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DETERMINATION OF A BASIS FOR A NEW
DOMAIN MODEL BASED ON A PLURALITY
OF LEARNED MODELS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] The instant application is related to co-pending
application having attorney docket number 33836.00.0335
filed on even date herewith.

FIELD

[0002] The instant disclosure relates generally to machine
learning systems and, in particular, to the determination of
which of a plurality of learned models to use as a basis for
creating a learned model for a new domain.

BACKGROUND

[0003] A variety of machine learning systems and applica-
tions are well known in the art. In many machine learning
systems, the ability of the system to understand how to pro-
cess (e.g., classify, cluster, etc.) newly presented data is deter-
mined according to a model (referred to herein as a learned
model) that is itself developed based on input data previously
provided to the machine. Stated another way, such models
attempt to discover and mimic the patterns found in the input
data (sometimes referred to herein simply as “input”) such
that outcomes may be properly predicted for subsequently
processed inputs. A variety of techniques are known in the art
for developing such models, which are often tailored to the
specific nature of the input data being processed and the
desired outcomes to be achieved. For example, a significant
body of literature has been developed concerning machine
learning systems for developing understanding of real-world
domains based on the analysis of text. As used herein, a
domain may be thought of as a particular subject/topic/thing
of interest.

[0004] Generally, the performance of learned models
improves as the relative breadth of the domain is restricted.
That is, the accuracy ofthe learned model is likely to be better
if the breadth of the input data is relatively narrow. For
example, the semantic content of text relating to the domain
of “digital cameras” is likely to include fewer patterns to be
discovered, and therefore more likely to be accurate, than the
broader domain of “image capture devices.” Conversely,
while more restricted domains may present the opportunity
for more accurate learned models, the narrow scope ofa given
domain may result in a situation where there is a relative lack
of information from which the system can develop a learned
model in the first instance.

[0005] Additionally, some machine learning systems rely-
ing on so-called supervised learning wherein the system is
provided with a quantity of training data from which the
learned model is at least initially developed. Such training
data typically comprises input data (e.g., natural language
text samples) where the desired outcome is known and pro-
vided to the machine learning system. For example, in the
case of alearning system implementing a classification-based
spam filter, the system may be provided with examples of text
for which the determination of “spam” or “not spam” has
already been made. Based on this training data, the learning
system can develop a learned model reflecting those charac-
teristics of the text that best predict when something will be
classified or labeled as “spam” or “not spam” such that sub-
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sequent input text may be classified according to the learned
model in order to predict the outcome, i.e., whether or not the
new input should be classified as spam. While such systems
have proven successful, the relative cost of obtaining accurate
and useful training data can be quite expensive, particularly,
for example, where human subject matter experts are required
to develop the training data.

[0006] Techniques that permit the accurate and cost-effec-
tive development of learned models for use in machine learn-
ing systems would represent a welcome addition to the art.

SUMMARY

[0007] The instant disclosure describes techniques for rap-
idly and efficiently developing learned models for new
domains addressed by machine learning systems. In particu-
lar, the techniques described herein take advantage of the fact
that input data underlying learned models for different
domains is often related such that substantial overlap exists.
Thus, in a machine learning system in which a plurality of
learned models, each corresponding to a unique domain,
already exist, new domain input for training a new domain
model may be provided. In an embodiment, statistical char-
acteristics of features in the new domain input are first deter-
mined. The resulting new domain statistical characteristics
are then compared with statistical characteristics of features
in prior input previously provided for training at least some of
the plurality of learned models. Thereafter, at least one
learned model of the plurality of learned models is identified
as the basis for the new domain model when the new domain
input statistical characteristics compare favorably with the
statistical characteristics of the features in the prior input
corresponding to the at least one learned model. In an
embodiment, the statistical characteristics employed com-
prise frequency of occurrence of the features in both the new
input data and the prior data. Furthermore, while various
metrics may be employed for purpose of the comparison, in
an embodiment, a Hellinger metric used for this purpose.
Furthermore, the plurality of learned models may comprise
combinations of learned models and/or subsets of individual
learned models. Once identified, the at least one learned
model may serve as the basis for retraining according to the
new domain input to provide the new domain model that, in
turn, may subsequently be used to analyze additional new
domain input. In one embodiment, the various inputs (the new
domain input, prior input and additional new domain input)
may all take the form of text. Various methods and apparatus
in accordance with these techniques are described.

[0008] Using the techniques described herein, new models
may be developed while alleviating the delay in deploying
such models. Additionally, to the extent that the starting point
for a new model may leverage the learning incorporated into
aprior model, at least the initial accuracy of the resulting new
model may be improved in comparison.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] The features described in this disclosure are set forth
with particularity in the appended claims. These features will
become apparent from consideration of the following
detailed description, taken in conjunction with the accompa-
nying drawings. One or more embodiments are now
described, by way of example only, with reference to the
accompanying drawings wherein like reference numerals
represent like elements and in which:
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[0010] FIG. 1 is an illustration of a plurality of learned
models arranged according to a tree taxonomy in accordance
with an embodiment of the instant disclosure;

[0011] FIG. 2 is an illustration of a plurality of learned
models arranged according to a web taxonomy in accordance
with an embodiment of the instant disclosure;

[0012] FIG.3 is ablock diagram of a processing device that
may be used to implement various embodiments in accor-
dance with the instant disclosure;

[0013] FIG. 4 is a flow chart illustrating processing in
accordance with an embodiment of the instant disclosure; and
[0014] FIG. 5 is a block diagram of an apparatus for deter-
mining which of a plurality of learned models to use as a basis
for a new domain model in accordance with a text-based
embodiment of the instant disclosure.

DETAILED DESCRIPTION OF THE PRESENT
EMBODIMENTS

[0015] Referring now to FIGS. 1 and 2, examples of a
plurality of learned models arranged according to various
taxonomies are illustrated. An assumption of the instant dis-
closure is that the plurality of learned models, such as those
illustrated in FIGS. 1 and 2, have been previously developed
according to prior input data. More specifically, each of the
plurality of models are developed for a corresponding domain
based on prior input data that corresponds to that model’s
domain. Techniques for providing learned models are well
known in the art including, for example, those described in
the co-pending application having attorney docket number
33836.00.0335, owned by the instant assignee and filed on
even date herewith (“the Co-Pending Application™), the
teachings of which co-pending application are incorporated
herein by this reference. While the teachings of the Co-Pend-
ing Application are generally directed to learned models that
are primarily used as sentiment classifiers, it is noted that the
instant disclosure in not limited in this regard. In fact, the
techniques described herein for determining which of a plu-
rality of learned models to use as the basis for a new domain
model may be equally applied to virtually any type of learned
model in which features of input data are used to develop such
learned models. Furthermore, the instant disclosure in not
limited according to the type of input data used to develop the
learned models. For example, in one embodiment described
herein, the input data may comprise text, such as natural
language text documents or the like. However, as known in
the art, other types of input data (such as images) where
features of the input data may be analyzed may be equally
employed.

[0016] Referring once again to FIG. 1, an example of a tree
taxonomy 100 is shown in which the tree taxonomy 100
comprises a top node 102 a plurality of middle nodes 104, and
a plurality of bottom nodes 106. Each node of the tree tax-
onomy 100 represents one learned model. It is understood
that the actual number and levels of nodes in the tree tax-
onomy 700 may vary, but at least one top node and two bottom
nodes are usually necessary for a meaningful tree taxonomy.
As shown in FIG. 1, each node (i.e., learned model) is asso-
ciated with a domain or subject labeled S1 to S10, respec-
tively. The tree taxonomy 100 is organized based on the
relationship between the subjects associated with each node.
For example, suppose the sets of input data used to provide
the learned models S1, S2, and S3 are online product reviews
of “scarves”, “gloves” and “belts”, respectively; that the sets
of input data used to provide learned model S7 are more
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general online product reviews of “accessories”; and, finally,
that the sets of input data used to provide learned model S10
are yet more general online product reviews of “apparel”.
Accordingly, the domains associated with the learned models
follow the subjects of the corresponding input data: learned
model S1 concerns “scarves”, learned model S2 concerns
“gloves”, learned model S3 concerns “belts”, learned model
S7 concerns “accessories” and learned model S10 concerns
“apparel”. Note that the respective models become increas-
ingly generalized from the bottom-most nodes 106 to the top
node 102. Thus, in an embodiment, at least some of the
plurality of learned models (e.g., S1, S2, S3) may be aggre-
gated to form another learned model (e.g., S7) based on the
subjects associated with the at least some of the plurality of
sentiment classifiers. As known in the art, any given learned
model may be augmented by the provision of additional input
data.

[0017] In another embodiment with reference to FIG. 2, a
web taxonomy 200 may instead be used. Different from the
hierarchical structure of the tree taxonomy 100, all the nodes
in the web taxonomy 200 are at the same level and thus, there
are no top node or bottom nodes in the web taxonomy 200. In
addition, each node in the tree taxonomy 100 is only con-
nected to its upper node and/or its lower nodes, while in the
web taxonomy 200, each node may be connected (associated
with) to any number of other nodes based on the relevancy of
their associated subjects. For example, given their related
subjects, the sentiment classifiers S1, S2, S3, and S7 are all
connected with each other in the web taxonomy 200.

[0018] As described in the Co-Pending Application, the
various taxonomies 100, 200 may be used to identify which of
the plurality of learned models to use for any new input data
to be analyzed. For example, and building upon the examples
previously described, the new input may be one or more
online product reviews of a new belt. Referring back to FIG.
1, if the learned models are organized in the tree taxonomy
100, the subject associated with the new input can be tra-
versed from a bottom node to the top node. Thus, the learned
model S3 corresponding to “belts” is identified as the first
applicable learned model for the new input due to the match-
ing of their subjects. Since leaned model S3 “belts” is con-
nected to its upper node, learned model S7 “accessories”, it
too can be identified as another applicable learned model
since its associated subject “accessories” is also related to the
subject “belt” of the new input. Likewise, the top node,
learned model S10 “apparel”, of the tree taxonomy 100 may
also be relevant given its “apparel” domain. Accordingly,
three applicable learned models (S3, S7, and S10) are iden-
tified in this example for analyzing the new input. Referring
now to FIG. 2, if the learned models are organized in the web
taxonomy 200, once an initial learned model is identified, the
connections between the learned models can be traversed any
desired number of times away from the identified node in
order to determine whether each of its connected nodes are
also applicable for the new input based upon relevance deter-
minations of their associated subjects.

[0019] There may be instances, however, where none of the
existing learned models in the taxonomy 100, 200 represents
an identical match (or even nearly so) for the domain of a
given set of input data. For example, where the input data
corresponds to the new domain of “jewelry”, the taxonomies
100, 200 as defined above do not comprise an explicit “jew-
elry” domain. In this case, then,, it may make sense to estab-
lish a new domain model corresponding to the new domain of
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“jewelry”. However, if the input data for this new domain is
presently sparse or limited in quantity, then the initial learned
model may not perform very well. On the other hand, it seems
evident that the new domain of “jewelry” would like have
some features (within its input data) in common with any of a
number of the learned models existing under the learned
model S10 “apparel” or even the learned model S7 “accesso-
ries”. Given this likely relatedness, a better initial learned
model for the new “jewelry” domain may be provided if it is
based on one of the plurality of learned models already within
the taxonomy 100, 200, or even combinations of such models
or subsets of such models. As described in further detail
below, the instant disclosure describes techniques for identi-
fying such existing learned models to serve as the basis for a
new domain model.

[0020] FIG. 3 illustrates a representative processing device
300 that may be used to implement the teachings of'the instant
disclosure. The device 300 may be used to implement, for
example, the processing illustrated below with regard to FIG.
4 and/or to implement one or more components of the appa-
ratus 500 illustrated in FIG. 5, as described in greater detail
below. Regardless, the processing device 300 includes a pro-
cessor 302 coupled to a storage component 304. The storage
component 304, in turn, includes stored executable instruc-
tions 316 and data 318. In an embodiment, the processor 302
may include one or more processing devices such as a micro-
processor, microcontroller, digital signal processor, or com-
binations thereof capable of executing the stored instructions
316 and operating upon the stored data 318. Likewise, the
storage component 304 may include one or more devices such
as volatile or nonvolatile memory including but not limited to
random access memory (RAM) or read only memory (ROM).
Further still, the storage component 304 may be embodied in
a variety of forms, such as a hard drive, optical disc drive,
floppy disc drive, etc. Processor and storage arrangements of
the types illustrated in FIG. 3 are well known to those having
ordinary skill in the art, for example, in the form of laptop,
desktop, tablet, or server computers. In one embodiment, the
processing techniques described herein are implemented as a
combination of executable instructions and data within the
storage component 304.

[0021] As shown, the processing device 300 may include
one or more user input devices 306, a display 308, a periph-
eral interface 310, other output devices 312, and a network
interface 314 in communication with the processor 302. The
user input device 306 may include any mechanism for pro-
viding user input to the processor 302. For example, the user
input device 306 may include a keyboard, a mouse, a touch
screen, microphone, and suitable voice recognition applica-
tion or any other means, whereby a user of the processing
device 300 may provide input data to the processor 302. The
display 308 may include any conventional display mecha-
nism such as a cathode ray tube (CRT), flat panel display, or
any other display mechanism known to those having ordinary
skill in the art. In an embodiment, the display 308, in con-
junction with suitable stored instructions 316, may be used to
implement a graphical user interface. Implementation of a
graphical user interface in this manner is well known to those
having ordinary skill in the art. The peripheral interface 310
may include the hardware, firmware and/or software neces-
sary for communication with various peripheral devices, such
as media drives (e.g., magnetic disk or optical disk drives),
other processing devices, or any other input source used in
connection with the instant techniques. Likewise, the other

Jan. 17,2013

output device(s) 312 may optionally include similar media
drive mechanisms, other processing devices, or other output
destinations capable of providing information to a user of the
processing device 300, such as speakers, LEDs, tactile out-
puts, etc. Finally, the network interface 314 may include
hardware, firmware, and/or software that allows the processor
302 to communicate with other devices via wired or wireless
networks, whether local or wide area, private or public, as
known in the art. For example, such networks may include the
World Wide Web or Internet, or private enterprise networks,
as known in the art.

[0022] While the processing device 300 is a form for imple-
menting the various embodiments described herein, includ-
ing those shown in FIGS. 4 and 5, those having ordinary skill
in the art will appreciate that other, functionally equivalent
techniques may be employed. For example, rather than using
a single processing device 300, the functionality described
herein may be separated over multiple processing devices.
Furthermore, as known in the art, some or all of the function-
alities implemented via executable instructions may also be
implemented using firmware and/or hardware devices such as
application specific integrated circuits (ASICs), program-
mable logic arrays, state machines, etc. Further still, other
implementations of the processing device 300 may include a
greater or lesser number of components than those illustrated.
Once again, those of ordinary skill in the art will appreciate
the wide number of variations that may be used is this manner.

[0023] Referring now to FIG. 4, processing in accordance
with an embodiment is further illustrated. As noted above, the
processing illustrated in FIG. 4 may be performed by the
processing device 300 of FIG. 3, wherein the functionalities
described are implemented in the form of stored instructions
and data executed by the processor 302. However, as further
noted above, other functionally equivalent implementations
are also possible. Regardless, beginning at block 402, statis-
tical characteristics of features in new domain input are deter-
mined to provide new feature statistical characteristics. As
used herein, a feature is any attribute of the input data (in this
case, the new domain input) having utility, when character-
ized within a learned model, to discriminate proper outcomes
for any given input data. For example, where learned models
are applied to image processing, such features may comprise
location-dependent hue and/or saturation intensities, or
wavelet coefficients as known in the art. As another example,
features of text-based input that may be used are the words or
phrases themselves of a given text sample, their correspond-
ing parts of speech tags, etc. In a similar vein, the statistical
characteristics employed at block 402 will necessarily
depend upon the nature of the features being used. For pur-
poses of the instant disclosure, the statistical characteristics
employed should permit comparison of the relative degree of
similarity between given sets of input data that have been
used, or are going to be used, to establish a learned model.
That is, the statistical characteristic chosen for this purpose
should provide a representation of sets of input data that
permits comparisons and differentiation between the sets of
input data. For example, the statistical characteristic deter-
mined at block 402 may be based on the frequency of such
word, phrase, etc. features within the input data. In one
embodiment, the well-known term frequency-inverse docu-
ment frequency (TF-IDF) weight determination is used to
assign scores to each feature of a given document, thereby
permitting characterization of each document. As known,
TF-IDF is based on two intuitions: first, the more a feature
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occurs in a document (TF) the more important it is in describ-
ing that document and, second, the more a feature occurs in
other documents (IDF) the less important it is in describing
that document. For example, if the feature “technical_sup-
port” occurs five times in a given document, its TF will be 5.
On the other hand, if that same feature occurs within one
hundred documents in a collection, the IDF would be 100. To
combine these terms to derive the feature’s score, in an
embodiment, the formula log(TF/IDF) may be employed,
although those having ordinary skill in the art will appreciate
that other combinations of the TF and IDF terms may be
employed. In a further embodiment, each TF-IDF score may
be further normalized by the well-known L*-norm taken
across all scores for the document. Regardless, each docu-
ment may then be characterized as a vector, for example, of
the TF-IDF scores for its constituent features.

[0024] Although not expressly illustrated as a block in FIG.
4, the same type of statistical characteristics are also deter-
mined for the plurality of learned models, e.g., the pre-exist-
ing learned models set forth in the taxonomies 100, 200. For
example, in an embodiment, the statistical characteristics for
a learned model may be based on the features in prior input
dataused to train that learned model. The determination of the
statistical characteristics of the prior input data for each of the
plurality of learned models may be done at time of creation of
a given learned model, particularly where the prior input data
used to create the given learned model remains unchanged
since its creation. Alternatively, where a given learned model
is updated from time to time based on its prior input data, then
the determination of the statistical characteristics for that
given learned model may be determined each time the model
is updated, or prior to comparison of that model’s statistical
characteristics with other statistical characteristics. In short,
the instant disclosure is not limited by when the statistical
characteristics of features in the prior data are determined.

[0025] In another embodiment, the statistical characteris-
tics for a given learned model of the plurality of learned
models may derived from, or directly form a part of, the
learned model itself. For example, as known in the art, it is
possible to create a learned model directly without the use of
training data, i.e., the conditional probabilities of features in
the model can be specified directly by a user rather than
derived from actual training data. Thus, in these cases where
no prior input data is available, the conditional probabilities
themselves of the given learned model may serve as the
statistical characteristics to be compared against the condi-
tional probabilities of a learned model derived from the new
domain input data.

[0026] Regardless, processing continues at block 404
where the new feature statistical characteristics are compared
with the statistical characteristics of features in the prior input
corresponding to the plurality of learned models. That is, the
comparison at block 404 determines how similar the new
feature statistical characteristics are to the statistical charac-
teristics of features in the prior input. For example, in an
embodiment, the new feature statistical characteristics are
compared with the statistical characteristics of features in the
prior input corresponding to each learned model of the plu-
rality of learned models. In the scenario described above in
which TF-IDF scores are used to create vectors that charac-
terize documents, such comparisons between inputs may be
achieved by performing pair-wise vector comparisons
between documents in the respective inputs. However, those
having ordinary skill in the art will appreciate that other
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techniques may be equally employed in this scenario, e.g.,
first clustering documents and comparing the clusters, etc. In
another embodiment, the plurality of learned models may
include combinations of existing learned models as in the
case, for example, where a learned model for “belts” is com-
bined with another learned model for “scarves”, which result-
ing combined learned model may then be separately com-
pared on the basis of'its own statistical characteristics with the
new feature statistical characteristics. In yet another embodi-
ment, the plurality of learned models may include a subset of
a given learned model, for example, again the case of the
“belts” learned model, where a subset may include a learned
model based only on input data derived from certain sources,
such as advertisement copy. While it may be desirable to
compare the new feature statistical characteristics against the
statistical characteristics corresponding to each of the plural-
ity of learned models, this is not a requirement as it may be
desirable to compare against only some of the available plu-
rality of learned models.

[0027] Continuing at block 406, at least one learned model
is identified as the basis for the new domain model when the
new feature statistical characteristics compare favorably with
the statistical characteristics of features in prior input data
corresponding to the at least one learned model. As used
herein, a favorable comparison results when the similarity of
compared statistical characteristics exceeds a desired thresh-
old according to a suitable metric. For example, in one
embodiment, a Hellinger metric or distance, as known in the
art, can be calculated based on the statistical characteristics
being compared. Of course, other suitable metrics known in
the art may be employed, such as cosine similarity, Jaccard
index, Dice coefficient, KL divergence, root mean square
error, etc. Regardless of the metric employed, increasingly
lower distances or differences as evaluated by the metric
correspond to increasingly favorable comparisons. Thus, in
one embodiment, the comparison resulting in the lowest dis-
tance or difference is selected as the best, and the learned
model corresponding to the prior input giving rise to the
statistical characteristics is identified as learned model to be
used as the basis for the new domain model. Alternatively,
where there may be multiple learned models giving rise to
distance or difference values below a threshold, then it may be
desirable to combine the multiple learned models to serve as
the basis for the new domain model. As a further alternative,
where a given learned model spans multiple sub-domains, the
corresponding prior input could be divided into correspond-
ing subsets with the comparison described above proceeding
on the basis of such subsets.

[0028] Having identified at least one learned model of the
plurality of learned models as the basis for the new domain
model, additional processing may occur as illustrated by
blocks 408 and 410. Thus, at block 408, the new domain
model may be provided based on the at least one learned
model identified at block 406 and the new domain input. For
example, where the learned models are developed according
to a supervised or semi-supervised algorithm, the new
domain input may be used as additional training data to re-
train the at least one learned model. The resulting, retrained
model is then provided as the new domain model. Further-
more, using an active learning component (as illustrated in
FIG. 5 and described below), active learning techniques may
be applied in the process of providing the new domain model.
Thereafter, as shown by block 410, the new domain model
may be employed to analyze additional new input data. For
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example, where the respective learned models comprise text-
based classifiers, the new domain model may be used to
classify additional new input text in order to classify the new
additional input text according to the new domain.

[0029] Referring now to FIG. 5, an apparatus 500 for use in
conjunction with text-based learned models is illustrated.
Although the apparatus 500 is described herein as being par-
ticularly applicable to text-based applications, it will be
appreciated that the illustrated structure can be equally
applied applications based on other types of input data.
[0030] The apparatus 500 comprises a statistical determi-
nation component 502 operatively connected to a storage
component 504 and a comparator 512. In turn, the comparator
512 is operatively coupled to a training component 516 and
optionally operatively connected to the storage component
504. The training component 516 is operatively coupled to the
storage component 504 and, optionally, an active learning
component 521. Finally, an analysis component 522 is opera-
tively coupled to the training component 522 and optionally
operatively coupled to the storage component 504.

[0031] As shown, new text input (corresponding to a new
domain, as described above) is provided to the statistical
determination component 502. In this embodiment, the sta-
tistical determination component 502 establishes a distribu-
tion of the relative frequencies of words and/or phrases (i.e.,
features) within the new text. Additionally, this same statis-
tical characterization is performed by the statistical determi-
nation component 502 on the prior text 506 used to establish
each of the prior learned models stored in the storage com-
ponent 504. As further illustrated, the new text may be stored
in the storage component 504 for subsequent association with
the new domain model 520.

[0032] The statistical determination component 502 pro-
vides the statistical characteristics of the new text 508 (i.e.,
the new features statistical characteristics) as well as the
statistical characteristics of the features in the prior text 506
for each of the learned models being compared to the com-
parator 512. As described above, the comparator 512 employs
a suitable comparison metric to identify which of the prior
learned models should serve as the basis for the new domain
model. To this end, the comparator 512 may obtain identifi-
cations 513 of the learned models corresponding to the sta-
tistical characteristics being compared, thereby allowing the
comparator 512 to identify which of the learned models being
compared results in favorable comparisons, as described
above. Alternatively, the statistical characteristics 510 corre-
sponding to the learned models may also include identifica-
tions of the corresponding models for this same purpose.
Regardless, the output of the comparator 512 is one or more
identifications of learned models to serve as the basis for the
new domain model.

[0033] Inaddition to the identification(s) of the at least one
learned model identified by the comparator 512, the training
component 516 also takes as input the at least one learned
model 518 thus identified (or at least a copy thereof) as well
as the new text, as shown. Using whatever learning algorithm
that has been previously employed to develop the plurality of
learned models stored in the storage component 504, the
training component 516 creates the new domain model 520
by augmenting (or retraining) the at least one learned model
518 based on the new text. For example, in the case of a
classifier employing a supervised learning algorithm, the new
text is used to provide the new domain classifier by starting
with the conditional probabilities (as known in the art) estab-
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lished by the at least one identified classifier and retraining
based on the new text. In this manner, the previously estab-
lished learned model (classifier, in the previous example) can
be used to effectively “bootstrap” an entirely new learned
model in a quick and efficient manner. As further illustrated in
FIG. 5, the resulting new domain model may then be provided
back to the storage component 504 for later recall. Also, as
noted above, the new domain model 520 is associated with the
new text within the storage model, i.e., the new text used to
establish the new domain model 520 is essentially now the
prior text, as that term is used above, for the new domain
model 520.

[0034] As further shown, an active learning component 521
may be provided in conjunction with the training component
516. As described, for example, in U.S. patent application Ser.
No. 11/855,493 (the “’493 application™), incorporated herein
in its entirety by this reference and having the same assignee
as the instant application, active learning techniques incorpo-
rate user input or feedback to improve the accuracy of models
developed by learning-capable algorithms. In the case of
classification algorithms applied to text, such techniques are
capable of determining which words, if designated by a user
as being either an attribute or value, would most improve the
accuracy of the learning model. Generally, this is done by
estimating how much the model can learn from knowing the
label of an unlabeled example. Well known techniques for
accomplishing this include, but are not limited to, random
sample selection or the so-called density or KL.-divergence
sample selection metrics. Once such examples are selected,
they are presented to a user (e.g., through a graphical user
interface, such as that shown and described in the *493 appli-
cation) for labeling. Based on user input thus provided, the
models under consideration may then be updated accord-
ingly, as known in the art.

[0035] Finally, as further shown in FIG. 5, the analysis
component 522 obtains the new domain model 520 either
directly from the training component 516 or from the storage
component 504.

[0036] As known in the art, the new domain model 520 is
then used by the analysis component 522 to analyze addi-
tional new text to provide analysis results. Once again, in the
case of text-based classifier for example, the analysis compo-
nent 522 can use the new domain classifier to classify the
additional new text, i.e., the analysis results will indicate the
likelihood that the additional new text is properly classified in
the new domain.

[0037] While particular preferred embodiments have been
shown and described, those skilled in the art will appreciate
that changes and modifications may be made without depart-
ing from the instant teachings. It is therefore contemplated
that any and all modifications, variations or equivalents of the
above-described teachings fall within the scope of the basic
underlying principles disclosed above and claimed herein.

1. A method, in a machine learning system comprising a
plurality of learned models uniquely corresponding to a plu-
rality of domains, for determining which of the plurality of
learned models to use as a basis for a new domain model, the
method comprising:

determining, by a processing device, statistical character-

istics of features in new domain input to provide new
feature statistical characteristics, wherein the new
domain input is provided for training the new domain
model,;
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comparing, by the processing device, the new feature sta-
tistical characteristics with statistical characteristics of
at least some of the plurality of learned models; and

identifying, by the processing device, at least one learned
model of the plurality of learned models as the basis for
the new domain model when the new feature statistical
characteristics compare favorably with the statistical
characteristics of the features in the prior input corre-
sponding to the at least one learned model.

2. The method of claim 1, wherein the statistical charac-
teristics of the features in the new domain input and the
statistical characteristics of the features in the prior input are
based on frequency of occurrence of the features in the new
domain input and in the prior input.

3. The method of claim 1, wherein the statistical charac-
teristics of the at least some of the plurality of learned models
are based on prior input for training the at least some of the
plurality of learned models.

4. The method of claim 1, wherein comparing the new
feature statistical characteristics with the statistical charac-
teristics of the features in the prior input further comprises
comparing based on a Hellinger metric.

5. The method of claim 1, wherein a first learned model of
the plurality of learned models comprises a combination of
other learned models of the plurality of models.

6. The method of claim 1, wherein a first learned model of
the plurality of learned models comprises a subset of another
learned model of the plurality of models.

7. The method of claim 1, wherein the new domain input
comprises text.

8. The method of claim 1, further comprising:

providing, by the processing device, the new domain
model based on the at least one learned model and the
new domain input.

9. The method of claim 8, further comprising providing the

new domain model based on active learning input.

10. The method of claim 8, further comprising:

analyzing, by the processing device, additional new
domain input based on the new domain model.

11. The method of claim 10, wherein the additional new

domain input comprises text.

12. An apparatus, for use in a machine learning system
comprising a plurality of learned models uniquely corre-
sponding to a plurality of domains, for determining which of
the plurality of learned models to use as a basis for a new
domain model, the apparatus comprising:

a processor;

a storage device, operatively connected to the processor,
and having stored thereon instructions that, when
executed by the processor, cause the processor to:

determine statistical characteristics of features in new
domain input to provide new feature statistical charac-
teristics, wherein the new domain input is provided for
training the new domain model;

compare the new feature statistical characteristics with
statistical characteristics of at least some of the plurality
of learned models; and

identify at least one learned model of the plurality of
learned models as the basis for the new domain model
when the new feature statistical characteristics compare
favorably with the statistical characteristics of the fea-
tures in the prior input corresponding to the at least one
learned model.
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13. The apparatus of claim 12, wherein the statistical char-
acteristics of the features in the new domain input and the
statistical characteristics of the features in the prior input are
based on frequency of occurrence of the features in the new
domain input and in the prior input.

14. The apparatus of claim 12, wherein the statistical char-
acteristics of the at least some of the plurality of learned
models are based on prior input for training the at least some
of the plurality of learned models.

15. The apparatus of claim 12, wherein those instructions
that, when executed, cause the processor to compare the new
feature statistical characteristics with the statistical charac-
teristics of the features in the prior input are further operative
to compare based on a Hellinger metric.

16. The apparatus of claim 12, wherein a first learned
model of the plurality of learned models comprises a combi-
nation of other learned models of the plurality of models.

17. The apparatus of claim 12, wherein a first learned
model of the plurality of learned models comprises a subset of
another learned model of the plurality of models.

18. The apparatus of claim 12, wherein the new domain
input comprises text.

19. The apparatus of claim 12, the storage device further
comprising instructions that, when executed by the processor,
cause the processor to:

provide the new domain model based on the at least one
learned model and the new domain input.

20. The apparatus of claim 19, wherein those instructions
that, when executed by the processor, cause the processor to
provide the new domain model are further operative to pro-
vide the new domain model based on active learning input.

21. The apparatus of claim 20, the storage device further
comprising instructions that, when executed by the processor,
cause the processor to:

analyze additional new domain input based on the new
domain model.

22. The apparatus of claim 21, wherein the additional new
domain input comprises text.

23. An apparatus, for use in a machine learning system
comprising a plurality of learned models uniquely corre-
sponding to a plurality of domains, for determining which of
the plurality of learned models to use as a basis for a new
domain model, the apparatus comprising:

a statistical determination component operative to deter-
mine statistical characteristics of features in prior input
provided for training at least some of the plurality of
learned models and to determine statistical characteris-
tics of features in new domain input to provide new
feature statistical characteristics, wherein the new
domain input is provided for training the new domain
model,;

a comparator, operatively connected to the statistical deter-
mination component, that compares the new feature sta-
tistical characteristics with the statistical characteristics
of'the features in the prior input and identifies at least one
learned model of the plurality of learned models as the
basis for the new domain model when the new feature
statistical characteristics compare favorably with the
statistical characteristics of the features in the prior input
corresponding to the at least one learned model.
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24. The apparatus of claim 23, wherein the statistical deter-
mination component is further operative, when determining
the statistical characteristics of features in the new domain
input and the statistical features in the prior input, to deter-
mine frequency of occurrence of the features in the new
domain input and the prior input.

25. The apparatus of claim 23, wherein the comparator
compares the new feature statistical characteristics with the
statistical characteristics of the features in the prior input
based on a Hellinger metric.

26. The apparatus of claim 23, wherein the new domain
input and the prior input comprise text.
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27. The apparatus of claim 23, further comprising:

a training component, operatively connected to the com-
parator, operative to provide the new domain model
based on the at least one learned model and the new
domain input.

28. The apparatus of claim 27, further comprising:

an analysis component, configured to receive the new
domain model, operative to analyze additional new
domain input based on the new domain model.

29. The apparatus of claim 28, wherein the additional new

domain input comprises text.
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