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DESCRIPTION
TITLE OF INVENTION: SUPERVISED AND SEMI-SUPERVISED
‘ONL'INE BOOSTING ALGORITHM IN MACHINE LEARNING

FRAMEWORK

TECHNICAL FIELD
The present invention relates to online learning of a

classifier in a machine learning framework.

BACKGROUND AléT

The pfesent invention relates to online learning of a
classifier in a machine learning framework that includes'
supervised and semi-supervised online learning algorithms in
a machine learning framework.

Such classifiers may be trained using training samples,
and then used in a so-called testing or prediction stage, to
classify test samples. For example, such classifiers may be
used in an automated factory inspection application to detect
defects in an image of a product. In this case, a “sample” may
consist of a set of data derived from an image or pixels in a
region of the image, and the task of the classifier is to classify
“sample” as “defect” (positive class) or “non-defect” (negative
class). As another example, such classifiers may be used to

classify defects into different categories.
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Machine learning applications‘ usually include two
stages: training st‘age and prediction stage. In the training
stage, traditionally all training samples are available as a
batch at the beginning; a statistical model can then be
trained based on the tr.aining samples. In the prediction stage,
the statistical model obtained from the training stage is then
used to classify new samples into differént categories.
However, in some machine learning tasks, not all the training
samples are available at the initial training stage. More
samples will be aéquired and may be labeled as time goes on.
It is desirable to use this new information to refine and
improve the classifier for fu:ture usage. In some other
applications, the data properties might be changing over time,
or even not generated from any distribution. The model
trained with the initial samples can only accommodate the
initial properties, so it might become useless as new samples
arrive over time.

One way of solving this problem would be re-training the
model with all samples including the initial samples and the
newly obtained samples. However, re-training from scratch
will usually be time-consuming, and it’s not efficient to
perform the re-training frequently in an online application.
Therefore, a mechanism is desirable such that the model can
be updated by the newly obtained samples in an online

fashion during the prediction stage without complete re-
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training.

Lots of statistical models can be used as the classifier
including Normal Support Vector Machines, Decisioh Trees,
Boosted Decision Trees and Neural Networks. The Boosted
Decision Tree (or Boosting Tree) may be the statistical model
of the classifier. Thus each of the types of statistical models
may be generally referred to as a respective class.

Boosting is based on the use of an ensemble of weak
classifiers that is not constrained to specific classifiers. In a
boosting algorithm, a weak classifier is trained with respect to
the samples and the associated weights. At each iteration, a
weak classifier is added to form a final strong classifier. The
weak classifiers are typically weighted by their accuracy. After
a weak classifier is ad-ded, the samples are reweighted: the
weights of the misclassified samples will be increased, and
the samples that are classified correctly will have decreased
weights. Weak classifiers that are subsequently added will be
trained based on the re-weighted samples, focusing 'm‘ore on
the misclassified samples.

The weak classifier may be in the ‘form of a Decision Tree
(DT). Decision Tree (DT) is a binary tree (i.e. tree where each
non-leaf node has exactly 2 child nodes). The training and
prediction of the Decision Tree (DT) is described as follows.

Training Decision Trees. The tree is built recursively,

starting from the root node. The whole training data (feature
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vectors and the responses) are used to split the root node. In
each node the optimum decision rule (i.e. the best "primary"”
split) is found based on some criteria (gini "purity" criteria is
used for classification). Then, if necessary, the surrogate
splits are found that resemble at the most the results of the
primary split on the training data; all data are divided using
the primary and the surrogate splits (just like it is done in
the predict'}on procedure) between the left and the right child
node. Then the procedure recursively splits both left and right
nodes. At each node the recursive procedure may stop (i.e.
stop splitting the node further). When the tree is built, it may
be pruned using cross-validation procedure, if need. That is,
some branches of the tree that may lead to the model
overfitting are cut off. Normally, this procedure is only
applied to standalone decision trees, while tree ensembles
usually build small enough trees and use their own protection
schemes against overfitting.

Predicting with DT: fo reach a leaf node, and thus to
obtain a response for the input feature vector, the prediction
procedure starts with the root node. From each non-leaf node
the procedure goes to the left, or to the right based on the
value of a certain variable. If the value of the variable is less
the threshold-. This pair is called split. Once a leaf node is
reached, the value assigned to this node is used as the output

of prediction procedure.
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The foregoing and other objectives, features, and
advantages of the invention may be more readily understood
upon consideration of the following detailed description of the
invention, taken in conjunction with the accompanying

drawings.

SUMMARY OF INVENTION

One embodiment of the present invention discloses a
method for classification of samples including:

(a) providing a trained statistical model based upon a
set of initial samples;

- (b) receiving a set of first samples;

(c) training a first statistical model based upon said
first set of samples, said first statistical model being of the
same class as said trained statistical model,;

(d) receiving a set of second samples;

(e) training a second statistical model based upon said
second set of samples, said second statistical model being of
the same class as said trained statistical model;

(f) wherein said trained statistical model, said first
statistical model, and said second statistical model, are
independent of each other and collectively used to classify
another sample.

The trained statistical model and the first statistical

model are of the same class because they use the same
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statistical model type. For example, the trained statistical
model and the first statistical model can both be Decision
Tree statistical model, or they can both be Support Vector
Machine statistical model.

Step (a) 1s a step in which a sample classification
apparatus trains an initial statistical model based on a set of
initial samples. That 1is, the initial statistical model is
automatically trained with a set of initial samples without
user intervention. The initial statistical model can be Decision
Tree or Support Vector Machine (or any other machine
learning methods).

One embodiment of the present invention discloses a
method for classification of samples including:

(a) providing a trained statistical model based upon a
set of initial samples;

(b) receiving a first sample;

(c) further training said initial statistical model based
upon said first sample;

(d) wherein said further training of said initial
statistical model processes said first sample as if it were
already included in said trained statisticél model.

One embodiment of the vpresent invention discloses a
method for classification of samples including:

(a) providing a first statistical model based upon a set

of samples wherein its evaluation on positive samples has



10

15

20

25

WO 2012/141332 PCT/JP2012/060391

-7 -
high positive recall with low precision;

(b) providing a second statistical model based upon a
set of samples wherein its evaluation on positive samples has
high precision With low positive recall;

(c) classifying a sample based upon said first
statistical model;

(d) selectively based upon said classifying said sample
based upon said first statistical model further classifying said
sample based upon said second statistical model.

The high positive recall means that the percentage of
true positive samples found by the statistical model with
respect to all the ground-truth positive samples is high.

One embodiment of the present invention discloses a
method for classification of samples including:

(a) providing a trained statistical model based upon a
set of initial labeled samples;

(b) receiving a set of first non-labeled samples;

(c) training a first statistical model based upon said
first set of non-labeled sarriples, where said first statistical
model is of the same class as said trained statistical model,
based upon predicting labels for said non-labeled samples
and selecting said non-labeled samples based upon a

confidence score.
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- BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 illustrates an off-line and an on-line boosting
technique.

FIG. 2 1illustrates a cascade pr¢diction for on-line
boosting.

FIG. 3 illustrates an initial training model.

FIG. 4 illustrates on-line boosting with additional
labeled samples.

FIG. 5 illustrates on-line boosting with additional un-
labeled samples.

FIG. 6 illustrates on-line self-training.

FIG. 7 1illustrates a more comprehensive boosting
technique.

FIG. 8 illustrates semi-superviséd prediction.

FIG. 9 illustrates an arrangement of a classification
device in accordance with an embodiment of the present

invention.

DETAILED DESCRIPTION OF THE PREFERRED
EMBODIMENT

The booéting technique may supplement the training on
an image by image basis, or group of images by group of
images basis, by expanding the model (statistical model). The
statistical model is an algorithm (or a program) for classifying

a sample into any of a plurality of predetermined categories.
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Suppose with the batch of initial training Samples, an
ensemble of weak classifiers has already been obtained, then
this ensemble can be expanded to a larger one as new training
samples arrive. With the initial training samples, a model Co

(a first statistical model), which is an ensemble of weak

0 . .
classifiers L"’l_l""M, is trained. The prediction of Co on a

testing sample ¥ may be made by a weighted combination of
M
=D wL(x)
the prediction of each weak classifier: i=1 , in which

0 :_ '
Woi=ho M oo the weights of each classifier. The label of

sample * may be given by sgn[CO(x)]’ which is the sign of the
output.

In ' the online stage, the new training samples are
collected and stored until there are a sufficient number of

samples to effectively train another new model. The model

trained by the ’-th group of samples may be denoted as C",

. . N, o
which 1s also an ensemble of i  weak classifiers,

ZwL’

The final predicted label C can be made by a

weighted combination of all the models available up until the

C=i{ﬂici(x} i{ {ZWLI( }} where

current stage as follows =0 =0

B: is the weight for each model C;. -
Referring to FIG. 1, an exemplary framework for an on-

line boosting technique described above is illustrated. An
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initial set of samples 100 are trained to determine an initial
boosting model (a trained statistical model) CO. As another
group of images are obtained as a result of subsequent
processing, a first group of additional training samples 110
are obtained to determine a first boosting model (a first
statistical model) C1 112 based upon this group of images,
and not the initial training samples 100 or initial boosting
model CO 102. As a further group of images are obtained as
a result of further subsequent processing, a second group of
additional training samples 120 are obtained to determine a
second boosting model (a second statistical model) C2 122
based upon this further group of images, and not the training
samples 100/110 or boosting models CO/C1 102, 112. This
process may be continued for additional groups .o'f subsequent
images. The result of the available boosting models CO, C1,
..., Ck may be combined using a weighted sum 130 to
determine a final prediction 140.

C,i=0,.,K

Accordingly, all the models i may be trained

with disjointed sets of training samples to utilize the models
in a flexible manner. The weights can be determined by the
importance of each group of samples, by the order that each
group of samples arrives, removal of selected models
determined to be of limited value, or any other suitable
manner. This technique may be referred to as a voting

mechanism, with each model acting as an expert, with the
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final results being determined by them together with different
weights. The image buffer of the group of images may be
cleared when the group is processed to determine é suitable
model.

The on-line boosting technique may also update the
existing model. In many cases, the optimal model that can be
achieved for an online application would be the bvatch model
re-trained with all the training samples available up until the
éurrent stage. To approach this goal, the online boosting
technique may correspond to the batch boosting technique.
The model trained with the initial training samples may be
updated with the newly added samples, so that the updated
model would be approximately the same as the batch model
re-trained with all traininvg samples.

By way of example, the input technique may be a group

L,i=1,.M

of weak classifiers learned so far , a new training

sample § to arrive (with ?sas it’s ground truth label), and an

incremental learning technique which utilizes the new

training sample to update the existing weak classifier

0
BaseUpdal‘e(Li,S). An exemplary set of details may be as follows.

Set the new sample’s weight as 2 :1; -

0 . _
For each weak classifier Li’l_l"'M:

Poisson[ Wsj
Generate k according to iy

Do k times: L?:BaseUpdate(L?,s)_
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)= 10 2

Set 1_pi(‘x), in which Pi(x)=P(y=1»s,L?)

Update the new sample’s weight: A 4, eXp(_y:fi(S));

Update the summation of all samples’ weights: Wi:Wf"'ls;

The final prediction of a sample * can be made as

7: is the summation of the weights of all samples that
have been used until the current stage (excluding the weight

of new sample §), and Nis the number of all past samples

excluding the new sample 5. When the new sample is

0
misclassified by a weak classifier L", = 2. is) would be positive,

so the weight 4, associated with this samplebis increased
when presented to the next weak classifier; otherwise, the

AS

weight will be decreased. The principal idea of the online

boosting technique is to process the new sample as if it were
already included in the initial training set, i.e., also passing
it from the first weak classifier to the last, and modifyihg the
sample’s weight at each step before passing to the next
classifier. By wusing such a technique the updating
technique does not require the samples to arrive in a group;
instead, it can process the samples one by one.

One or more online boosting techniques, such as the
expanding models technique and/or the updating the initial

model technique may be combined together to achieve
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improved performance. In the following, the expanded model

M MU_

is denoted as "£ and the updated model is denoted as

If the positive samples and negative samples are
unbalanced, the two models will focus on different aspects of
the classification. Without losing generality, it is assumed
that the number of negative samples is much larger than the
number of positive samples, and that finding positive samples
is more valuable. Then two different kinds of performance
evaluation on positive samples may be defined: (1) recall is
defined as the percentage of true positive samples found by
fhe model in all the ground-truth positive samples; (2)
precision is defined as thelpercentage of true positive samples
found by the model in all the positive samples predicted by
the model. In other words, the true defects are classified
properly but also include a lot of non-defects classified
improperly. Also, in other words, a lot of the true defecté are
improperly classified as non-defects and only a few true

defects are classified as defects.

Experimental results have shown that M

U will provide
results with high positive recall but low precision, and My will
provide results with high precision and low recall. To get

both high positive recall and high precision, these two models

may be combined together. It is desirable to make a

M

prediction of a test sample using £ and My separately, and

take their weighted sum as the final prediction Sgn(ME(x)+MU(x)).
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My will be expanded, so

My

As the online stage proceeds,
that there will be more and more base weak classifiers in

To make a prediction with ME, all weak classifiers may be

used to make the prediction, which might be time-consuming.
Therefore, the use of a cascaded prediction may be used,

which saves a lot of computational burden by avoiding using

Mg in many unnecessary cases.

The joint technique is further described referring to FIG.

2. First Mv 200 is used to make a prediction 210. If the

sample is predicted as negative 220, then the system may

return -1 230 as the final output. In this case it is likely that

the sample is a defect since My tends this way. If the sample

is predicted as positive 240, then model My 250 is used to
‘make another prediction 260. In this case, the prediction of

M M

U is not that accurate so it is preferable to also use “£to

obtain further characterization. The system then determines

the weighted combination of the two predictions as the final

positive output 270 or final negative output 280.

My tends to provide results with high recall, which

means, most of the positive samples will be included in those

My

samples predicted as positive by That is to say, if a

M,

sample is predicted as negative by , it’s most likely that it

i1s a true negative. If it’s predicted as positive, it is not sure

whether it’s true positive or not; then combine it with the

M

prediction result by model £ to make further confirmation.
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The model M: may be used primarily when a sample is
predicted as positive in the first stage, which is a smaller
fraction among all samples. Since the number of negative

samples is larger than the number of positive samples, My

will be enough to make the prediction in many cases, and the

M

time required to go through all weak classifiers in £ will be

saved in many cases.

In the aforementioned techniques, the updating of the

Base Update(L? , s)

existing weak classifier was described. The

technique may be specific, if desired, to a particular type of
baseline classifier. For example, if the decision tree is
trained, and it is desirable to update it with a new sample,
the system may first pass the sample from the root to
corresponding branch according to the criteria at each
internal node, and recalculate the “purity” score for each
node. If the purity score of a node is not high enough, it
should be re-split based on all previous samples and this new
sample. Therefore, some information should be maintained
about previous samples so that it’s possible to recalculate the

purity score of each node. For variables with discrete value,

.this statistical information can be obtained by counting the

number of samples with each value; however, if the variable is
real-valued, to precisely maintain the distribution information,
all the previous feature values that have appeared should be

stored for future use.



10

15

20

25

WO 2012/141332 PCT/JP2012/060391

- 16 -

In online learning, when using a decision tree as the
base classifier in the boosting model, and the feature of each
sample 1is real-valued, all the feature values that have
appeared would normally be stored to update the initial model,
which is determined by the characteristics of decision tree.
This is highly memory-consuming as the number of samples‘
that must be stored keeps increasing. A more compact
representation of the sample fea‘tures is desirable in a manner
that does not result in a significant loss of accuracy to reduce
memory usage.

In the initial stage, the system obtains the
representative samples of initial training samples by using a
suitable technique, such as a K-means clustering technique
on positive and negative samples separately. The cluster
centers are selected as the representative samples, denoted as

{x"’lzl""’n}, and their weights are taken as the number of

samples in the corresponding cluster, denoted as {s,.,z:l,...,n}.

In the online stage, the new training samples are added

{fci,izl,...,n}

to the previous representative sample set with each

new training sample assigned a weight of 1. A weighted k-
means is performed on this enlarged set as follows:

(1) Randomly select " points as the initial cluster

center.,i=1,..n;.
centers { P i },

(2) Assign each sample ¥ to the nearest cluster center:

i=arg Imin”x—cenl‘er,- l xeC

i , then i,
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(3) Re-calculate the cluster center by taking the

weighted average of all samples in the cluster:

i€t and the weight associated with the center

is

n
2
errory = z ZS ”x - center.”
JI7 i,

(4) Calculate the cluster error: A

(5) 1If the error is below some threshold, or doesn’t
~change a lot compared with previous iteration, exit the
algorithm, return the up-to-date cluster centers {center,.,zzl,...n}

{si',i=1,...n}

and the associated weights as -the final compact

representation of all samples;
(6) If the error doesn’t converge, replace the old centers

r .
center,i=1,..n}

{center, i =1,..n} with new centers {

, and back to step
2.

Using this technique, the statistical distribution
information contained in the entire sample set is.dynamically
maintained, while the memory  footprint and the
computational load is controlled.as constant, proportional to
the number of centers used in the K-means clustering
technique. Although the compact represented is described

with respect to updating decision trees, this representation is

also useful for other types of classifiers, as long as the
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classifier is influenced by the data density.

in supervised learning as previously described, training
samples may be “labeled” when used to train a statistical
model. The “labeled samples” means samples which are
classified into one of plurality of categories in advance by
human being or by a preset statistical model. Typically, the
labels of samples are provided by human being. Occasionally,
an intelligent statistical model can be used to label the
samples, however in this case, it is required that the labels
provided by the statistical model conform to the
understénding .of human being, that is the labels must be
“meaningful” and “correct” to human being.

This means that the “ground-‘;ruth” class label of each
sample is available at the time of training. For example, in a
defect detection context, a sample may be labeled as either
“defect” or “non-defect” in order to “teach” a statistical
model/classifier. The labels may be provided by a human
operator or expert. In many applications, 6btaining the
labeled samples for training are expensive, difficult and/or
time-consuming. If a substantial number of wunlabeled
samples are available, these unlabeled samples may also be
used to assist in imprdving the model, which reduces the
burden associated with labeling the samples.

For applications where a limited number of labeled

samples are available, but a large number of unlabeled
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samples are available, it may be desirable to use semi-
supervised learning to exploit the wuseful information
embedded in unlabeled samples. This means that samples
that are not labeled, e.g. manually by an. operator, may be
used for training the statistical model of a classifier. This
may be beneficial in many applications, since it may be
relatively expensive (in terms of time or other resources) to
provide labels for the purpose of training statistical classifiers.

In the online stage(s), if the incoming group of samples
are labeled, the technique uses the supervised online boosting
model described above, i.e. the initial model is updated and a
new model is addéd. If the incoming group of samples are
unlabeled, the system may use two models, namely, a newest
added model and/or an updated initial model. Both models
can predict the labels for these unlabeled samples, and the
samples with the most confident labels are selected.
Supposing the most confident labels are just the pseudo
ground truth labels, each model will provide these samples
and their labels to update the other model.

The samples used for training are usually labeled by
experts; however, the labeling might be difficult, expensive or
time-consuming, while the unlabeled samples are easier to
collect. With limited amount of labeled samples, the obtained
classifier might be biased or insufficient to distinguish

different classes. Given the limited labeled samples, an
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effective technique to train a classifier should exploit the

information in the large amount of unlabeled samples, which

is generally well-known as semi-supervised learning.

A semi-supervised online learning boosting tree
framework may make use of the information contained in a
large amount of unlabeled data. Their distribution gives some
information about the intrinsic connections between data
points, but this information 1is hard to exploit using
traditional supervised learning techniques, since the samples
do not have class labels associated with them.

A semi-supervised technique, generally referred to as co-
training may be utilized. By way of general description there

M,

are two different classifiers and M, trained on labeled

samples. Firstly My is used to provide (predict) labels for the

unlabeled samples. Then, predicted samples with the most
confident labels are selected, removed from the unlabeled set, |

and added to the labeled set associated with the predicted

labels. Mi is re-trained with the expanded labeled set. Then,

M

the role of Mo and M is changed, and the above steps are

M,

repeated. In this stage, is re-trained based on

predictions from the updated M, This co-training procedure

may continue, until some convergence criteria is met.

Referring to FIG. 3, with the initial training samples 300,

the system has an initial model Mv trained 310. In the

subsequent stages, depending on the nature of the received
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samples, one or more techniques may be applied.

Referring to FIG. 4, if the incoming group of samples 410,
420 1is labeled, My 435 may be updated 430 with these
samples. In this manner, the initial model is updated based

upon the subsequent samples, and therefore reflects the total

set of available samples. A new boosting model M: 440 based

upon a set of samples is added 450 to M;460. In this manner,

new boosting models are determined based upon the labeled
images each of which is characteristic of the newly received
samples, which are then combined with previous newly
detérmined boosting models. In this manner, the syétem is
more suitable to adjust to changes in the characteristics of
the samples.

Referring to FIG. 5, if the incoming group of samples is

M, and M R

M,

unlabeled 500, and the system has two models
then a co- training procedure may be carried out between

M,

and the most recently added model M; in In general, the

technique predicts 510 the labels for all of the unlabeled
samples. Based upon the prediction, the syst‘em selects the
samples with the most confident labels 520. The model My s
updated 530 based upon the selected samples resulting in a
set of updated models 540. Based upon the models 540 the
system may predict the labels 550 for the unlabeled images
560. The prediction 550 may include the labels and a

confidence measure (confidence score). The prediction value
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of each tree 1=pi(x) (i denotes a Decision Tree)

recited above is regarded as the confidence score. Then the
largest positive prediction value (C_pos) in each tree is fbund
and also the smallest negative prediction value (C_neg) in
each tree is found. Next, a confidence ratio as 0.6 is defined,

and then the confident samples are selected if its prediction

value is larger than 0.6*C_pos or its absolute prediction value

is larger than 0.6*abs(C_neg).

- The samples with the most confident_labels 570 may be
selected as likely true labels. The model Mz is updated 580
based upon the selected samples resulting in a set of updated
models 590. This process may be repeated for additional
unlabeled samples.

Referring to FIG. 6, if the subsequent group of samples

is unlabeled and the system only has model My , a self-

training procedure may be carried out, which is similar to co-
learning, with My providing the most confident samples to
itself.

If the online samples are arriving one by one instead of
group by group, the system may use a buffer to store the
labeled samples until there are enough labeled samples to
train a new model to be added. There is n;) need to hold
another buffer for unlabeled samples, since updating the

existing model and the co-training framework can handle the
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samples one by one.

FIG. 7 illustrates the resulting technique from
combining FIG. 4, FIG. 5, and FIG. 6.

In the prediction of semi-supervised online learning, the

initial model Mvand each of Mg produce a prediction label.

Then these labels are combined by a weighted summation to
generate the final predicted label. This prediction procedure
is illustrated in FIG. 8.

FIG. 9 illustrates an arrangement of a classification
device 1 of the present embodiment. The classification device
includes an input section 2, an information processing
section 3, an output section 4, and a memory (storage
section) 5 (see FIG. 9). The rnerhory 5 stores plurality of types
of statistical models ( a trained statistical model based upon a
set of initial (labeled) samples, a first statistical médel (the
initial boosting model), and a second statistical model (the
second boosting model)).

The information processing section 3 obtains an image of
a product to be subjected to classification (a éet of initial,
first, and second samples), and analyzes the image by use of
the plurality of types of statistical models stored in the
memory 5, so as to determine whether or not there is a defect
in the product in the image. The information process'ing
section 3 outpufs a result of the determination via the output

section 4.
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The information processing section 3 is a CPU or a
dedicated arithmetic circuit.‘ The output section 4 is, for
example, a display device. The input section 2 is a member
which has a function of obtaining the image. The input
section 2 is exemplified by a communication device which
receives the image and a port which connects a storage
medium.

The plurality of types of statistical models may be‘

manually supplied to the classification device 1 (stored in the

memory 5) by a user.

The information processing section 3 trains a statistical
model in accordance with the method as described earlier, so
as to determine the product by use of the statistical model
thus trained. The information processing section 3 may
determine the product by combining a plurality of statistical
models.

The information processing section 3 may receive a set
of labeled samples via the input section 2. The labeled samples
are samples which are classified into one of a piurality of categories
in advance by a preset statistical model.

The following description discusses how to select
samples in co-training.

+ Predict the labels of unlabeled samples and select the

most confident samples:
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P (x)

_1
fn(x)= zlogl_pm )

- Each tree node value is defined as
+ The summation of M trees’ results:

- Suppose trees are independent, the posteriori-

probability of the sample being positive is: P m=l
M
S ()oe i Pn) pl)
2= = ol
] A (-, )

- This poster-probability ratio can be regarded as a

—

confidence value.
+ Fixed number:
- 5000 Samples with largest absolute predicted value;
10 * Confidence ratio:
- Get the largest possible value(positive) _pos suppose |
in each tree the sample will be classified into the node
with larger value, as well as the smallest possible value
(negative) C_neg;
15 - Define a confidence ratio as 0.6, the confident samples
are selected as:
* a positive sample with its label C_x > 0.6 * C_pos
- a negative sample with label C_x and abs(C_x) > 0.6
* abs(C_neg)
20 - Max difference:
- Selecting samples from classifier A for classifier B:

Classifier A and Classifier B have agreed on the
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sign;

Classifier A predicts larger absolute value (more

confident) than classifier B.
The terms and expressions which have been empioyed in
) the foregoing specification are used therein as terms of
description and not of limitation, and there is no intention, in
the use of such terms and expressions, of excluding
equivalents of the features shown and described or portions
thereof, 1t being recognized that the scope of the invention is

10 defined and limited only by the claims which follow.
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CLAIMS

1. A method for classification of samples comprising:-

(a) providing a trained statistical model based upon a
set of initial samples;

(b) receiving a set of first samples;

(c) training a first statistical model based upon said
first set of samples, said first statistical model being of the
same class as said trained statistical model;

(d) receiving a‘set of second samples;

(e) training a second statistical model based upon said
second set of samples, said second statistical model being of
the same class as said trained statistical model;

(f) wherein said trained statistical model, said- first
statistical model, and said second statistical model, are
independent of each other and collectively used to classify

another sample.

2. - The method of claim 1 wherein said trained

statistical model is a boosting model.

3. A method for classification of samples comprising:
(a) providing a trained statistical model based upon a
set of initial samples;

(b) receiving a first sample;
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(c) further training said initial statistical model based
upon said first sample;
(d) wherein said further training of said initial
statistical model processes said first sample as_v if it were

already included in said trained statistical model.

4. The method of claim 3 wherein said processing is
from a first weak classifier to a last weak classifier, and
modifying a sample’s weight at each step before passing to the

next classifier.

5. A method for classification of samples comprising:

(a) providing a first statistical model based upon a set
of samples wherein its evaluation on positive samples has
high positive recall with low precision;

(b) providing a second statistical model based upon a
set of samples wherein its evaluation on positive samples has
high precision with low positive recall;

(c) classifying a sample. based upon said first
statistical model;

(d) selectively based upon' said classifying said sample
based upon said first statistical model further classifying said

sample based upon said second statistical model.

6. The method of claim 5 wherein said classifying said
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sample based upon said first statistical model includes a first
output indicating it is likely a defect and a second output

indicating it is likely not a defect.

7. The method of claim 6 wherein said selectively
based upon said second statistic model is based upon said

second output.

8. The method of claim 1 wherein said training said
first statistical model is based upon a compact representation

of said first set of samples.

9. The method of claim 1 wherein said training said
further training said initial statistical model is based upon a

compact representation of said first sample.

10. A method for classification of samples comprising:

(a) providing a trained statistical model based upon a
set of initial labeled samples;

(b) receiving a set of first non-labeled samples;

(c) training a first statistical model based upon said
first set of non-labeled samples, where said first statistical
model is of the same class as said trained statistical model,
based upon predicting labels for said non-labeled samples

and selecting said non-labeled samples based upon a
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confidence score.

11. The 'method of claim 10 wherein said first on-

labeled samples is more than two samples.

12. The method of claim 11 wherein said trained

statistical model is a boosting model.

13." The method of claim 3 wherein said trained

statistical model is a boosting model.

14. The method of claim 10 wherein said training is
based upon at least two different statistical models, each of

which are updated.
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