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ABSTRACT OF THE DISCLOSURE
Combined active and semi-supervised learning to reduce an amount of manual labeling when
training a spoken language understanding model classifier. The classifier may be trained with
human-labeled utterance data. Ones of a group of unselected utterance data may be selected for
manual labeling via active learning. The classifier may be changed, via semi-supervised learning,

based on the selected ones of the unselected utterance data.
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COMBINING ACTIVE AND SEMI-SUPERVISED LEARNING FOR SPOKEN
LANGUAGE UNDERSTANDING

Field of the Invention

[0002] The present invention relates to speech recognition and more specitically to

call classification of speech for spoken language systems.

Background

[0003] An objective of spoken dialog systems is to identify a speaker's intent, expressed 1n
natural language, and take actions accordingly, to satisfy the intent. In a natural spoken dialog
system, a speaker's utterance may be recognized using an automatic speech recognizer (ASR).
The speaker's intent may be identified from a recognized sequence of words in the utterance by
using a spoken language understanding (SLU) component. Identifying the speaker's intent may
be framed as a classification problem for goal-oriented call routing systems. As a call
classification example, consider the utterance "I would like to know my account balance," in a
customer care application. Assuming that the utterance is recognized correctly, the
corresponding intent or the call-type would be Request(Account Balance) and the action would
be learning the account number and prompting the balance to the user or routing this call to the

Billing Department.

[0004] When statistical classifiers are used in such systems, they may be trained using large amounts
of task data which is usually transcribed and then labeled (assigning one or more predefined call-

type(s) to each utterance) by humans. This is a very expensive and labor-intensive process. The
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bottleneck in building an accurate statistical system is the time spent labeling in order to have high
quality labeled data.

[0005] Typically, examples to be labeled are chosen randomly so that the training data matches the
test set. In machine learning literature, learning from randomly selected examples is called passive
learning. Recently, a new set of learning algorithms, in which a learner acts on the examples to be
labeled, have been proposed. These new learning algorithms are called active learning. Using active
learning, it is possible to get better performances using a subset of the training data.

[0006] The goal of active learning is to reduce a number of training examples to be labeled by
selectively sampling a subset of the unlabeled data. This may be done by inspecting the unlabeled
examples, and selecting the most informative ones with respect to a given cost function for human
labeling. In other words, the goal of active learning algorithms is to select examples which will result
in the largest increase in performance, and thereby reduce the human labeling eftort. Selectively
sampling utterances assumes that there is a pool of candidate utterances to label, which is much
more than the capacity of the labelers. In a deployed natural dialog system, this is indeed the case, .
where a constant stream of raw data is collected from the field to continuously improve the
performance of the system. Then the aim of active learning is to derive a smaller subset of all
utterances collected from the field for human labeling.

[0007] A complimentary problem involves knowing how to intelligently exploit the remaining set of
utterances that are not labeled by a human. Techniques for building better call classification systems

in a shorter time frame are desired.

SUMMARY OF THE INVENTION
[0008] Additional features and advantages of the invention will be set forth in the description which

follows, and in part will be obvious from the description, or may be learned by practice of the
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invention. The features and advantages of the invention may be realized and obtained by
means of the instruments and combinations particularly pointed out in the appended claims.

These and other features of the present invention will become more fully apparent tfrom the
following description and appended claims, or may be learned by the practice of the invention
as set forth herein.

[0009] Certain exemplary embodiments can provide a method for training a spoken language
understanding model classifier, the method comprising: training the spoken language
understanding model classifier with human-labeled utterance data to obtain an initial model;
labeling utterance data from a stream of incoming data according to call type, to obtain
classifier-labeled utterance data; selecting via active learning from the labeled utterance data
of the stream of incoming data, candidate utterance data for manual labeling based on a first
threshold for active learning, to obtain selected manually-labeled utterance data; and changing
the classifier, via semi-supervised learning, by changing a loss function to fit the initial model,
and based on the classifier-labeled utterance data and the selected manually-labeled utterance
data.

[0010] Certain exemplary embodiments can provide a machine-readable storage

medium, having recorded therein, instructions for at least one processor, the

instructions comprising: a first set of instructions for training a classifier with human-
labeled utterance data to obtain an initial model; a second set of instructions causing

the classifier to label utterance data from a stream of incoming data according to call
type, to obtain classifier-labeled utterance data; a third set of instructions causing the
classifier to select via active learning from labeled utterance data of the stream of

incoming data, candidate utterance data for manual labeling based on a first threshold
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for active learning, to obtain selected manually-labeled utterance data; a fourth set of
instructions for selecting, via active learning, ones of a plurality of unselected

unlabeled utterance data for manual labeling; and a fifth set of instructions for

changing the classifier, via semi-supervised learning, by changing a loss function to fit

the 1nitial model, and based on the classifier-labeled utterance data and the selected
manually-labeled utterance data.

[0011] Certain exemplary embodiments can provide a system comprising: at least one
processor; machine-readable storage media to hold a plurality of instructions and data for use
by the at least one processor, wherein the at least one processor: trains a spoken language
understanding model with human-labeled utterance data; labels utterance data from a stream
of incoming data according to call type, to obtain classifier-labeled utterance data; selects via
active learning from labeled utterance data of the stream of incoming data, candidate
utterance data for manual labeling based on a first threshold for active learning, to obtain
selected manually-labeled utterance data; and changes the model, via semi-supervised
learning, by changing a loss function to fit the initial model, and based on the classifier-
labeled utterance data and the manually-labeled utterance data.

[0011a] Certain exemplary embodiments can provide a system comprising: a processor; first
means for controlling the processor to train a spoken language understanding classifier with
human-labeled utterance data, the spoken language understanding classifier comprising:
second means for labeling utterance data from a stream of incoming data according to call

type, to obtain classifier-labeled utterance data; third means for selecting via active learning

from labeled utterance data of the stream of incoming data, candidate utterance data for

3a
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manual labeling based on a first threshold for active learning, to obtain selected manually-
labeled utterance data; fourth means for selecting, via active learning, ones of a plurality of
unselected utterance data for manual labeling; and fifth means for controlling the processor to
change the classifier, via semi-supervised learning, by changing a loss function to fit the
1nitial model, and based on the classifier-labeled utterance data and the selected manually-

labeled utterance data.

3b
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BRIEF DE'SCRIPTI'ON OF THE DRAWINGS
[0012] In order to describe the manner in which the above-recited and other advantages and
features of the invention can be obtained, a more particular description of the invention briefly
described above will be rendered by reference to specific embodiments thereof which are illustrated
in the appended drawings. Understanding that these drawings depict only typical embodiments of
the invention and are not therefore to be considered to be limiting of its scope, the invention will be
described and explained with additional specificity and detail through the use of the accompanying
drawings in which:
[0013] Fig. 1 illustrates an exemplary spoken language dialog system consistent with principles of
the invention;
[0014] Fig. 2 illustrates an exemplary system which may be used to implement a spoken language
dialog system;
[0015] Fig. 3 illustrates an exemplary process including a boosting-style algorithm;
[0016] Fig. 4 is a flowchart that illustrates an active learning method;
[0017] Fig. 5 is a flowchart that illustrates a semi-supervised learning method,;
[0018] Fig. 6 is a flowchart that illustrates another semi-supervised learning method; and
[0019] Figs. 7-10 are flowcharts that illustrate combined active learning and semi-supervised

methods consistent with the principles of the invention.

DETAILED DESCRIPTION OF THE INVENTION
[0020] Various embodiments of the invention are discussed in detail below. While specific
implementations are discussed, it should be understood that this is done for illustration purposes
only. A person skilled in the relevant art will recognize that other components and configurations

may be used without parting from the spirit and scope ot the invention.
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Spoken Dialog Systems
[0021] Fig. 1 is a functional block diagram of an exemplary natural language spoken dialog system
100 consistent with the principles of the invention. Natural language spoken dialog system 100 may
include an automatic speech recognition (ASR) module 102, a spoken language understanding (SLU)
module 104, a dialog management (DM) module 106, a spoken language generation (SL.G) module
108, and a text-to-speech (TTS) module 110.
[0022] ASR module 102 may analyze speech input and may provide a transcription of the speech
input as output. SLU module 104 may receive the transcribed input and may use a natural language
understanding model to analyze the group of words that are included in the transcribed input to
derive a meaning from the input. One way that this may be done is by analyzing the group of words
in the transcribed input in order to assign a label or call-type to the group of words. Thus, SLU
module 104 may include a classifier for assigning the label or the call-type to the group of words.
DM module 106 may receive the meaning or intent of the speech input from SLU module 104 and.
may determine an action, such as, for example, providing a spoken response, based on the input.
SLG module 108 may generate a transcription of one or more words in response to the action
provided by DM module 106. TTS module 110 may receive the transcription as input and may
provide generated audible speech as output based on the transcribed speech.
[0023] Thus, the modules of system 100 may recognize speech input, such as speech utterances,
may transcribe the speech input, may identify (or understand) the meaning of the transcribed speech,
may determine an appropriate response to the speech input, may generate text of the appropriate
response and from that text, generate audible “speech” from system 100, which the user then hears.
In this manner, the user can carty on a natural language dialog with system 100. Those of ordinary

skill in the art will understand the programming languages and means for generating and training
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ASR module 102 or any of the other modules in the spoken dialog system. Further, the modules of
syStern 100 may operate independent of a full dialog system. For example, a computing device such
as a smartphone (or any processing device having a phone capability) may have an ASR module
wherein a user may say “call mom” and the smartphone may act on the instruction without a
“spoken dialog.”

[0024] Fig. 1 is an exemplary spoken dialog system. Other spoken dialog systems may include
other types of modules and may have different quantities of various modules.

[0025] Fig. 2 illustrates an exemplary processing system 200 in which one or more of the modules
of system 100 may be implemented. Thus, system 100 may include at least one processing system,
such as, for example, exemplary processing system 200. System 200 may include a bus 210, a
processor 220, 2 memory 230, a read only memory (ROM) 240, a storage device 250, an input device
260, an output device 270, and a communication interface 280. Bus 210 may permit communication
among the components of system 200.

[0026] Processor 220 may include at least one conventional process'or or microprocessor that
interprets and executes instructions. Memory 230 may be a random access memory (RAM) ot
another type of dynamic storage device that stores information and instructions for execution by
processor 220. Memory 230 may also store temporary variables or other intermediate information
used during execution of instructions by processor 220. ROM 240 may include a conventional
ROM device or another type of static storage device that stores static information and instructions
for processor 220. Storage device 250 may include any type of media, such as, for example,
magnetic or optical recording media and its corresponding drive.

[0027] Input device 260 may include one or more conventional mechanisms that permit a user to
input information to system 200, such as a keyboard, a mouse, a pen, a voice recognition device, etc.

Output device 270 may include one or more conventional mechanisms that output information to
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the user, including a display, a printer, one or more speakers, or a medium, such as a memory, or a
magnetic or optical disk and 2 corresponding disk drive. Communication interface 280 may include
any transceiver-like mechanism that enables system 200 to communicate via a network. For
example, communication interface 180 may include a modem, or an Ethernet interface for
communicating via a local area network (LAN). Alternatively, communication interface 180 may
include other mechanisms for communicating with other devices and/or systems via wired, wireless
or optical connections.

[0028] System 200 may perform functions in response to processor 220 executing sequences of
instructions contained in a computer-readable medium, such as, for example, memory 230, a
magnetic disk, or an optical disk. Such instructions may be read into memory 230 from another
computer-readable medium, such as storage device 250, or from a separate device via

communication interface 280.

Boosting
[0029] Boosting has been used to combine "weak" base classifiers to produce a "strong” classifier.
The boosting algorithm may be iterative and, in each iteration, a weak classifier may be learned so as
tO minimize training errof.
[0030] The algorithm, generalized for multi-class and multi-label classification, is shown in Fig. 3.

Let X denote the domain of possible training examples and let Y be a finite set of classes of size

|y|=k‘.For Y cy,let Y[I] for / € y be

(+1,ifleY
Y[I]=< 4 Cor
-1, otherwise

[0031] The algorithm may begin by initializing a uniform distribution, D, (i, [ ) , OVer training
examples, 7, and labels, /. After each round, this distribution may be updated so that example-class

7
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combinations, which are easier to classify get lower weights and vice versa. An intended effect is to
force the weak learning algorithm to concentrate on examples and labels that will be the most

beneficial to the overall goal of ﬁndmg a highly accurate classification rule.

- [0032] Instead of just a raw real-valued classification score, it is possible to estimate the probability
of a particular class using a logistic function:

| 1
PI(Y[I]"—" +l|X)=W

[0033] This algorithm can be seen as a procedure for finding a linear combination of base classifiers

which attempts to minimize an exponential loss fanction. The exponential loss function may be:
\ Zze‘}’:mf(xvf)
0 |
[0034) An alternative would be minimizing a logistic loss function, which may be:

Zzln(l + e-i’.-[flf(x:.l )
I |

{0035] In such a case the logistic function used to get the probabilities can be computed as:

1
PI‘(Y[I]L' +1 ' X)=1—+—e':ﬂm
[0036] A more detailed explanation and analysis of this algorithm can be found in “The boosting
~ approach to machine learning: An overview,” Proceedings of the MSRI Workshop on Nonlinear Estimation

and Classification, Berkely, CA, by R. E. Schapire, March 2001.

Active Learning: Selection Of Data To Label
~ [0037] In implementations consistent with the principles of the invention, utterances are selected

for labeling that the classifier is least confident about.
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[0038] Fig. 4 describes exemplary processing, consistent with the principles of the invention, for
performing active learning. First, a classifier may be trained using a small set of human-labeled data,
S, (act 402). Next, the classifier may select utterances, from the unlabeled data, S,, as candidates for
labeling (act 404). This may be done by using the classifier to classity the utterances that are

candidates for labeling, S, ={s,, ...s,} and then using the confidence score for the top scoring call-

type, CS(s), for each utterance s; € §, to predict which candidates are misclassitied:

CS(s. )= max CS. (s.)

where CS, (s,.) is the confidence score assigned by the classifier to utterance s, for the call-type ¢;
/

CS, (S,.)= Pr(YLi]‘: +1] S;)

/

[0039] The utterances having the lowest confidence scores (for example, a score lower than #) may

then be manually labeled:

S, =1s,: CS(s,) < th} (act 406)
[0040] A check may be performed to determine whether additional utterances are available that
have not been manually transcribed and whether labelers are available (act 408). If so, then acts 402-
408 may be repeated. Otherwise, the process may be completed.
[0041] This approach may be independent of the classifier used. The threshold, 75, may be mainly
determined by the capacity of the manual labeling effort or by the performance of the current
classifier. In other implementations consistent with the principles of the invention, a different
criterion for selecting the utterances for labeling may be used, such as, for example, a ditference
between the top two call-type confidence scores, or by using other call-type scores or all the call-type
scores.
[0042] One other parameter of the process may be characteristics of the pool used by the process.

For, example, instead of assuming a fixed pool, a dynamic pool may be used. A constant stream of

9
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incoming data traffic may better reflect an actual SLU system. In such a case, active learning may
agéjn select the most informative utterances from a given pool, as in the above algorithm. However,
at each iteration, a new pool may be provided to the process. Thus, the above process may be
updated to obtain a new set of unlabeled data, .S, after manually labeling the selected utterances.
[0043] Note that the distribution of the call-types in the selectively sampled training data have
skewed from their priors. That is, the distribution of call-types in the training data has become
different from the distribution of call-types in the test data. Classes that have a larger number of
examples in the training data or that may be easy to classify may be under-represented by selective
sampling. In other words, the classifier trained on selectively sampled data may be biased to
infrequent or hard to classify classes. Divergence from the priors may be a problem that may cause

deterioration of the performance of the classifier. A novel solution to this problem is presented

later in this specification.

Semi-Supervised Learning: Exploiting The Unlabeled Data
[0044] The goal of semi-supervised learning is to exploit unlabeled utterances in order to improve
the performance of the classifier. Two methods are discussed which achieve this goal. Both
methods assume that there is some amount of training data available for training an initial classifier.
These methods use the classifier to label the unlabeled data automatically, and improve the classitier
performance by using the machine-labeled call-types as the labels of those unlabeled utterances, thus
reducing the amount of human-labeling needed to build better statistical classifiers.
[0045] Fig. 5 illustrates one exemplary process that may be used in implementations consistent with
the principles of the invention. First, an initial model may be trained using the human-labeled data

(act 502), and then the unlabeled data may be classified by the trained classifier (act 504). Then the

unlabeled utterances may be added directly to the training data, by using the machine-labeled call-

10
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types. In order to reduce the noise added because of classifier errors, those utterances which are

classified with call-types having confidence scores greater than or equal to some threshold, 75, may

be selected (act 5006).
S ={s :CS(s,)2th}
where

CS(s,)= max CS, (s.)

The classifier may then be trained using the augmented data (the selected data) {(act 508).

[0046] It 1s then straightforward to use the call-types exceeding or equal to the threshold for each

utterance during re-training.

K[l]_{nzcsq(sf)zzh}

1 ~1:otherwise

[0047] The threshold, #5, may be set by using a separate held-out set, which is not used for training,
There may be a trade-off in selecting the threshold. If the threshold is set to a lower value, that

means a larger amount of noisy data may be used. If the threshold is set to a higher value, that

means less useful or informative data my be used.

Augmenting the Classification Model
[0048] Fig. 6 illustrates another method that may be used in implementations consistent with the
principles of the invention for semi-supervised learning. Acts 502-506 may be the same as in the
method of Fig, 5. Then, the boosting algorithm may be used to try to fit both the machine-labeled

data and the prior model using the following loss function:

)3 (inft + eV )4 pRL(Pr(V 1] = +11 x,)I| p(f (x,,1))))

where

11
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2 /1“
KL(p|lq)= pxIn| £ 1+(1- p)xIn| —=
\q) -9

is the Kullback-Leibler divergence (or binary relatuve entropy) between two probability distributions

p and q (act 608). p and q may correspond to the distribution from the prior model,

P(YIr [l ] =+1] xi), to the distribution from the constructed model, p( flx, )) This term 1s basically

the distance from the initial model built by human-labeled data to the new model built with
machine-labeled data. In a marginal case, if these two distributions are always the same then the KL
term will be 0 and the loss function will be exactly the same as the first term, which s nothing but

the logistic loss. 77 may be used to control the relative importance of these two terms. This weight

may be determined empirically on a held-out set. Also, similar to the previously-discussed method,
in order to reduce the noise added due to classifier errors, only those utterances which are classitied
with a confidence score higher than or equal to some threshold may be exploited.

[0049] One thing to note is that most classifiers support a way of combining models or augmenting
an existing model. Although this implementation 1s classifier (Boosting) dependent, the idea may be
more general. For example, a Naive Bayes classifier may be implemented as linear model
interpolation.

[0050] The challenge with semi-supervised learning is that only the utterances which are classified
with a confidence score larger than or equal to some threshold may be exploited in order to reduce
the noise introduced by the classifier errors. Intuitively, the noise introduced would be decreased
with better initial models, but in such a case, additional data would be less useful. So one may
expect such semi-supervised techniques to work less well with very little or very large amounts ot
data. Instead of using a threshold to select machine-labeled data, in an alternative implementation,
consistent with the principles of the invention, the classifier may be modified such that, at each

iteration, the confidence scores of the call-types may contribute to the data distribution on a

12
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weighted basis. For example, one may assign a weight to each example based on the confidence of
the top scoring call-type(s) given by the classifier trained with human-labeled data. Some classifiers

can accept examples with weights. In such cases this may be a better solution than using a

threshold.

Combining Active and Semi-Supervised Learning
[0051] Although the previous examples described particular active and semi-supervised learning
methods, implementations consistent with the principles of the invention are not limited to only the
methods disclosed in the examples. In fact, many difterent active learning methods and semi-
supervised learning methods are well-known and may be used in various implementations.
[0052] Implementations consistent with the principles of the invention may combine active and
semi-supervised learning methods. Fig. 7 is a high-level flowchart that describes an exemplary
combined active and semi-supervised learning method. The process may begin with training
utterance data, which may include some amount of human-labeled utterances. Active learning may
be performed on the utterance data (act 702). The active learning may select candidates for manual
labeling. In some implementations consistent with the principles of the invention, the selected
candidates may have been assigned a confidence score by a classifier . The confidence scote of the
selected candidates may be less than or equal to a lower threshold value. Next, human labelers may
manually label the selected candidates (act 706). Semi-supervised learning may then be performed
(act 708).
[0053] Fig. 8 is a flowchart of a more specific exemplary combined active and semi-supervised
learning process that may be used in implementations consistent with the principles ot the
invention. Instead of leaving out the utterances classified with high confidence scores, this process

may exploit them.

13
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[0054] Note that in this process, instead of assuming a fixed pool, there is an assumption that there
is a constant stream of incoming data, which may better reflect a real-life scenario. First, a classitier
may be trained with some amount of human-labeled training data, §, (act 802). Then, utterances that

are candidates for labeling may be selected (act 804). This may be achieved by classifying utterances

in a pool of unlabeled data, § = {S1 yoees S, }, using the classifier to compute confidence scores and

then selecting utterances, S, with confidence scores, §, = {CS (sli ) < th}. The selected utterances

may then be manually labeled (act 806). The classifier may then be augmented by changing the loss
function to fit both the initial model and the new machine-labeled data (act 808). A new set of
unlabeled data may be obtained (act 810) and a check may be performed to determine whether any
unselected utterances are available and whether any labeling resources are available {act 812). If so,
then acts 804-812 may be repeated. Otherwise, the process may be completed.

[0055] If manual labeling resources are scarce, one may introduce a second threshold to eliminate
noise from unlabeled data. In other words, one threshold may be used for active learning and
another threshold may be used for semi-supervised learning. Otherwise, combining active and semi-
supervised learning may eliminate the need for the second threshold. Since the utterances, which are
alreadv classified with low confidence scores, may be selected by active learning and sent to a human
for labeling, for semi-supervised learning the noise is already reduced. Therefore, it may not be
necessary to find an optimal threshold with which to work if a ratio of the unlabeled data to labeled
data is comparable.

[0056] As a variation to the exemplary process of Fig. 8, before performing act 808, the classitier
may be retrained using human-labeled training data and then the unselected utterances, §,, may be
classified to obtain machine-labeled data. Using more selectively sampled data may result in better

classification.

14
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[0057] Fig. 9 is a is a flowchart of another specific exemplary combined active and semi-supervised
learning process that may be used in implementations consistent with the principles of the invention
as an alternative to the exemplary process of Fig. 8. First, an initial model may be trained using
human-labeled data (act 902), and then the unlabeled data may be classified by the trained classitier.
Machine-labeled utterances with a confidence score below a first threshold, #5,, may be selected as
candidates for labeling (act 904). Then the candidates for labeling may be transcribed and manually
labeled (act 906). The machine-labeled utterances having confidence scores higher than or 'equal to
a threshold, #5,, may be added directly to the training data (act 908). The classifier may then be
trained using the augmented data (the selected data) (act 910). A check may then be performed to
determine whether any unselected and unlabeled utterances remain and whether any labeling
resources are available (act 912). If so, acts 904-912 may be performed again. Otherwise, the
process may be finished.

[0058] Fig. 10 is a flowchart that illustrates another specific exemplary process that may be used as
an alternative to the processes of Fig. 8 or Fig. 9 in implementations consistent with the principles.
of the invention. First, a classifier may be trained using human-labeled utterance data (act 1002).
Next, utterances may be selected as candidates for labeling (act 1004). The selected utterances may
have a confidence score less that a threshold, #5,. The selected utterances may then be manually
transcribed and labeled (act 1006). The classifier may then be retrained using the human-labeled
data (act 1006). Unselected utterances may then be classified by the classitier (act 1010). The loss
function may be changed to fit the initial model and the new machine-labeled data (act 1012). A
new set of unlabeled data may be obtained (act 1014) and a check may be performed to determined
whether any unlabeled utterances are available and whether any labelers are available (act 1016). 1t

so, then acts 1004-1016 may be performed again. Otherwise, the process may be completed.
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[0059] Semi-supervised learning techniques may only choose utterances which are classified with
confidence scores higher than or equal to some threshold. Therefore, it is expected that well-
represented or easy-to-classify call-types may dominate the automatically labeled data. This may
produce the opposite effect of active learning, which may trim mostly such call-types. The
combination of active learning and semi-supervised learning methods may alleviate the data

imbalance problem due to each of the learning methods.

Conclusions
[0060] Actuve and semi-supervised learning algorithms for a spoken language understanding
system, in this case a call classifier, were presented. First, inspired by certainty-based active learning
approaches, candidate utterances, with respect to the confidence score of the call classifier, may be
selecuvely sampled. Using semi-supervised learning methods, the utterances, which were
confidently classified by the classifier, were exploited.
[0061] By combining active and semi-supervised learning, it 1s possible to speed up the learning rate
of the classifier with respect to the amount of labeled utterances. Experiments have confirmed that
the same call classification accuracy may be achieved by using less than half of the labeled data.
{0062] Many active learning techniques and semi-supervised learning techniques are well known. -
Implementations of the invention are not limited to only the active and semi-supervised techniques
disclosed in this specification, but may be used with any active and sem-supervised learning
techniques. Further, it is clear that the active and semi-supervised learning methods may be easily
applicable to other statistical SLU or classification tasks such as named entity extraction, part-of-
speech tagging or text categorization.
[0063] Considering the domain of spoken dialog systems, it is also possible to use information other

than classification confidence scores for active and semi-supervised learning. This may include
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dialog level features, such as the previous prompt played ot the previous call-type, or customer
related features, such as location or account features.

[0064] Embodiments within the scope of the present invention may also include computer-readable
media for carrying or having computer-executable instructions or data structures stored thereon.
Such computer-readable media can be any available media that can be accessed by a general purpose
or special purpose computer. By way of example, and not limitation, such computer-readable media
can comprise RAM, ROM, EEPROM, CD-ROM or other optical disk storage, magnetic disk
storage or other magnetic storage devices, or any other medium which can be used to carry or store
desired program code means in the form of computer-executable instructions or data structures.
When information is transferred or provided over a network or another communications connection
(either hardwired, wireless, or combination thereof) to a computer, the computer properly views the
connection as a computer-readable medium. Thus, any such connection is propetly termed a
computer-readable medium. Combinations of the above should also be included within the scope
of the computer-readable media.

[0065] Computer-executable instructions include, for example, instructions and data which cause a
general purpose computer, special purpose computer, or special purpose processing device to
perform a certain function or group of functions. Computer-executable instructions also include
program modules that are executed by computers in stand-alone or network environments.
Generally, program modules include routines, programs, objects, components, and data structures,
etc. that perform particular tasks or implement particular abstract data types. Computer-executable
instructions, associated data structures, and program modules represent examples of the program
code means for executing steps of the methods disclosed herein. The particular sequence of such
executable instructions or associated data structures represents examples of corresponding acts for

implementing the functions described in such acts.
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[0066] Those of skill in the art will appreciate that other embodiments of the invention may be
practiced in network computing environments with many types of computer system configurations,
including personal computers, hand-held devices, multi-processor systems, microprocessor-based or
programmable consumer electronics, network PCs, minicomputers, mainframe computers, and the
like. Embodiments may also be practiced in distributed computing environments where tasks are
performed by local and remote processing devices that are linked (either by hardwired links, wireless
links, or by a combination thereof) through a communications network. In a distributed computing
environment, program modules may be located in both local and remote memory storage devices.
[0067] Although the above description may contain specific details, they should not be construed as
limiting the claims in any way. Other configurations of the described embodiments of the invention
are part of the scope of this invention. For example, variations of the exemplary processes of Figs.
4-10 may be used in some implementations consistent with the principles of the invention.
Variations may include changing the order of acts or, for example, training the classifier using
training data, upon each iteration of the processes of Figs. 7-10. Accordingly, the appended claims.

and their legal equivalents should only define the invention, rather than any specific examples given.
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CLAIMS
1. A method for training a spoken language understanding model classifier, the method
comprising;:

training the spoken language understanding model classifier with human-labeled
utterance data to obtain an initial model;

labeling utterance data from a stream of incoming data according to call type, to
obtain classifier-labeled utterance data;

selecting via active learning from the labeled utterance data of the stream of incoming
data, candidate utterance data for manual labeling based on a first threshold for active

learning, to obtain selected manually-labeled utterance data; and

changing the classifier, via semi-supervised learning, by changing a loss function to

fit the initial model, and based on the classifier-labeled utterance data and the selected

manually-labeled utterance data.

2. The method of claim 1, further comprising:
retraining the classifier with updated manually-labeled utterance data, and

classifying unlabeled ones of the utterance data.

3. The method of claim 1, wherein the loss function includes an exponential loss
function.
4, The method of claim 1, wherein the loss function includes a logistic loss function.
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5. The method of claim 1, wherein changing the classifier includes:

training the classifier using augmented data.

6. The method of claim 5, wherein training the classifier using augmented data
further comprises:

classifying ones of the unlabeled utterance data to obtain a confidence score for each
one of the unlabeled utterance data; and

selecting ones of the classified ones of the unlabeled utterance data having a

corresponding confidence score greater than or equal to a threshold to form the augmented

data.
7. The method of claim 1, wherein selecting via active learning further comprises:
classifying unlabeled ones of the utterance data via the classifier; and
selecting ones of the classified utterance data based on a score assigned by the
classifier.
8. The method of claim 7, wherein selecting ones of the classified utterance data based

on a score assigned by the classifier further comprises:

selecting ones of the classified utterance data having a confidence score, assigned by

the classifier, being less than a threshold.
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9. A machine-readable storage medium, having recorded therein, instructions for

at least one processor, the instructions comprising:

a first set of instructions for training a classifier with human-labeled utterance

data to obtain an initial model;

a second set of instructions causing the classifier to label utterance data from a
stream of incoming data according to call type, to obtain classifier-labeled utterance data,

a third set of instructions causing the classifier to select via active learning from
labeled utterance data of the stream of incoming data, candidate utterance data for manual
labeling based on a first threshold for active learning, to obtain selected manually-labeled
utterance data;

a fourth set of instructions for selecting, via active learning, ones of a plurality
of unselected unlabeled utterance data for manual labeling; and

a fifth set of instructions for changing the classifier, via semi-supervised learning, by
changing a loss function to fit the initial model, and based on the classifier-labeled utterance

data and the selected manually-labeled utterance data.

10.  The machine-readable storage medium of claim 9, further comprising:
a sixth set of instructions for retraining the classifier with updated human-
labeled utterance data; and

a seventh set of instructions for classifying unlabeled ones of the utterance data.
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11.  The machine-readable storage medium of claim 9, wherein the loss function includes

an exponential loss function.

12.  The machine-readable storage medium of claim 9, wherein the loss function includes a

logistic loss function.

13.  The machine-readable storage medium of claim 9, wherein the fifth set of instructions
further comprises:

a sixth set of instructions for training the classifier using augmented data.

14,  The machine-readable storage medium of claim 13, wherein the sixth set of

instructions further comprises:

classifying unlabeled ones of the utterance data to obtain a confidence score for each

one of the unlabeled utterance data; and

selecting ones of the classified utterance data having a corresponding confidence

score greater than or equal to a threshold to form the augmented data.

15.  The machine-readable storage medium of claim 9, wherein the fourth set ot
instructions further comprises:

a sixth set of instructions for classifying unlabeled ones of the utterance data; and

a seventh set of instructions for selecting ones of the unlabeled utterance data based on

a SCOrc.
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16.  The machine-readable storage medium of claim 15, wherein the seventh set of
instructions further comprises:
an eighth set of instructions for selecting ones of the unlabeled utterance data

having a confidence score being less than a threshold.

17. A system comprising:

at least one processor;

machine-readable storage media to hold a plurality of instructions and data for use by
the at least one processor, wherein the at least one processor:

trains a spoken language understanding model with human-labeled utterance data;

labels utterance data from a stream of incoming data according to call type, to obtain
classifier-labeled utterance data;

selects via active learning from labeled utterance data of the stream of incoming data,
candidate utterance data for manual labeling based on a first threshold for active learning, to
obtain selected manually-labeled utterance data; and

changes the model, via semi-supervised learning, by changing a loss function to
fit the initial model, and based on the classifier-labeled utterance data and the manually-

labeled utterance data.

18.  The system of claim 17, wherein the at least one processor:

retrains the model with updated human-labeled utterance data to produce the updated

model; and

classifies unlabeled ones of the utterance data.
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19.  The system of claim 17, wherein the loss function includes an exponential loss

function.

20.  The system of claim 17, wherein the loss function includes a logistic loss function.

21.  The system of claim 17, wherein the at least one processor changes the model, via
semi-supervised learning, to produce an updated model further comprises the at least one

Processor:

produces the updated model using augmented data.

22.  The system of claim 21, wherein the at least one processor produces the updated
model using augmented data further comprises the at least one processor:
obtains a confidence score for each one of the classified utterance data; and
selects ones of the classified ones of the utterance data having a corresponding

confidence score greater than or equal to a threshold to form the augmented data.

23.  The system of claim 17, wherein the at least one processor:

classifies unlabeled ones of the utterance data; and

selects ones of the classified utterance data based on an assigned score.
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24.  The system of claim 23, wherein the at least one processor:

selects ones of the classified utterance data having the assigned score that 1s less

than a threshold.

25. A system comprising:
a processor;
first means for controlling the processor to train a spoken language understanding
classifier with human-labeled utterance data, the spoken language understanding classifier
comprising:
second means for labeling utterance data from a stream of incoming
data according to call type, to obtain classifier-labeled utterance data;
third means for selecting via active learning from labeled utterance data of the
stream of incoming data, candidate utterance data for manual labeling based on a first
threshold for active learning, to obtain selected manually-labeled utterance data;
fourth means for selecting, via active learning, ones of a plurality of
unselected utterance data for manual labeling; and
fifth means for controlling the processor to change the classifier, via semi-
supervised learning, by changing a loss function to fit the initial model, and based on the

classifier-labeled utterance data and the selected manually-labeled utterance data.
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FIG. 3

® (iven training data from the instance space
X ={(zy, Yq)os(2py Y )i where z,€ X and Y; € 7.

o Initialize the distribution Dy (i) = 71

e For each iteration £ = 1,...,T do
- Train a base learner, h¢, using distribution Dy.
- Update

o Dy(il)=emat Yy (1] ht (zi.)
Dy f(il) ==

where Z¢ is a normalization factor an a¢ is the
weight of the base learner.

o Then the output of the final classifier is defined as:

H(z,1) = sign{f(z.0))

where
T

fl)=1 athy(z))
t=1



CA 02498015 2005-02-23

2004-0026

3/8

FIG. 4
START

TRAIN CLASSIFIER USING 402
LABELED DATA

SELECT UTTERANCES THAT ARE 404
CANDIDATES FOR LABELING

LABEL UTTERANCES 406

YES UTTERANCES
AND LABELERS AVAILABLE? > 408

NO

.



CA 02498015 2005-02-23

2004-0026

4/8

FIG. 5
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FIG. 7
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FIG. 8
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FIG. 9
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FIG. 10
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