section.

8. The method of claim 1, further comprising displaying to
the user on the real-time visual feedback user interface a
component classifier view that includes a component classi-
fier confusion matrix for each of the plurality of component
classifiers.

9. The method of claim 8, further comprising:

displaying to a user in the component classifier view and

adjacent a respective component classifier confusion
matrix accuracy information for each of the plurality of
component classifiers; and

displaying to a user in the component classifier view and

adjacent the respective component classifier confusion
matrix a linear combination tool for interactively adjust-
ing a weight for the component classifier associated with
the respective component classifier confusion matrix.

10. The method of claim 9, further comprising using as the
linear combination tool both of (a) a single polygon having a
number of sides equal to a number of the multiple classifiers
and having an adjustment object in the polygon that can be
dragged around the polygon by a user to change the weight of
a component classifier; and (b) a linear slider for each of the
plurality of component classifiers.

11. The method of claim 1, further comprising defining the
ensemble classifier as a weighted linear combination of the
component classifiers using weights specified by the user.

12. The method of claim 1, further comprising:

keeping a history of weighting and partitioning operations

performed by the user to generate an operations history;
and

permitting the user to undo previous operations using the

operations history to allow the user to interactively
explore as many options as possible in searching for an
optimal ensemble classifier.

13. A method implemented on a general-purpose comput-
ing device for linearly combining previously-trained compo-
nent classifiers to form an ensemble classifier that is used to
categorize objects, comprising:

using the general-purpose computing device to perform the

following process actions:
input a training data set containing a plurality of classes
and used to train the ensemble classifiers;
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defining a weight for each component classifier, where
the weight indicates an amount of influence a corre-
sponding component classifier has on a linear combi-
nation of the component classifiers;
linearly combining the weighted component classifiers
to form the ensemble classifier;
determining an overall accuracy of the ensemble classi-
fier and comparing the overall accuracy to a threshold
accuracy;
adjusting the weights of the component classifiers using
a linear combination tool on a real-time visual feed-
back user interface and providing real-time feedback
to a user through the real-time visual feedback user
interface to display an effect that adjusting the
weights has on the overall accuracy;
repeating the adjustment of the weights of the compo-
nent classifiers until the user is satisfied with the over-
all accuracy to generate an optimized ensemble clas-
sifier; and
using the optimized ensemble classifier in a machine-
learning algorithm to categorize the objects into the
plurality of classes.
14. The method of claim 13, further comprising displaying
in the real-time visual feedback user interface a component
classifier confusion matrix for each of the component classi-
fiers that represents a class space of a component classifier
and represents classification results of the training data set by
plotting data instances in a grid where a column is an pre-
dicted class of a data instance and a row is a true class of the
data instance.
15. The method of claim 14, further comprising displaying
in the real-time visual feedback user interface an ensemble
classifier confusion matrix for the ensemble classifier that
displays changes in real-time as the weights of the component
classifiers are adjusted.
16. The method of claim 15, further comprising:
partitioning the ensemble classifier confusion matrix to
separate data instances in the ensemble classifier confu-
sion matrix into a plurality of partitioned sections, where
each partitioned section contains all the component clas-
sifiers and associated weights, and where each parti-
tioned section is represented by a square on a diagonal
line of the ensemble classifier confusion matrix; and

allowing a user to unpartition any partitioned section
whenever the user is dissatisfied with the results of par-
titioning.

17. The method of claim 16, further comprising:

selecting a partitioned section to process;

adjusting weights of at least one of the component classi-

fiers in the selected partitioned section to form a
weighted linear combination of component classifiers
for the selected partitioned section;

displaying to the user an effect of the weight adjustment in

the selected partitioned section on the overall accuracy
of the ensemble classifier; and

repeating the partitioning of the ensemble classifier confu-

sion matrix, the weight adjustment of selected parti-
tioned sections, and displaying the effect of the weight
adjustment on the overall accuracy of the ensemble clas-
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sifier until the user is satisfied with the overall accuracy
to obtain the optimized ensemble classifier.
18. A real-time visual feedback user interface for display

on a display device of a general-purpose computing device,
comprising:

a component classifier view that displays a confusion
matrix for each of a plurality of component classifiers,
where the confusion matrix represents classification
results based on a training data set by plotting data
instances in a grid where a column is an predicted class
of a data instance and a row is a true class of the data
instance;

an ensemble classifier view that displays an ensemble clas-
sifier confusion matrix for an ensemble classifier, where
the ensemble classifier is a weighted linear combination
of the plurality of component classifiers, and where a
weight of each component classifier determines an
amount of influence that the component classifier has on
the weighted linear combination of the multiple compo-
nent classifiers;

a linear combination tool that provides interactive control
of the weighted linear combination such that interacting
with the linear combination tool changes the weights of
the component classifiers;

a main accuracy area that displays an overall accuracy of
the ensemble classifier and changes in real time as a user
interacts with the linear combination tool to change the
weights of the component classifiers;

a diagonal line on the ensemble classifier confusion matrix
that represents a plot of ideal classification results;

squares of various sizes along the diagonal line that repre-
sent partitioned sections of the ensemble classifier con-
fusion matrix, where each of the partitioned sections
contains all of'the component classifiers and a portion of
classes in the training data set; and

a distinguishing border that encompasses a perimeter of
one of the squares at a time to indicate that a particular
selected partitioned section of the ensemble classifier
confusion matrix is in focus, meaning that the user is
able to use the linear combination tool to interactively
adjust weights of the component classifiers contained in
the selected partitioned section and to see in real-time
changes to the overall accuracy in the main accuracy
area.

19. The real-time visual feedback user interface of claim

18, wherein the linear combination tool further comprises:

a polygon having a number of sides that is equal to a
number of the plurality of component classifiers; and
an adjustment object inside the polygon that the user can
interactively move within the polygon to change the
weights of the plurality of component classifiers and a
consequently the overall accuracy of the ensemble clas-
sifier.

20. The real-time visual feedback user interface of claim

19, further comprising defining the overall accuracy as a
percentage of data instances on the diagonal line to all data
instances on the ensemble classifier confusion matrix.
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