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Introduction :

. Keras

- Keras is a deep-learning framework for Python that provides
a convenient way to define and train almost any kind of
deep-learning model

« Keras was initially developed for researchers, with the aim of
enabling fast experimentation
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It allows the same code to run seamlessly on CPU or GPU.

It has a user-friendly API that makes it easy to quickly
prototype deep-learning models.

« It has built-in support for convolutional networks, recurrent
networks, and any combination of both.

It supports arbitrary network architectures: multi-input or
multi-output models, layer sharing, model sharing, and so on.

 It's compatible with any version of Python from 2.7 to 3.6 .
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« Keras has well over 200,000 users, ranging from academic
researchers and engineers at both startups and large
companies to graduate students and hobbyists.

- Keras is used at Google, Netflix, Uber, CERN, Yelp, Square,
and hundreds of startups working on a wide range of
problems.

« Keras is also a popular framework on Kaggle, the machine-
learning competition website, where almost every recent
deep-learning competition has been won using Keras
models.
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Keras is also a favorite among deep learning researchers, coming in #2 in terms of
mentions in scientific papers uploaded to the preprint server arxXiv.org



https://arxiv.org/archive/cs
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« Currently, the three existing backend implementations are
the TensorFlow backend, the Theano backend, and the
Microsoft Cognitive Toolkit (CNTK) backend.

* Any piece of code that you write with Keras can be run with

any of these backends without having to change anything in
the code.

« Keras compatibility module introduced in TensorFlow:
tf.keras

| cubpAascupbNN | [ BLAS, Eigen |
) [

[ GPU cPU ]
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« Keras is a model-level library, providing high-level building
blocks for developing deep-learning models.

It doesn’t handle low-level operations such as tensor
manipulation and differentiation.

TF:

kernel = tf.Variable(tf.truncated_normal([3, 3, 64, 64], type=tf.float32,stddev="1e-1), name="weights’)
conv = tf.nn.conv2d(self.convi_1, kernel, [1, 1, 1, 1], padding="SAME')
biases = tf.Variable(tf.constant(0.0, shape=[64], dtype=tf.float32), trainable=True, name="'biases’)

out = tf.nn.bias_add(conv, biases)
self.conv1 2 = tf.nn.relu(out, name="block1_conv2’)

Keras:

x = Convolution2D(64, 3, 3, activation="relu’, border mode='same’, name='block1_conv2')(x)
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Keras Documentation

 Keras Models: hitps://keras.io/models/

« The Sequential model: is a linear stack of layers

model = Sequential()
model.add(Dense(32, input dim=784))
model.add(Activation('relu'))

« The Model class used with functional API : given some

Input tensor(s) and output tensor(s), you can instantiate
a Model.

from keras.models import Model
from keras.layers impeort Input, Dense

a = Input(shape=(32,))
b = Dense(32)(a)
model = Model(inputs=a, outputs=b)


https://keras.io/models/

Keras Documentation

« Keras Layers: hitps://keras.io/layers/

Core Layers (Dense, Dropout ..)

Convolutional Layers (Conv1D, Conv2D ..)
Pooling Layers (MaxPoolinglD, MaxPooling2D ..)
Recurrent Layers ( RNN, GRU, LSTM ..)
Embedding Layers

Merge Layers (Add, Concatenate ..)

Noise Layers (Gaussian Noise, Gaussian Dropout)


https://keras.io/layers/

Keras Documentation

« Keras Preprocessing: hitps://keras.io/preprocessing/

« Sequence Preprocessing (pad sequence, skipgrams ..)
« Text Preprocessing (one_hot, Tokenizer ..)

* Image Preprocessing (Image Data Generator)


https://keras.io/preprocessing/

Keras Documentation

« Keras Losses: hitps://keras.io/losses/

« Mean_squared_error

« Mean_asolute error

« Binary_crossentropy

« Categorical_crossentropy

« Cosine_proximity


https://keras.io/losses/

Keras Documentation

 Keras Metrics: hitps://keras.io/metrics/

« Binary accuracy
« Categorical accuracy
« Sparse categorical accuracy

« Top K categorical accuracy ...


https://keras.io/metrics/

Keras Documentation

« Keras Optimizers: hitps://keras.io/optimizers/
« SGD
« RMSprop
 Adam

« Adamax

 Nadam
« Adagrad
 TFOptimizer ...


https://keras.io/optimizers/

Keras Documentation

 Keras Activations: hitps://keras.io/activations/

e softmax

softplus
* elu
« selu
* relu
* sigmoid
« tanh

e |inear ...


https://keras.io/activations/

Keras Documentation

 Keras Datasets: hitps://keras.io/datasets/

* CIFAR100 small image classification
 MNIST database of handwritten digits

« Boston housing price regression dataset
* Reuters newswire topics classification

« |IMDB Movie reviews sentiment classification ...


https://keras.io/datasets/

Keras Documentation

« Keras Applications: hitps://keras.io/applications/

« Xception

« VGG16 - VGG19
* ResNet50

* MobileNet

* |nceptionV3...


https://keras.io/applications/

Keras Documentation

Backend https://keras.io/backend/

Initializers https://keras.io/initializers/

Regularizers https://keras.io/reqularizers/

Constraints https://keras.io/constraints/

Visualization https://keras.io/visualization/

Scikit-learn API https://keras.io/scikit-learn-api/
Utils https://keras.io/utils/
Contributing https://keras.io/contributing/



https://keras.io/backend/
https://keras.io/initializers/
https://keras.io/regularizers/
https://keras.io/constraints/
https://keras.io/visualization/
https://keras.io/scikit-learn-api/
https://keras.io/utils/
https://keras.io/contributing/

Life-Cycle for Models In
Keras
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Load Data

Define Model

Compile Model
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Evaluate Model

Make Predictions

Life-Cycle



Life-Cycle

 Load Data

1 from keras.models import Sequential
£ from keras.layers import Dense

3 import numpy

4 # fix random seed for reproducibility
5 numpy.random. seed(/)

1 # load pima indions dataset

. dataset = numpy. Loadtxt("pima-indians-diabetes.csv", delimiter=","
3 # split into input (X) and output (Y) variables

4 X = dataset[:,0:8]

5 Y = datoset[: €]




Life-Cycle

 Define Model

| # cregte model

. model = Sequential()

3 model.add(Dense(LZ, input_din<§, activation="relu'))
4 model.add(Dense(8, activation="relu"))

5 model..add(Dense(L, activation="signoid"))

e —




Life-Cycle

Compile Model

1 # Compile model
2 model . compile(loss="binary_crossentropy', optimizer='adam', metrics=['accuracy'])

Fit Model

1 # Fit the model
. model.fit(X, Y, epochs=150, batch_size=10)




Life-Cycle

 Evaluate Model

1 # evaluate the model

. scores = model. evaluate(X, Y)
3 print(M\nks: k. 2f%%" % (model.metrics_names[1], scores[1]¥100))

« Make Predictions

| predictions = model.predict(x)




Life-Cycle

« Tie it all together
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# Sample Multilayer Perceptron Neural Network in Keras

from keras.models import Sequential

from keras.layers import Dense

import numpy

# load and prepare the dataset

dataset = numpy.loadtxt("pima-indians-diabetes.csv", delimiter=",")
X = dataset[:,0:8]

Y = dataset[:,8&]

# 1. define the network

model = Sequential()

model . add(Dense(12, input_dim=8, activation="relu'))
model . add(Dense(1l, activation="sigmoid'))

# 2. compile the network

model . compile(loss="binary_crossentropy', optimizer="adam', metrics=["accuracy'])
# 3. fit the network

history = model.fit(X, Y, epochs=100, batch_size=10)

# 4. evaluate the network

loss, accuracy = model.evaluate(X, Y)

print("\nlLoss: %.2f, Accuracy: %.Z2f%%" % (loss, accuracy*100))
# 5. make predictions

probabilities = model.predict(X)

predictions = [float(round(x)}) for x in probabilities]
accuracy = numpy.mean(predictions == Y)

print("Prediction Accuracy: %.2f%%" % (accuracy*100))




Practical Examples

Deep Learning
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import keras

Using TensorFlow backend.

What mathematicians think I do What | think I do What | actually do
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HTK Tool Kit

What is HTK tool kit

(The HTK language modeling tools are a
group of programs  designed  for
constructing and testing statistical n-gram
language models




What to prepare

Training & Test Text




HTK Tool Kit

Plain text sentences

One sentence per line

Sentence starts with <s>

Sentence ends with </s>




HTK Tool Kit

Training Text Sample

(<s> I'T WAS ON A BITTERLY COLD NIGHT AND FROSTY

MORNING TOWARDS THE END OF THE WINTER OF
NINETY SEVEN THAT | WAS AWAKENED BY A TUGGING

AT MY SHOULDER </s>
<s> IT WAS HOLMES </s>




HTK Tool Kit

Dictionary

Plain text wordlist

One word per line

Alphabetically ordered




HTK Tool Kit

Dictionary Sample

</s>

<s>

A

A.

ABANDON
ABANDONED
ABBEY
ABDULLAH




HTK Tool Kit

Building a LM |

Training Text

N 4

Gram Files

R \y

Vocabulary and class mapping + gram files sequencing

v

N-gram LM

Perplexity
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LNewMap [options] name mapfn

—e esc Change the contents of the EscMode header to esc.
Default is RAW.

—f fld Add the field fld to the Fields header.




Example:

LNewMap -f WFC Holmes empty.wmap




/ LGPrep [options] wordmap [textfile ...]




LGPrep cont’'d

LGPrep [options] wordmap [textfile ...]




LGPrep cont’d

/ LGPrep [options] wordmap [textfile ...]




LGPrep cont’'d

/ Example:

LGPrep -T 1 -a 100000 -b 2000000 -d holmes.0 -n 4
-s "Sherlock Holmes" empty.wmap
D:\train\abbey_grange.txt, D:\train\beryl_coronet.txt,...




LGPrep cont’'d

WMAP file
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LGCopy [options] wordmap [mult] gramfiles




LGCopy cont’d

/ LGCopy [options] wordmap [mult] gramfiles




LGCopy cont’d

/ Example:

LGCopy -T 1 -b 2000000 -d D:\holmes.1
D:\ holmes.0O\wmap D:\ holmes.0\gram.1 D:\
holmes.0O\gram.2.....




/ LBuild [options] wordmap outfile [mult] gramfile ..




LBuild cont’d

y

Example:

LBuild -T1-c21-c31-n3D:\Im_5k\5k.wmap
D:\Im_5k\tg2-1_1 D:\holmes.1\data.l
D:\holmes.1\data.2... D:\Im_5k\data.1 D:\Im_5k\data.12




/ LPlex [options] langmodel labelFiles




LPlex cont’d

)

Example:

Lplex -n 3 -t D:\Im_5k\tg1_1 D:\test\red-
headed_league.txt




Statistical Language Modeling using

SRILM Toolkit
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Introduction

SRILM is a collection of C++ libraries, executable
programs, and helper scripts.

The toolkit supports creation and evaluation of a
variety of language model types based on N-gram
statistics.

The main purpose of SRILM is to support language
model estimation and evaluation.

Since most LMs in SRILM are based on N-gram
statistics, the tools to accomplish these two purposes
are named and , respectively.



Introduction

A standard LM (trigram with Good-Turing
discounting and Katz backoff for smoothing) would be
created by

The resulting LM may then be evaluated on a test
corpus using



Basic SRILM Tools




ngram-count

generates and manipulates N-gram
counts, and estimates N-gram language models from
them.

Syntax:



ngram-count options

Each filename argument can be an ASCII file, or a
compressed file (name ending in .Z or .gz)

-help

Print option summary.

-version

Print version information.

-order n

Set the maximal order (length) of N-grams to count.
This also determines the order of the estimated LM,
If any. The default order is 3.

-memuse

Print memory usage statistics.



ngram-count options

-vocab file
Read a vocabulary from file.

-vocab-aliases file
Reads vocabulary alias definitions from file,
consisting of lines of the form

This causes all tokens alias to be mapped to word.

-write-vocab file

-write-vocab-index file

Write the vocabulary built in the counting process to
file.



ngram-count counting options

-tolower
Map all vocabulary to lowercase.

-text textfile
Generate N-gram counts from text file.

-N0-S0S

Disable the automatic insertion of start-of-sentence
tokens in N-gram counting.

-N0-e0s

Disable the automatic insertion of end-of-sentence
tokens in N-gram counting.

-read countsfile
Read N-gram counts from a file.



ngram-count counting options

-read-google dir

Read N-grams counts from an indexed directory
structure rooted in dir, in a format developed by
Google. The corresponding directory structure can
be created using the script

-write file

-write-binary file
-write-order n

-writen file

Write total counts to file.

-sort
Output counts in lexicographic order, as required for
ngram-merge.



ngram-count Im options

-lm Imfile

-write-binary-Im

Estimate a backoff N-gram model from the total
counts, and write it to Imfile .

-unk
Build an “open vocabulary" LM.

-map-unk word
Map out-of-vocabulary words to word.



ngram-count Im options

-cdiscountn discount
Use Ney's absolute discounting for N-grams of order
n, using discount as the constant to subtract.

-wbdiscountn
Use Witten-Bell discounting for N-grams of order n.

-ndiscountn
Use Ristad's natural discounting law for N-grams of

order n.

-addsmoothn delta
Smooth by adding delta to each N-gram count.



ngram-count Im options

-kndiscountn
Use Chen and Goodman's modified Kneser-Ney
discounting for N-grams of order n.

-kn-counts-modified
Indicates that input counts have already been
modified for Kneser-Ney smoothing.

-interpolaten

Causes the discounted N-gram probability estimates
at the specified order n to be interpolated with lower-
order estimates. Only Witten-Bell, absolute
discounting, and (original or modified) Kneser-Ney
smoothing currently support interpolation.



ngram

performs various operations with N-gram-based
and related language models, including sentence
scoring, and perplexity computation.

Syntax:



ngram options

-help
Print option summary.

-version
Print version information.

-order n
Set the maximal N-gram order to be used, by default 3.

-memuse
Print memory usage statistics for the LM.



ngram options

The following options determine the type of LM to
be used.
-null

Use a null' LM as the main model (one that gives
probability 1 to all words).

-use-server S
Use a network LM server as the main model.

-Im file
Read the (main) N-gram model from file.



ngram options

-tagged
Interpret the LM as containing word/tag N-grams.

-skip
Interpret the LM as a " skip" N-gram model.

-classes file
Interpret the LM as an N-gram over word classes.

-factored
Use a factored N-gram model.

-unk
Indicates that the LM is an open-class LM.



ngram options

-ppl textfile

Compute sentence scores (log probabilities) and
perplexities from the sentences in textfile.

The -debug option controls the level of detail printed.

-debug O
Only summary statistics for the entire corpus are
printed.

-debug 1
Statistics for individual sentences are printed.



ngram options

-debug 2
Probabilities for each word, plus LM-dependent detalls
about backoff used etc., are printed.

-debug 3
Probabilities for all words are summed In each context,
and the sum is printed.



ngram options

-nbest file

Read an N-best list in nbest-format and rerank the
hypotheses using the specified LM. The reordered N-
best list is written to stdout.

-nbest-files filelist
Process multiple N-best lists whose filenames are listed
In filelist.

-write-nbest-dir dir
Deposit rescored N-best lists into directory dir, using
filenames derived from the input ones.



ngram options

-decipher-nbest
Output rescored N-best lists in Decipher 1.0 format,
rather than SRILM format.

-no-reorder
Output rescored N-best lists without sorting the
hypotheses by their new combined scores.

-max-nbest n
Limits the number of hypotheses read from an N-best
list.



ngram options

-N0-S0S
Disable the automatic insertion of start-of-sentence
tokens for sentence probability computation.

-Nn0-e0s
Disable the automatic insertion of end-of-sentence
tokens for sentence probability computation.



ngram-merge

ngram-merge reads two or more lexicographically
sorted N-gram count files and outputs the merged,
sorted counts.

Syntax:
ngram-merge [-help] [-write outfile ] [ -float-counts ]
\ [ -- ] infilel infile2 ...




Ngram-merge options

-write outfile
Write merged counts to outfile.

-float-counts
Process counts as floating point numbers.

Indicates the end of options, in case the first input
filename begins with "~"-".



Basic SRILM file
format




ngram-format

File format for ARPA backoff N-gram models

\datal\
ngram 1=nl
ngram 2=n2.

ngram N=nN

\1-grams:

P w [bow]
L\

2-grams:

P wl w2 [bow]

\N-grams:
P wl ... wN

\end\



nbest-format

SRILM currently understands three different formats
for lists of N-best hypotheses for rescoring or 1-best
hypothesis extraction. The first two formats originated
In the SRI Decipher(TM) recognition system, the third
format is particular to SRILM.

The first format consists of the header

followed by one or more lines of the form

where score Is a composite acoustic/language model
score from the recognizer, on the bytelog scale.



nbest-format

The second Decipher(TM) format is an extension of
the first format that encodes word-level scores and
time alignments. It is marked by a header of the form

The hypotheses are in the format
where words are followed by start and end times,

language model and acoustic scores (bytelog-scaled),
respectively.



nbest-format

The third format understood by SRILM lists
hypotheses in the format

where the first three columns contain the acoustic
model log probability, the language model log
probability, and the number of words in the hypothesis
string, respectively. All scores are logarithms base 10.



Basic SRILM Scripts




Training-scripts

These scripts perform convenience tasks associated
with the training of language models.

get-gt-counts

Syntax

Computes the counts-of-counts statistics needed In
Good-Turing smoothing. The frequencies of counts up
to K are computed (default is 10). The results are
stored In a series of files with root name,
name.gtlcounts,..., name.gtNcounts.



Training-scripts

make-gt-discounts

Santax:

Takes one of the output files of get-gt-counts and
computes the corresponding Good-Turing discounting
factors. The output can then be passed to ngram-count
via the -gtn options to control the smoothing during
model estimation.



Training-scripts

make-abs-discount

Syntax

Computes the absolute discounting constant needed
for the ngram-count -cdiscountn options. Input Is
one of the files produced by get-gt-counts.



Training-scripts

make-kn-discount
Syntax
Computes the discounting constants used by the

modified Kneser-Ney smoothing method. Input is one
of the files produced by get-gt-counts.



Training-scripts

make-batch-counts

Syntax

Performs the first stage in the construction of very
large N-gram count files. file-list is a list of input text
files. Lines starting with a #' character are ignored.
These files will be grouped into batches of size batch-
size (default 10). The N-gram count files are left in
directory count-dir (" counts" by default), where they
can be found by a subsequent run of merge-batch-
counts.



Training-scripts
merge-batch-counts
Syntax
Completes the construction of large count files.
Optionally, a file-list of count files to combine can be

specified. A number as second argument restarts the
merging process at iteration start-iter.



Training-scripts
make-google-ngrams

Syntax

Takes a sorted count file as input and creates an
Indexed directory structure, in a format developed by
Google to store very large N-gram collections.
Optional arguments specify the output directory dir
and the size N of individual N-gram files (default is 10
million N-grams per file). The gzip=0 option writes
plain. The yahoo=1 option may be used to read N-
gram count files in Yahoo-GALE format.



Training-scripts

tolower-ngram-counts

Syntax

Maps an N-gram counts file to all-lowercase. No

merging of N-grams that become identical in the
process is done.



Training-scripts

reverse-ngram-counts

Syntax

Reverses the word order of N-grams in a counts file or
stream.

reverse-text

Syntax

Reverses the word order in text files, line-by-line.



Training-scripts

compute-oov-rate

Syntax

Determines the out-of-vocabulary rate of a corpus
from its unigram counts and a target vocabulary list in
vocab.



Im-scripts

add-dummy-bows
Syntax

Adds dummy backoff weights to N-grams, even
where they are not required, to satisfy some
broken software that expects backoff weights on all
N-grams (except those of highest order).



Im-scripts

change-Im-vocab

Syntax

Modifies the vocabulary of an LM to be that in vocab.
Any N-grams containing OOV words are removed,
new words receive a unigram probability, and the
model is renormalized. The -tolower option causes
case distinctions to be ignored. -subset only
removes words from the LM vocabulary, without
adding any.



Im-scripts

make-Im-subset
Syntax
Forms a new LM containing only the N-grams found

In the count-file. The result still needs to be
renormalized with ngram -renorm .



Im-scripts

get-unigram-probs
Syntax

Extracts the unigram probabilities in a simple table
format from a backoff language model. The linear=1
option causes probabilities to be output on a linear
(instead of log) scale.



ppl-scripts

These scripts process the output of the ngram option
-ppl to extract various useful information.

add-ppls
Syntax

Takes several ppl output files and computes an
aggregate perplexity and corpus statistics.



ppl-scripts

subtract-ppls

Syntax

Similarly computes an aggregate perplexity by
removing the statistics of zero or more ppl-file2 from
those in ppl-filel.



ppl-scripts

compare-ppls
Syntax

Tallies the number of words for which two language
models produce the same, higher, or lower
probabilities. The input files should be ngram -
debug 2 -ppl output for the two models on the same
test set. The parameter D is the minimum absolute
difference for two log probabilities to be considered
different.



ppl-scripts

compute-best-mix

Syntax

Takes the output of several ngram -debug 2 —ppl
runs on the same test set and computes the optimal
Interpolation weights for the corresponding models.
Initial weights may be specified as 11 12 .... The
computation Is iterative and stops when the
Interpolation weights change by less than P (default
0.001).



ppl-scripts

compute-best-sentence-mix
Syntax
similarly optimizes the weights for sentence-level

interpolation of LMs. It requires input files generated
by ngram -debug 1 -ppl.
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T
Why a language model?

e Suppose a machine Is required to translate:
“The human Race”.

 The word “Race” has at least 2 meanings, which
one to choose?

* Obviously, the choice depends on the “history”
or the “context” preceding the word “Race”. E.g.,
“the human race” versus “the dogs race”.

A statistical language model can solve this
ambiguity by giving higher probability to the
correct meaning.



Probabllity in brief

 Joint probability: P(A,B) Is the probabillity
that events A and B are simultaneously
true (observed together).

« Conditional probability: P(A|B): Is the
probability that A Is true given that B Is
true (observed).



Relation between joint and conditional probabilities

* BAYES RULE:

P(A|B) = P(A,B)/P(B)

P(B|A) = P(A,B)/P(A)

Or;

P(A,B)= P(A).P(B|A) = P(B).P(A|B)




Chain Rule

* The joint probability:
P(A,B,C,D)=P(A).P(B|A).P(C|A,B).P(D|A,B,C)
« This will lend itself to the language modeling paradigm

as we will be concerned by the joint probability of the
occurrence of a word-sequence (W,,W,,W,,....\W,):

P(W,,W,,W,,....W.)

which will be put in terms of conditional
probability terms:

« P(W1).P(W2|W1).P(W3|W1,W2).........
(More of this later)



o
Language Modeling?

In the narrow sense, statistical language modeling
IS concerned by estimating the joint probability of
a word sequence . P(W,W,,W,,....\W,)

This is always converted into conditional probs:
P(Next Word | History)

e.g., P(W3|W1,W2)

l.e., can we predict the next word given the
previous words that have been observed?

In other words, if we have a History, find the Next-
Word that gives the highest prob.



Word Prediction

 Guess the next word...

... Itis too late | want to go ??7
... | notice three guys standing on the 7?7

* There are many sources of knowledge that can
be used to inform this task, including arbitrary
world knowledge and deeper history (It is too
late)

« But it turns out that we can do pretty well by
simply looking at the preceding words and
keeping track of some fairly simple counts.



L
Word Prediction

* We can formalize this task using what are
called N-gram models.

* N-grams are token sequences of length N.

* Our 2nd example contains the following 2-
grams (Bigrams)
— (I notice), (notice three), (three guys), (guys
standing), (standing on), (on the)
» Glven knowledge of counts of N-grams
such as these, we can guess likely next
words In a sequence.




L
N-Gram Models

* More formally, we can use knowledge of
the counts of N-grams to assess the
conditional probability of candidate words
as the next word in a seqguence.

* In doing so, we actually use them to
assess the joint probabillity of an entire
sequence of words. (chain rule).

10



Applications

|t turns out that being able to predict the next
word (or any linguistic unit) in a sequence Is an
extremely useful thing to be able to do.

 As we'll see, it lies at the core of the following
applications
— Automatic speech recognition
— Handwriting and character recognition
— Spelling correction
— Machine translation
— Information retrieval
— And many more.

11



ASR

arg max P(wordsequence | acoustics) =

wordsequence

P(acoustics | wordsequence) x P(wordsequence)
P(acoustics)

arg max

wordsequen ce

arg max P(acoustics | wordsequence) x P(wordsequence)

wordsequen ce

10/7/2024 12



Source Channel Model for
Machine Translation

arg max P(wordsequence | acoustics) =

wordsequence

P(acoustics | wordsequence)’ P(wordsequence)
P(acoustics)

arg max

wordsequence

arg max P(acoustics | wordsequence)” P(wordsequence)

wordsequence

argmax P(english| french) = f
4

wordsequence

B P( french| english)” P(english) %\
wordsequence P ( f i enCh)

argmax P( french|english)” P(english)

10/7/2024 yy opdsequence

13



SMT Architecture

Based on Bayes’ Decision
Rule:

Source Language Text

Preprocessing

Global Search:

maximize Pr(e.}- Pr(f|e})

over

Target Language Text

Translation Model
Language Model

& =
= argmax{ p(e) p(f | e) }

argmax{ p(e | f) }



Counting

« Simple counting lies at the core of any
probabilistic approach. So let’s first take a
look at what we're counting.

— He stepped out into the hall, was delighted to
encounter a water brother.

13 tokens, 15 if we include “,” and
tokens.

« Assuming we include the comma and period, how
many bigrams are there?

€k ”

.. as separate

15



Counting

« Not always that simple
— | do uh main- mainly business data processing

« Spoken language poses various challenges.
— Should we count “uh” and other fillers as tokens?

— What about the repetition of “mainly”? Should such do-
overs count twice or just once?

— The answers depend on the application.

* If we're focusing on something like ASR to support indexing
for search, then “uh” isn’t helpful (it's not likely to occur as a
query).

 But filled pauses are very useful in dialog management, so
we might want them there.

16



o
Counting: Types and Tokens

« How about

— They picnicked by the pool, then lay back on
the grass and looked at the stars.

18 tokens (again counting punctuation)
* But we might also note that “the” is used 3
times, so there are only 16 unique types
(as opposed to tokens).

* In going forward, we’ll have occasion to
focus on counting both types and tokens
of both words and N-grams. 17



L
Counting: Wordforms

« Should “cats” and “cat” count as the same
when we’re counting?

 How about “geese” and “goose”™?

« Some terminology:

— Lemma: a set of lexical forms having the
same stem, major part of speech, and rough
word sense: (car, cars, automobile)

— Wordform: fully inflected surface form

* Again, we'll have occasion to count both
lemmas, morphemes, and wordforms

18



Counting: Corpora

* S0 what happens when we look at large
bodies of text instead of single utterances?

* Brown et al (1992) large corpus of English
text

— 583 million wordform tokens
— 293,181 wordform types

* Google

— Crawl of 1,024,908,267,229 English tokens
— 13,588,391 wordform types

 That seems like a lot
have only around 500

n large dictionaries of English
ere?

19



S
Language Modeling

« Back to word prediction

* We can model the word prediction task as
the ability to assess the conditional
probability of a word given the previous
words in the sequence
- P(w,|w,W,...w, )

« We’'ll call a statistical model that can
assess this a Language Model

20



Language Modeling

 How might we go about calculating such a
conditional probability?

— One way Is to use the definition of conditional
probabilities and look for counts. So to get

— P(the | its water is so transparent that)
* By definition that's
Count(its water Is so transparent that the)

Count(its water is so transparent that)

We can get each of those counts in a large
corpus. 21




Very Easy Estimate

* According to Google those counts are 5/9.

— Unfortunately... 2 of those were to these
slides... So maybe it's really 3/7

— In any case, that’s not terribly convincing due
to the small numbers involved.

22



o
Language Modeling

« Unfortunately, for most sequences and for
most text collections we won't get good
estimates from this method.

— What we're likely to get is 0. Or worse 0/0.

» Clearly, we'll have to be a little more
clever.
— Let’s use the chain rule of probability

— And a particularly useful independence
assumption.

23



The Chain Rule

Recall the definition of conditional probabilities

P(A, B)
Rewriting: P(AIB) = P(B)

P(A,B)=P(B).P(A|B)
For sequences...
— P(A,B,C,D) = P(A)P(B|A)P(C|A,B)P(DI|A,B,C)
In general

- P(Xl’XZ’X3""Xn) —
P(X)P(Xa|X1)P(X3|X1,X5) .. .P(X,|Xy ... X 1)

24



The Chain Rule

P(W) = P(wi)P(wa|wi)P(w3wi)...P(wy|w] ")

1
= TTPOwilwi™)
k=1

P(its water was so transparent)=
P(its)*
P(water|its)*
P(waslits water)*
P(solits water was)*
P(transparent|its water was so)

25



Unfortunately

* There are still a lot of possible sentences

* In general, we'll never be able to get
enough data to compute the statistics for
those longer prefixes

— Same problem we had for the strings
themselves

26



Independence Assumption

« Make the simplifying assumption
— P(lizard|the,other,day,l,was,walking,along,and
,saw,a) = P(lizard|a)
* Or maybe
— P(lizard|the,other,day,l,was,walking,along,and
,saw,a) = P(lizard|saw,a)
* That is, the probability in question Is
Independent of its earlier history.

27



Independence Assumption

* This particular kind of independence assumption
Is called a Markov assumption after the Russian
mathematician Andrei Markov.

28



&ar!ov xssump!lon

So for each component in the product replace with the
approximation (assuming a prefix of N)

P(Wn‘W ) P(Wn‘W_N_l_l

Bigram version

Pw, [w™) = P(w, |w,.)

29



Estimating Bigram Probabillities

e The Maximum Likelihood
Estimate (MLE):

count(w,_,,w,)

Pw. |w. )=
( z‘ z—l) C‘Ol/lnt(wi_l)

30



Normalization

« For N-gram models to be probabilistically correct
they have to obey prob. Normalization
constraints:

> P(Wj|Contexti) =1

over-all—|

« The sum over all words for the same context
(history) must be 1.

* The context may be one word (bigram) or two
words (trigram) or more.

31



An Example: bigrams

¢ <s>|am Sam </s>
¢ <s>Sam | am </s>
« <s> | do not like green eggs and ham </s>

P(I|<s>)=%=.67 P(Sam|<s>)=%1=.33 Plam|I)=35=.67
P(</s>|Sam)=%=0.5 P(Sam|am)=4%=.5 P(do|I)=%=.33
Clwy—1wn)
P(wn|wy_1) =

C'[ 1)

32



o
estimates depend on the corpus

 The maximum likelihood estimate of some parameter of
a model M from a training set T

— Is the estimate that maximizes the likelihood of the training
set T given the model M

« Suppose the word Chinese occurs 400 times in a corpus
of a million words (Brown corpus)

« What is the probability that a random word from some
other text from the same distribution will be “Chinese”

* MLE estimate is 400/1000000 = .004
— This may be a bad estimate for some other corpus

33



~ Berkeley Restaurant Project

Sentences examples

« can you tell me about any good cantonese restaurants
close by

* mid priced thai food is what i’'m looking for
 tell me about chez panisse

e can you give me a listing of the kinds of food that are
available

* I’m looking for a good place to eat breakfast
* when is caffe venezia open during the day

34



 Qut of 9222 sentences

Bigram Counts

—e.g. ‘| want” occurred 827 times

1 want | to eat chinese | food | lunch | spend
1 5 827 0 9 0 0 0 2
want 2 0 608 1 6 6 5 1
to 2 0 4 686 | 2 0 6 211
eat 0 0 2 0 16 2 42 0
chinese 1 0 0 0 0 82 1 0
food 15| 0 15 0 1 4 0 0
lunch 2 0 0 0 0 1 0 0
spend 1 0 1 0 0 0 0 0

35




Bigram Probabillities

 Divide bigram counts by prefix unigram
counts to get probabillities.

1 want to eat chinese food lunch spend
2533 927 2417 746 158 1093 341 278
1 want | to eat chinese | food | lunch | spend

1 0.002 03310 0.0036 | 0 0 0 0.00079
want 0.0022 | 0 0.66 0.0011 | 0.0065 | 0.0065 | 0.0054 | 0.0011
to 0.00083 | O 0.0017 | 0.28 0.00083 | 0 0.0025 | 0.087
eat 0 0 0.0027 | 0 0.021 0.002710.056 |0
chinese || 0.0063 | 0 0 0 0 0.52 0.0063 | 0
food 0.014 0 0.014 |0 0.00092 | 0.0037| 0 0
lunch 0.0059 |0 0 0 0 0.00291 0 0
spend || 0.0036 | O 0.0036| 0 0 0 0 0

36




examples

« P(Want | |) = C(l Want) / C(I)
= 827/2533 = 0.33

P(Food | Chinese) = C(Chinese Food) /
C(Chinese)

= 82/158 = 0.52

37



~ Bigram Estimates of Sentence

Probabilities

» P(<s> | want english food </s>) =
P(i|<s>)*
P(want]|l)*
P(english|want)*
P(food|english)*
P(</s>|food)*
=.000031

38



Evaluation

 How do we know If our models are any
good?

— And In particular, how do we know if one
model is better than another?

39



Eva‘uatlon

e Standard method

— Train parameters of our model on a training set.

— Look at the models performance on some new data

 This is exactly what happens in the real world; we
want to know how our model performs on data we
haven't seen

— S0 use a test set. A dataset which is different than
our training set, but is drawn from the same source

— Then we need an evaluation metric to tell us how
well our model is doing on the test set.

* One such metric is perplexity

40



e
Unknown Words

* But once we start looking at test data, we'll
run into words that we haven'’t seen before
(pretty much regardless of how much

training data you have) (zero unigrams)

« With an Open Vocabulary task
— Create an unknown word token <UNK>

— Training of <UNK> probabilities
» Create a fixed lexicon L, of size V
— From a dictionary or
— A subset of terms from the training set
« At text normalization phase, any training word not in L changed to
<UNK>
* Now we count that like a normal word

— At test time 41
« Use <UNK?> counts for any word not in training



Perplexity

« Perplexity is the probability epw)
of the test set (assigned by v 1
the language model), P(
normalized by the number

I
|
=
<
'
g
I
2~

of words: -
* Chain rule: PP(W) = dHP(wfwll...w,-l)
* For bigrams: N
PP(W) = \lfl_[lp(wfwfl)
« Minimizing perplexity is the same as maximizing
probability

— The best language model is one that best predigts
an unseen test set



Eower perp\ex&y.means a Be!!er

model

* Training 38 million words, test 1.5 million
words, WSJ (Wall-Street Journal)

N-gram Order || Unigram | Bigram | Trigram
Perplexity 962 170 109

43



e
Evaluating N-Gram Models

» Best evaluation for a language model

— Put model A into an application
* For example, a speech recognizer

— Evaluate the performance of the
application with model A

— Put model B into the application and
evaluate

— Compare performance of the application
with the two models

— Extrinsic evaluation 44



DI#ICU‘ty o? extrinsic zln-vwo;

evaluation of N-gram models

 Extrinsic evaluation
— This Is really time-consuming
— Can take days to run an experiment

e SO

— To evaluate N-grams we often use an intrinsic
evaluation, an approximation called perplexity

— But perplexity is a poor approximation unless the test
data looks similar to the training data

— So is generally only useful in pilot experiments
— But still, there is nothing like the real experiment!

45



N-gram Zero Counts

* For the English language,
— V2= 844 million possible bigrams...

— So, for a medium size training data, e.g.,
Shakespeare novels, 300,000 bigrams were found
Thus, 99.96% of the possible bigrams were never
seen (have zero entries in the table)

— Does that mean that any test sentence that contains
one of those bigrams should have a probability of 07

46



N-gram Zero Counts

« Some of those zeros are really zeros...
— Things that really can’t or shouldn’t happen.
* On the other hand, some of them are just rare events.

— If the training corpus had been a little bigger they would have had a
count (probably a count of 1).

« Zipf's Law (long tail phenomenon):
— A small number of events occur with high frequency
— A large number of events occur with low frequency
— You can quickly collect statistics on the high frequency events

— You might have to wait an arbitrarily long time to get valid statistics on
low frequency events

 Result:

— Our estimates are sparse ! We have no counts at all for the vast bulk
of things we want to estimate!

 Answer:
— Estimate the likelihood of unseen (zero count) N-grams!

— N-gram Smoothing techniques -



Laplace Smoothing

* Also called add-one smoothing
« Just add one to all the counts!

 This adds extra V observations
(V is vocab. Size)

Ci
* MLE estimate: Plwi) =&
: 1 (ci+1).N
¢it1 PLaplace = ( " )

+ Laplace estimate: Py ypiace (W) = = N (N +V)

« Reconstructed counts: ¢ = (ci+1) N
(making the volume N again) oo N+V

48



Laplace-Smoothed Bigram Counts

1 want to eat chinese food lunch spend
1 6 828 1 10 1 1 1 3
want 3 1 609 2 7 7 6 2
to 3 1 5 687 3 1 7 212
eat 1 1 3 1 17 3 43 1
chinese 2 1 1 1 1 83 2 1
food 16 1 16 1 2 5 1 1
lunch 3 1 1 1 1 2 1 1
spend 2 1 2 1 1 1 1 1
‘ H 1 ‘ want | to ‘ eat | chinese ‘ food | lunch | spend ‘

1 5 827 0 9 0 0 0 2

want 2 0 608 1 6 6 5 1

to 2 0 4 686 2 0 6 211

eat 0 0 2 0 16 2 42 0

chinese 1 0 0 0 0 82 1 0

food 15 0 15 0 1 4 0 0 49

lunch 2 0 0 0 0 1 0 0

spend 1 0 1 0 0 0 0 0




Eap‘ace-!mloo!Hea Flgram_
|

Probabili

. - C(wp_iwy) +1
(WnWn_1) =
C (wn— 1 ) +V

1 want to eat chinese food lunc spend
1 0.0015 0.21 0.00025| 0.0025 0.00025( 0.00025| 0.00025| 0.00075
want 0.0013 0.00042| 0.26 0.00084| 0.0029 0.0029 0.0025 0.00084
to 0.00078 | 0.00026| 0.0013 0.18 0.00078 | 0.00026| 0.0018 0.055
eat 0.00046| 0.00046| 0.0014 0.00046| 0.0078 0.0014 0.02 0.00046
chinese || 0.0012 0.00062| 0.00062| 0.00062| 0.00062| 0.052 0.0012 0.00062
food 0.0063 0.00039| 0.0063 0.00039| 0.00079| 0.002 0.00039| 0.00039
lunch 0.0017 0.00056| 0.00056| 0.00056| 0.00056| 0.0011 0.00056| 0.00056
spend 0.0012 0.00058 | 0.0012 0.00058| 0.00058| 0.00058| 0.00058| 0.00058

50




Reconstructed Counts

C(wy,_ lwﬁ.) + ] X C(wp_1)

(W 1w, ) =
( n—I1 n) (Wn—l) TV

1 want to eat chinese | food| lunch| spend
1 3.8 527 0.64 6.4 0.64 0.64| 0.64 1.9
want 1.2 0.39 238 0.78 2.7 2.7 2.3 0.78
to 1.9 0.63 3.1 430 1.9 0.63| 44 133
eat 0.34| 0.34 1 0.34 5.8 1 15 0.34
chinese || 0.2 0.098| 0.098| 0.098| 0.098 8.2 0.2 0.098
food 6.9 0.43 6.9 0.43 0.86 2.2 0.43 0.43
lunch 0.57| 0.19 0.19 0.19 0.19 0.38 | 0.19 0.19
spend 0.32| 0.16 0.32 0.16 0.16 0.16 | 0.16 0.16

P(wl|w2) =

C(w2wl) +1 _ C(w2) C(w2wl) +1 _

1 C(w2).[C(w2wl) +1]

C(w2) +V

C(w2) C(w2)+V

C(w2)

[C(W2) +V]

51




L
Big Change to the Counts!

« C(want to) went from 608 to 238!

* P(to|lwant) from .66 to .26!

» Discount d=c*/c
— d for “Chinese food” = 0.1 I A 10x reduction
— So in general, Laplace is a blunt instrument
— Could use more fine-grained method (add-k)

« But Laplace smoothing not used for N-grams, as we
have much better methods

* Despite its flaws, Laplace (add-k) is however still used to
smooth other probabilistic models in NLP, especially
— For pilot studies

— in domains where the number of zeros isn’t so huge. 52



Better Smoothing

* Intuition used by many smoothing
algorithms, for example;
— Good-Turing
— Kneyser-Ney
— Witten-Bell

* |s to use the count of things we've seen
once to help estimate the count of things
we’'ve never seen

53



~ Good-Turing

Josh Goodman Intuition

* Imagine you are fishing
— There are 8 species in this waters: carp, perch,
whitefish, trout, salmon, eel, catfish, bass
* You have caught

— 10 carp, 3 perch, 2 whitefish, 1 trout, 1 salmon, 1 eel
= 18 fish
« How likely is it that the next fish caught is from a new
species (one not seen in our previous catch)?

— 3/18 (3 is number of events that seen once)
« Assuming so, how likely is it that next species is trout?

— Must be less than 1/18 because we just stole 3/18 of

our probability mass to use on unseen events
54



Good-Turing

Notation: Nx is the frequency-of-frequency-x
So N10=1
Number of fish species seen 10 times is 1 (carp)
N1=3
Number of fish species seen 1 time is 3 (trout, salmon,
eel)

To estimate total number of unseen species (seen 0
times)
Use number of species (bigrams) we’ve seen once (i.e. 3)
So, the estimated count c* for <unseen> is 3.
All other estimates are adjusted (down) to account for the
stolen mass given for the unseen events, using the formula:

N, -



GT Fish Example

= 67 3::< =
= 037 [ 1
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- Bigram Frequencies of

Frequencies and
GT Re-estimates

AP Newswire Berkeley Restaurant—

¢ (MLE) N. " (GT) ¢ (MLE) N. " (GT)

0 74,671,100,000  0.0000270 0 2,081,496 0.002553
1 2,018,046  0.446 1 5315 0.533960
2 449,721 1.26 2 1419  1.357294
3 188,933 2.24 3 642  2.373832
4 105,668 3.24 4 381 4.081365
5 68,379 4.22 5 311 3.781350
6 48,190 5.19 6 196  4.500000

AP Newswire: 22million words, Berkeley: 9332 sentences

57



Backoff and Interpolation

* Another really useful source of knowledge
* |If we are estimating:
— trigram p(z|x,y)
— but count(xyz) Is zero
* Use Info from:
— Bigram p(z|y)
* Or even:
— Unigram p(z)
 How to combine this trigram, bigram,
unigram info in a valid fashion? 58



Backoff Vs. Interpolation

1. Backoff: use trigram if you have lIt,
otherwise bigram, otherwise unigram

2. Interpolation: mix all three by weights

59



Interpolation

« Simple Interpolation

p(wn|wn—lwn—2) — 7Llp(u")n|Wn—lwn—Z)
+?¥2P(wn‘wn—l) Zl’l -
+?L3P(wn)

« Lambdas conditional on context:

P(wn wn—an—l) =M (WE:%)P(WH|WH—ZWH—1)
+ A2 (W Z3)P (W Wa—1)
+ A3 (Wi Z3)P(wy)

60



How to Set the Lambdas?

 Use a held-out, or development corpus

* Choose lambdas which maximize the
probability of some held-out data
— l.e. fix the N-gram probabillities

— Then search for lambda values that when
plugged into previous equation give largest
probabillity for held-out set

— Can use EM to do this search

— Can use direct search methods (Genetic,
Swarm, etc...)

61



Katz Backoff (very popular)

B (ol - P{WH|WH_N+1) if C(w), N—|—1} >0
w — _ _
katz (¥l W5y ui"ﬁ—fﬂ—l)}}katz (W |w:_}.g_|_2}, otherwise.

- P*(z|x,y), ifC(x,v,z) >0
P (zlxy) = < o(x,¥)Prat, (2[V), else if C(x,y) >0
. P (z), otherwise.
(P, #CE2) >0
Pkatz{:zb’) = 9 . ]
| o(y)P*(z), otherwise.
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Why discounts P* and alpha?

 MLE probabilities sum to 1

¥ Plw;jwiwg) =1
i

« So If we used MLE probabilities but backed off to
lower order model when MLE prob is zero we
would be adding extra probability mass (it is like
INn smoothing), and total probability would be
greater than 1. So, we have to do discounting.

63



OOV words: <UNK> word

* Out Of Vocabulary = OOV words
* create an unknown word token <UNK>
— Training of <UNK?> probabilities

 Create a fixed lexicon L of size V

At text normalization phase, any training word not in L
changed to <UNK>

« Now we train its probabilities like a normal word

— At decoding time

« |f text input: Use UNK probabilities for any word not in
training

64



Other Approaches

Class-based LMs
Morpheme-based LMs
Skip LMs

65



Class-based Language Models

« Standard word-based Ianguage models
PW,WyseosWyp) = HP(W [ Wiy W)

(W|W11W 2)

:]ﬂ

 How to get robust n- g am estimates (p(w, |w,_;,w,,)?
— Smoothing
* E.9. Kneyser-Ney, Good-Turing
— Class-based language models

pw, |w,_) = pw, [ C(w,))p(C(w,)| C(w,_,))
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EImIEa!IOn O\ UUOFH-B&SGH

Language Models

 Words are inseparable whole units.
— E.g. "book” and “books™ are distinct vocabulary

units

* Especially problematic in morphologically-

rich languages:

— E.g. Arabic, Finnish, Russian, Turkish

— Many unseen word contexts
— High out-of-vocabulary rate
— High perplexity

Arabic k-t-b

Kitaab

A book

Kitaab-1y

My book

Kitaabu-hum

Their book

Kutub

Books ©’




Solution: Word as Factors

« Decompose words into “factors” (e.g. stems)
» Build language model over factors: P(w|factors)

« Two approaches for decomposition

— Linear stem  suffix  prefix stem  suffix

 [e.g. Geutner, 1995] Q—’Q—’Q—’Q—’Q

— Parallel

[Kirchhoff et. al., JHU Workshop 2002]
[Bilmes & Kirchhoff, NAACL/HLT 2003]




~Diterent KiInds of Language
Models

ecache language models (constantly adapting to a floating text)
trigger language models (can handle long distance effects)
POS-based language models, LM over POS tags
class-based language models based on semantic classes
*multilevel n-gram language models (mix many LM together)
sinterleaved language models (different LM for different parts
of text)

morpheme-based language models (separate words into core
and modifyers)

econtext free grammar language models (use simple and
efficient LM-definition)

decision tree language models (handle long distance effects,
use rules)

*HMM language models (stochastic decision for combination of
Independent LMS)
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[ Tutorial on Text Mining ]

[ Part 0 ]
4 N
Supporting Tools
WordNet & SUMO




[ The WordNet }

® WordNet is a semantic network encoding the words of a single (or multiple)
language(s) using:
® Synsets encoding the meanings for each word
® Relations synonymy, antonymy, hypernymy, hyponymy, holonymy,
meronymy, homonymy, troponymys, . . .
® The English WordNet (v3) encodes 155287 words

POS Unique Strings Synsets Total Word-Sense Pairs
Noun 117798 82115 146312

Verb 11529 13767 25047

Adjective 21479 18156 30002

Adverb 4481 3621 5580

Totals 155287 117659 206941

® WordNet is organized by the concept of synonym sets (synsets), e.g.:
musician, instrumentalist, player
person, individual, someone

http://wordnet.princeton.edu/




The WordNet Relations

Relation Definition Example

Hypernym From lower to higher breakfast -> meal
concepts

Hyponym From concepts to meal -> lunch
subordinates

Has-Member From groups to their faculty -> professor
members

Member-Of From members to their copilot - crew
groups

Has-Part From wholes to parts table -> leg

Part-Of

From parts to wholes

course -> meal

Antonym

Opposites

leader -> follower




[ The WordNet }

Word Cool

Noun

S: (n) cool (the quality of being at a refreshingly low temperature) "the cool of early morning'

S: (n) aplomb, assuredness, cool, poise, sang-froid (great coolness and composure under strain) "keep your
cool'

Verb

S: (v) cool, chill, cool down (make cool or cooler) "Chill the food"

S: (v) cool, chill, cool down (loose heat) "The air cooled considerably after the thunderstorm’

S: (v) cool, cool off, cool down (lose intensity) "His enthusiasm cooled considerably"

Adjective

S: (adj) cool (neither warm nor very cold; giving relief from heat) "a cool autumn day"; "a cool room'"; "cool summer
dresses"; "cool drinks"; "a cool breeze"

S: (adj) cool, coolheaded, nerveless (marked by calm self-control (especially in trying circumstances);
unemotional) "play it cool'; "keep cool'; "stayed coolheaded in the crisis"; "the most nerveless winner in the history of the
tournament’

S: (adj) cool ((color) inducing the impression of coolness; used especially of greens and blues and violets)
‘cool greens and blues and violets"

S: (adj) cool (psychologically cool and unenthusiastic; unfriendly or unresponsive or showing dislike)
‘relations were cool and polite'; "a cool reception’; "cool to the idea of higher taxes'

S: (adj) cool ((used of a number or sum) without exaggeration or qualification) "a cool million bucks"

S: (adj) cool (fashionable and attractive at the time; often skilled or socially adept) "he's a cool dude"; "that's cool;
"Mary's dress is really cool'; "it's not cool to arrive at a party too early"



http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=0&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=1&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=aplomb
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=assuredness
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=poise
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=sang-froid
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=sang-froid
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=sang-froid
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=2&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=chill
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool+down
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=3&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=chill
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool+down
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=4&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool+off
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool+down
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=5&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=6&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=coolheaded
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=nerveless
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=7&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=8&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=9&h=00000000000
http://wordnet.princeton.edu/perl/webwn?o2=&o0=1&o7=&o5=&o1=1&o6=&o4=&o3=&s=cool&i=10&h=00000000000

[ Sample Graph trom The WordNet J
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[ Suggested Upper Merged Ontology (SUMO )}

Suggested S

It is large, open source, and formal

+ | Upper U

Focusing on The most general and reusable terms and definitions

+ | Merged M

Mapped with large multi-lingual lexicon

+

Ontology O

SUMO

Ontology is a set of term definitions in a formal language describing the world




[ Suggested Upper Merged Ontology (SUMO )}

Structural
ontology | | SUMO
i Total Terms = 20399
Base Total Axioms = 67108
A/Ont‘ﬂogy Rules - 2500
Set/Class / \‘\A
Theory || Numeric | Temporal | Mereotopology
X \ l \ www.ontologyportal.org
Graph Measure | | Processes Objects
Qualities
Transnational WMD 0
Geography I |: aIssSes a —|E j Financial ECommerce ASSOC]ated
G ||'|—Cormmﬁcgltions 1 Distributed _ Services On tojogles
overnment E People :I Computing [ Militars
|: Transportation :I | Economy ' [lErrorist I] | Atterfo_l;lst
Flements I |: NAICS ][I Unite(iStates "l:tl’tr:‘iist B\i(:iﬁiigsl
1 M World
Airports




[ Suggested Upper Merged Ontology (SUMO )}

Structural |

“ SUMO
¥
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G h e Financial
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[ Suggested Upper Merged Ontology (SUMO )}

SUMO Search Tool
This tool relates English terms to concepts from the SUMO ontology by means of mappings to WordNet
synsets.

English Word: According to WordNet, the noun' table' has 6 sense(s).

104379243 a piece of furniture having a smooth flat top that is usually supported by one or more vertical legs;
it was a sturdy table".

SUMO Mappings: Table (equivalent mapping)

104379964 a piece of furniture with tableware for a meal laid out on it; 'I reserved a table at my favorite
restaurant’.

SUMO Mappings: Table (subsuming mapping)

107565259 food or meals in general; "she sets a fine table"; "room and board".

SUMO Mappings: Food (subsuming mapping)

108266235 a set of data arranged in rows and columns; "see table 1".

SUMO Mappings: ContentBearingObject (subsuming mapping)

108480135 a company of people assembled at a table for a meal or game; 'he entertained the whole table with
his witty remarks".

SUMO Mappings: Meeting (subsuming mapping)

109351905 flat tableland with steep edges; "the tribe was relatively safe on the mesa but they had to descend
into the valley for water".

SUMO Mappings: Mesa (equivalent mapping)



http://www.ontologyportal.org/
http://www.cogsci.princeton.edu/~wn/
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?synset=104379243
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?kb=SUMO&term=Table
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?synset=104379964
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?kb=SUMO&term=Table
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?synset=107565259
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?kb=SUMO&term=Food
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?synset=108266235
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?kb=SUMO&term=ContentBearingObject
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?synset=108480135
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?kb=SUMO&term=Meeting
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?synset=109351905
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?kb=SUMO&term=Mesa

[ Suggested Upper Merged Ontology J

Table(table)
_ King Arthur's Round Table, Lord's table, Parsons table, Round Table, altar, board, booth,
breakfast table, card table, cocktail table, coffee table, communion table, conference table,
console, console table, council board, council table, counter, dining-room table, dining table,
dinner table, dresser, dressing table, drop-leaf table, gaming table, gueridon, high table,
kitchen table, operating table, pedestal table, pier table, refectory table, stand, table, tea table,
toilet table, trestle table, triclinium, vanity, work table, worktable

appearance as argument number 1

(documentation Table Englishl anguage "A piece of Furniture with four legs and a flat top. It is used
either for eating, paperwork or meetings.")Mid-level-ontology.kif 1328-1329%3(externallmage
Table "http://upload.wikimedia.org/wikipedia/commons/7/7a/ Table_and_chairs.jpg")



http://commons.wikimedia.org/wiki/Image:Table_and_chairs.jpg
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=King_Arthur's_Round_Table&POS=1&kb=SUMO&synset=04114554
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=Lord's_table&POS=1&kb=SUMO&synset=02699629
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=Parsons_table&POS=1&kb=SUMO&synset=03892728
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=Round_Table&POS=1&kb=SUMO&synset=04114554
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=altar&POS=1&kb=SUMO&synset=02699629
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=board&POS=1&kb=SUMO&synset=03201208
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=booth&POS=1&kb=SUMO&synset=02874214
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=breakfast_table&POS=1&kb=SUMO&synset=02894337
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=card_table&POS=1&kb=SUMO&synset=02964196
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=cocktail_table&POS=1&kb=SUMO&synset=03063968
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=coffee_table&POS=1&kb=SUMO&synset=03063968
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=communion_table&POS=1&kb=SUMO&synset=02699629
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=conference_table&POS=1&kb=SUMO&synset=03090000
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=console&POS=1&kb=SUMO&synset=03092883
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=console_table&POS=1&kb=SUMO&synset=03092883
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=council_board&POS=1&kb=SUMO&synset=03090000
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=council_table&POS=1&kb=SUMO&synset=03090000
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=counter&POS=1&kb=SUMO&synset=03116530
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=dining-room_table&POS=1&kb=SUMO&synset=03201035
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=dining-room_table&POS=1&kb=SUMO&synset=03201035
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=dining-room_table&POS=1&kb=SUMO&synset=03201035
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=dining_table&POS=1&kb=SUMO&synset=03201208
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=dinner_table&POS=1&kb=SUMO&synset=03202354
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=dresser&POS=1&kb=SUMO&synset=03238586
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=dressing_table&POS=1&kb=SUMO&synset=03238586
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=drop-leaf_table&POS=1&kb=SUMO&synset=03246933
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=drop-leaf_table&POS=1&kb=SUMO&synset=03246933
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=drop-leaf_table&POS=1&kb=SUMO&synset=03246933
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=gaming_table&POS=1&kb=SUMO&synset=03414676
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=gueridon&POS=1&kb=SUMO&synset=03465426
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=high_table&POS=1&kb=SUMO&synset=03519674
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=kitchen_table&POS=1&kb=SUMO&synset=03620967
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=operating_table&POS=1&kb=SUMO&synset=03850492
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=pedestal_table&POS=1&kb=SUMO&synset=03904060
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=pier_table&POS=1&kb=SUMO&synset=03934565
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=refectory_table&POS=1&kb=SUMO&synset=04067921
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=stand&POS=1&kb=SUMO&synset=04301000
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=table&POS=1&kb=SUMO&synset=04379964
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=tea_table&POS=1&kb=SUMO&synset=04398951
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=toilet_table&POS=1&kb=SUMO&synset=03238586
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=trestle_table&POS=1&kb=SUMO&synset=04480033
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=triclinium&POS=1&kb=SUMO&synset=04481524
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=vanity&POS=1&kb=SUMO&synset=03238586
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=work_table&POS=1&kb=SUMO&synset=04603729
http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp?word=worktable&POS=1&kb=SUMO&synset=04603729
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?lang=EnglishLanguage&kb=SUMO&term=documentation
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?lang=EnglishLanguage&kb=SUMO&term=Table
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?lang=EnglishLanguage&kb=SUMO&term=EnglishLanguage
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?lang=EnglishLanguage&kb=SUMO&term=Furniture
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/EditStmt.jsp?formID=-1504155322Mid-level-ontology.kif&kb=SUMO
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?lang=EnglishLanguage&kb=SUMO&term=externalImage
http://sigma.ontologyportal.org:4010/sigma/Browse.jsp?lang=EnglishLanguage&kb=SUMO&term=Table
http://upload.wikimedia.org/wikipedia/commons/7/7a/Table_and_chairs.jpg
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[ BASIC MATHEMATICS

Zn:i=1+2+...+n
i=1

Ski=kY |
=1 i=1

n i:1*2*lll*n
11
i1

TTxi=K[]i
=1 =1

14



[ Introduction to Set Theory

* A setisa collection of distinct items (Example: A={1, 2, 3,4, 5})

“

Intersection Union

A
B
BcA

Sub-set & Super-set xeA;acAjdeA;.

15



[ Introduction to Set Theory }

« A={a,c,e,d, x,y, z}

ANnB-={cd, vy}

Intersection

AzB CcB CcA
Sub-set & Super-set

B={b,c,d,y, m, n} C={c,d}

AuB-={ab,c,d, e, m,n,x,y,z}

Union

xeA; x¢B; x¢gC
Belong Relationship

®/¢ is the empty set

NUCZEEZAV

16



[ Introduction to Set Theory

*c An(BNC)=(AnB)NC

*c An(BUC)=(AnB)U(AnC)
« =(=A)=A

* =(AmB)=—A U —B

&

AuBuUC)=(AuB)uUC

17



[ Introduction to Propositional Logic }

* Itis also called the Zero Order Logic

* A sentence X can be either true or false (1 or 0)

X Y XAY X Y XvY
” - A v
0 0 0 0 0 0
0 0
0 1 0 0 1 1
1 1
1 0 0 1 0 1
1 1 1 1 1 1
X Y X=>Y X Y | XxorY X22Y--XvY
0| o 1 0| o 1 —(XAY)-=X v Y
0 1 1 0 1 0 XAX=X & XvX=X
1 0 0 1 0 0 Xv(YAZ)=(XVvY)A(XVZ)
1 1 1 1 1 1 —(—X)=X

18




[ Introduction to Vectors ]

|

Parrc 2

]

-

Representing Documents
As Vectors

~

19



[ Introduction to Vectors }

Adding two vectors v V+W
(%, 1) + (X5, ¥5) = (% + %3, y; * ¥5)
W
Multiplying a vector by a constant and
adding it to another vector V: i V+2-W
(x5, y1) + (2x0,2. y5) = (%) + 25, 3, + 2y,)

Multiplying a vector by -1
(%, 1) = (%, )

Multiplying a vector by a constant
2. (x5, ¥) = (2%, 2y,)

20


http://upload.wikimedia.org/wikipedia/commons/5/50/Scalar_multiplication.svg

[ Introduction to Vectors }

Multiplying two orthogonal vectors equal to

zero. V2
Examples:

VI-(5,0) & V2-(0,4)

V1.V2=0

V1

V1=(5,4) & V2-=(-4,5)
V1.V2-0 O L

21



[ Eigen Values & Eigen Vectors }

* An eigenvector of a matrix A is a nonzero Yy

vector x; where A.x1is similar to applying v Ax:)xx

a linear transformation A4 to x which, [ — |

may change in length, but not direction >
* Aacts to stretch the vector x, not change

its direction, so xis an eigenvector of A 0 x )‘ X

AX—AIX=0
o a x| [x (A—Al)X=0
=A if there exist aninverse (A—Al)™*, then x=0

_a21 a22__y_ _y_

we need det(A—Al) =0to avoid the trevial solution x =0

det(A—-Al)=0


http://upload.wikimedia.org/wikipedia/commons/5/58/Eigenvalue_equation.svg

[ Example on Eigen Values & Figen Vectors }

* Suppose A is 2x2 matrix

2 1
A=
I
2—A
det{
1

A=1 or A=3

2—A

for A =3, {
1

1

2
for A =1,
1 2

2 1
2

|

' }:(2—1)2—120

2x+y| |3«
x+2y| |3y
2x+y]| | x
_x+2y___y

The eigenvectors are:

s

23



[ Representing Documents as Vectors }

Term Term
Count
0 learning
3 journal
j 2 intelligence
/ / 0 text
0 agent
Journal of Artificial Intelligence 11 internet
/ 0 webwatcher
JAIR is a refereed ji 0 Perl5
Artificial Intelligerice which is distributed free
of charge ovet the internet. Each volume of the
journalis also published by Morgan Kaufman-.|
~
1 volume




[ Documents as Vectors

Suppose we have two documents containing three nouns only

Term T, | Term T, [ Term Ty

Document D, 2 3 5

Document D, 3 7 1 [~

D,=2T,+3T,+ 5T,

D, D,
2 3
3

v

25



Dimensionality Reduction

>

Dimensionality Reduction

Term
Count Term
34 Home
32 Garden
15 Room
14 Window
11 Furniture
11 Restroom
6 Floor
5 Kitchen
5 Balcony
1 Chimney
1 Street
1 City
1 Dog
1 Lake

® Term Count
o tfidf
® Chi-Square
® Information Gain
® Gain Ratio

Term

Count Term
15 Room
14 Window
11 Furniture
11 Restroom
6 Floor
5 Kitchen
5 Balcony

26




[ lerm Frequency & Inverse Document Frequency }

Usually a combination of the term frequency and the inverse document frequency

TFIDF = w, =tf, xidf,

tf. =1+log, (tr,) and zerowhenlog =0
: N
idf., =log,(—) and zerowhenlog =0
r]ik

tf,. is the term frequency of term i in document k, tr;, is the count of term i in document k, idf,,
is the inverse document frequency of term i in document k, N is the total number of
documents in the collection, n;, is the number of occurrence of term i in document k, wy, is
the weight of term i in document k. Logarithm has been used to reduces the difference
between the weight of high and low frequency terms. Logarithm of base 2 is used when
vectors are full of binary TFIDF weights 0 and 1. Logarithm of base 10 is used when vectors
are full of TFIDF weights except binary ones. TFIDF weights values are not normalized.




[ lerm Frequency & Inverse Document Frequency }

tf, =1+log, (tr, ) and zerowhenlog =0

: N

idf., =log,(—) and zerowhenlog =0
nik

log, x=log,, x/log,, 2

Term Count Term frequency
N N
i D, D, : i D, D, !
L€ rFoo0y | L€ rFoo0y |
o 30 ) o 26| |
| 3 E > 2.6 3.8 E
| | -

s 1] 133 1]
1 N p . p I 1 N p . p I
I ' I '
I ! I !




[ The Chi-Square Distribution }

[P(tk ? C|)I:)(t_k ) El) o P(tk ? El)P(t_k ? Ci )]2

Zz(tk’ci):

P, )Pt )P(c)P(C)

P(t,,c;) =»probability document x contains term t and belongs to category c.
P(t.c;) =»probability document x does not contain term t and belongs to category c.
P(t,.C;) =»probability document x contains term t and does not belong to category c.

P(t,,Ci) & probability document x does not contain term t and does not belong to
category c.

P(t) =>probability of term t
P(c) =»probability of category ¢




[ The Information Gain }

It measures the classification power of a term

P(t,c)
IG(t, ,c.) = P(t,c)log,
s ce{;ci}te{ék} (L) log P(t)P(c)

P(t,,c;) =>probability document x contains term t and belongs to category c.
P(t.,c,) =2probability document x does not contain term t and belongs to category c.
P(t.,C;) >probability document x contains term t and does not belong to category c.

P(fk ,C.) =>probability document x does not contain term t and does not belong to
category c.

P(t) =>probability of term t.
P(c) =>probability of category c.




[ The Gain Ratio }

> > P(t,c)log, P(t,c)

G R(t . C. ) __ celci Gt e} P(t) P(C)
o — > _P(c)log, P(c)
ce{c; ,C; }

P(t,,c;) = probability document x contains term t and belongs to category c.
P(t,,C;) 2 probability document x does not contain term t and belongs to category c.
P(t,C;) & probability document x contains term t and does not belong to category c.

P(t,.C;) =>» probability document x does not contain term t and does not belong to
category c.

P(t) =»probability of term t.
P(c) =»probability of category c.




[ Tutorial on Text Mining ]

|

Part 3

]

-

Text Mining Applications

~




Text Similarity

Document 1

Document 2

Text To Data
Algorithm

Doc. 1- Noun
Frequency

Doc. 2- Noun

Frequency

Classification
Model

Similar/
Dissimilar

-Term Reduction
-Normalization

Processed
Data

Similarity
Measures

Similarity
Vectors
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Text Similarity

Each Document is represented by a vector of terms

Each Term is considered as a dimension in the space

Terms in the space are uncorrelated so the dimensions are orthogonal on

each other

Each element of the vector has a value (Term Weight)

Document A

— “Adogand a cat.”

Document B
— “Afrog.”

Dog | and Cat | Frog
1 1 1 0
Dog | and | Cat | Frog
0 0 0 1




Text Similarity

Document 1

) ¢ O (o

LS el
Cig e dyla Ly

.ua.mi cLuA uul.k

Q\}ﬁ GJL; L“)LAA b__);
el o le UL

Document 2

-

Al (o (2 (2

LY sl s
K  Olislzal < Q\_ﬂy

= N

LSy sl

©

-

Removing Stop Words

LS gl cad

\& Glailadl 8 o\eﬂly

| P [y S |

s

N\

Similar f-Eeq-H-eB-C

Documents |
in docul
| idf., is the inverse
4 ) .
Dissimilar | is the

Weight indicates term importance either locally or

) St
( Measuring Text h @

Similarity between

\ 4
\ 4

Limmatization

S

N

ERRENPIIN:
SR G @A
Lo L allly)

~/

DIl D2

Wi1

1
LOCUITIC

€

Documents s the number

Document 1 & 2 vectors

%using Cosine Criterion

Toccurrcriceor-tcerrrl 1 1n

document k, w;, is the weight of term i in document k.

TIT

the

[—

1
T
0
0

141 i)
]
]
]

O O e e e




Text Similarity

Cosine (

D,,D,)=

Euclidean (D,,D,) =y 3" 0, ~w,.)* /

n

Term Weight (wy,)-tfy, x idf;,
Term Frequency (tfy,)=1+ og(tr,)

Inverse Doc. Freq. (idf,,) = log(N/ny,)

(try,) is the count of term i in doc. k.
(N) is the total # of docs
(n,) is the # of occur. of term i in doc. k

. W, i X W,
Dice(D;,D,) = =
\/ = 1w: +\/Z; 1w,
Z WX W
Overlap (D, D, ) = ’
II]]II( \/2: 1WEJ \/Zz 1W1k)

wz Wzk

Jaccard(D,,D,) = e ——
w: +

W
i=1 i=1 ik

i=

Wii Wik




Text Summarization

Text

Text To Data
Algorithm

Vector - Nouns
in Document

Similar Verbs,
Animacities

Summary

-Sentence Evaluation

Processed
Data

Relevant
Sentence
Selection

Sentence

labels




[ Text Summarization Approaches }

SUMMARIZATION APPROACHES

T~

Syntactic-Based Semantic-Based
Selecting sentences from the original Measuring the relevancy of sentences
document according to an based on their meaning,
evaluation function synonyms, etc.




Microsoft Word Summarizer

Ele Edt Mew rsert Fomst Tools Tgbe  Wndow  Help
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Text Mining and Link Analysis for Web Data

Presenter contact information including the e-mail address

Threshold

Marko Grobelnik
Selected Address: I, Stefan Institute, Jamova 39, 1000 Ljubljana. Slovenia
E-mail: Marko.Grobelnikifijs.si

Phone: +386 1 4773 778
Summary
Aims/Learning objectives;

The aim of this futorial is to present topics from the areas of ext mining and link analysis
in the relationship to the web data, The goal is to show the whole list of nonirivial
problems appearing in everyday life and cccasionally in professional work with the web
atid to show how they can be approached using text mining and link analysis technigues
and tools, The goal is 0 make an overview of the available approaches, which are
potentially useful for solving interesting problems comnected to the documents and their
linkage coming from the web stmcture,

Duration (half or full day)
Half day, but it could be scaled to full day

Scope (general topic area) and why it is relevant for WWW2004;

The tutorial's relevance for the WWW2004 is in the presentation of analytic approaches
used on the web. data (textrlinks). In particular, the tutorial will Tocus on the possimlities
offered by two very active and relevant subfields of data mining; text mining and link
analysis. The relevance of these topics to the WWW2004 public is in extending possible
activities. which could be used in shaping understanding and potentially predicting the
statte and dynamic nature of the web, Analysis of such data offers typically new insizhts
in the nature of the complex web data, Suitability of the tutorial for the WWW 2004




[ Example of Semantic Summarization }

® Summarize the following article in 10 words

HOUSTON - The Hubble Space Telescope got smarter and better able
to point at distant astronomical targets on Thursday as spacewalking
astronauts replaced two major pieces of the observatory’s gear. On the
second spacewalk of the shuttle Discovery’s Hubble repair mission, the
astronauts, C. Michael Foale and Claude Nicollier, swapped out the
observatory’s central computer and one of its fine guidance sensors, a
precision pointing device. The spacewalkers ventured into Discovery’s
cargo bay, where Hubble towers almost four stories above, at 2:06 p.m.
EST, about 45 minutes earlier than scheduled, to get a jump on their
busy day of replacing some of the telescope’s most important

Components. ce

Space News. [the shuttle Discovery’s Hubble repair mission, the observatory’s
central computer]

Taken from: Ren’e Witte, “Introduction to Text Mining”, http://rene-witte.net, 2006




[ Example of Semantic Summarization }

4.

8.

10.

Input document is split into sentences

Each sentence is deep-parsed N

Name-entities are disambiguated:

Determining that *George Bush’ == ‘Bush’

== ‘U.S. president’
Performing Anaphora resolution:

Pronouns are connected with named-
entities

Extracting of Subject-Predicate-Object

triples \

Constructing a graph from triples

Each triple in the graph is described with
features for learning

Using machine learning train a model for
classification of triples into the summary

Generate a summary graph from selected
triples

From the summary graph generate textual
summary document

N

Tom went to town. In a
bookstore he bought a large

book.

NLPWin JJL

[~

Tom went to town. In a
*bookstore he [Tom| bought a

large book.

.

Tom € go = town
Tom € buy = book

WordNet l




[Example of Semantic Summarization (Cont.)}

A model was trained deciding which Subject-Predicate-Object triple
belongs into the target summary

For training was used Support Vector Machine (SVM) on 400
statistic, linguistic and graph topological features

Document Semantic network

Summary semantic network

cansidur |
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Example of Arabic Summarization

Lo ol s, & paall Ayl Jlgd)

Page 1/5
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Example of Arabic Summarization (Cont.)

Page 2/5 2005 5_ikb bl it @Y gl
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[ Example of Arabic Summarization (Cont.) ]

4 paal) da o) gl

g paal) da o) aguad Jlad gl
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After Using Sentence-Base Summarization Algorithm:
Number of Pages in the Summary: ¥ out of 5

Number of Paragraphs in the Summary: 7 out of 33
Number of Sentences in the Summary: 7 out of 73




Example of Arabic Summarization (Cont.)
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[ Supervised Text Categorization }

Vector - Noun

Frequency

Document “TF & IDF - Gain

Text To Data

Categories Links

Ratio — Chi Square

Algorithm

Possible (Al-Imam)
Categories
— = Processed
Data
AL-IMAM

Categories +
Confidences

Classification
Results
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Supervised Text Categorization

Text Categorization (TC) is the process of labeling electronic text

documents with different labels

dl dn
Cl C2 C3 C4 Cm
{fl (TTJ drr.
c1 || an @y Qin
i'_-‘-ll_ 1 1 1 1 i J 1 YR
Cm || @m1 - | Qmg - | @mn




[ Supervised Text Categorization }

Supervised Semi-supervised Unsupervised
Input Labeled Labeled and Unlabeled Unlabeled
Documents documents Documents documents
Machine . .
Learning / Clustérmg / Mgchme Clustering / SOM /
Method . Learning / Statistical 1
Statistical Anproaches Similarity
Approaches PP
(Deng, Z.2004)
iani Gliozzo, et al. 2005
f (Sehastiani F (Zeng, et al. 2003) (Nigam, et (Giioz _ )
References | ,2003) 412000) (Zhao,Y.cKarypis,G.
(Yang, Y. > 2005)
Pedrson, J. 1997)




[ Learning ITree Categorization

Categorizing documents

concerned with wheat L
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CFP for CoNLL-2000

CALL FOR PAPERS

Fourth Computational Natural Language Learning Workshop

CoNLL-2000

I Lishon, September 14, 2000

hitp:/oo-wwwma, ac. bedconll 2000/

'| ColLL is the yearly workshop organized by SIGHLL, the Association for Computational Linguistics Special Interest Group ot MW atural
Language Learning,

I The meeting will be held m conjunction with ICGI-2000, the International Conference on Grammar Inference (hitp fivinciinesc pticg- 2000/
and the Learmng Language in Logic workshop (http fiwww Iri fif~cn/TIL-20000 n Lisbon on Thursday, September 14, 2000, and will feature
a shared task competition about learning of chunking. There will be joint sessions with ICGI-2000 and the LLL workshop on topics of common
interest. Previous ColNLL meetings were held in IMadnd, Sydney, and Bergen.

We mnvite subrmssions of abstracts on all aspects of computational natural language learming, including

* Computational models of human language acquistion
* Computational models of the onging and evolution of language
* Mlachine learning methods applied to natural language processing tasks (speech processing, phonology, morphology, syntax, semantics,
discourse processmg, language engineering applications)
o Symbolic learning methods (Bule Induction and Decision Tree Learning, Lazy Learning, Inductive Logic Programming, Analytical
Learning, Transformation-based Error-driven Learning)
o Biologically-inspired methods (Meural Networkes, Evolutionary Computing)
o Statistical methods (Bayesian Learming, HWI, masimum entropy, SHoW, Support Vector Machines )
o Eemforcement Learning
o Active learning, ensemble methods, meta-learning
* Computational Learning Theoty analyses of language learning
* Empinical and theoretical cotnparisons of language learning methods
* NModels of induction and analogy in Lingstics

A special session of the workcshop will be devoted to a shared task: the identification of phrases (syntactic constituents) with machine learmng
methods, a task called chunking, =
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PROBABILITY
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-Introduction
-Terminology
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[ What Is Probability? }

* A priori probability P(e). The chance that e happens
» Conditional probability P(f/e). The chance of f given e

* Joint probability P(e, f). The chance of e and f both happening; If e and
f are independent, then P(e, f) = P(e) * P(f); It e and f are dependent
then P(e,f)=P(e) * P(f | e)

For example, if e stands for “the first roll of the die comes up 5” and f
stands for “the second roll of the die comes up 3,” then P(e,f) = P(e) *
P(f) - 1/6 * 1/6 - 1/36.

D P(e)=1 3 Pe| f)=1

54



|

BASIC Probabilities ]

P(AUB) :{

P(A)+ P(B) A & B are not dependant

P(A)+P(B)-P(A B) A & B are dependant

* For example, when drawing a single card at random from a regular deck of

cards, the chance of getting a heart or a face card (J,Q,K) (or one that is both) is

13 N 12 B 3 22
52 52 52 52
A P(A)€[0,1]
not A P(A) =1-P(4)
P(AUB) = P(A)+ P(B) — P(ANnB)
AorB = P(A)+ P(B) if A and B are mutually exclusive
P(AN B) = P(A|B)P(B)
Aand B = P(A)P(B) if A and B are independent
Agiven B P(A|B) = P(;(;)B}
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Inference Using Probability

Toothache ~Toothache
Catch ~Catch Catch ~Catch
Cavity 0.108 0.012 0.072 0.008
~Cavity 0.016 0.064 0.144 0.576

P(Cavity v Toothache) =0.108+0.012+0.072+0.008 + 0.016 + 0.064 = 0.28

P(Cavity) =0.108+0.012+0.072+0.008 =0.2
0.108 +0.012

=0.6
0.108+0.012+0.016 +0.064

0.016 +0.064 Y
0.108+0.012+0.016+0.064

P(Cavity | Toothache) =

P(~ Cavity | Toothache) =



| Probability Density Function PDF |

® Probability density function (pdt) is a function that
represents a probability distribution in terms of integrals
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| Probability Density Function PDF |

® The Summation is used with Discrete Data
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Tutorial on EM Algorithm: Ali S. Hadi



[ Conditional & Bayesian Probability }

® Conditional probability is the probability of some event A, given the
occurrence of some other event B; it is written P(A|B), and is read “the
probability of A, given B”

P(A B)
P(B)

P(A|B)=

® Bayesian probability, the probability of a hypothesis given the data
(the posterior), is proportional to the product of the likelihood times the
prior probability (often just called the prior)

® The likelihood brings in the effect of the data, while the prior specifies
the belief in the hypothesis before the data was observed

P(A)P(B|A)
P(B)

P(A|B) =

® If two variables A and B are independent

P(AAB|C)=P(A|C)P(B|C)




lext Mining

Part 5

Preprocessing
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[ Text Preprocessing }

® Remove “fluff” if exists (e.g., ads, navigation bars, pictures, etc.)
® Convert to plain text (i.e., from PDF, DOC, or other formats)
® Check words correctness (in case of erroneous text or using OCR)

® Handle tables, numbers, and equations

(7.7 ) dsadbdia

(/| &# @ $ * %) ~aldd jsal iia

Al ) Cida

(B i) AT Al Ay 8 il g3l Gida
() 2aal) Juay il jar ) adall) <l Jea Jogas
Llad) il ) Al YY) Jy gad

Stop words Bl 31 culalSl) Cada




[ Preprocessing: Sentence Splitter }

Sentence Splitting
® Sentences end with “”. “I”. or “?”
® Difficult when a “.” do not indicate an EOS: “MR. X”, “3.14”, “Y Corp.”, etc.

® We can detect common abbreviations (“U.S.”), but what if a sentence ends
with one? “. . .announced today by the U.S. The ...

rd ad) dall) A JSLaall (udl aa g
“oo 08 G alal aal ) 0 adg” @
\uBad JAS] By guay JAIAT Ay al) dall) LB Jaal @

Google n-gram corpus Statistics. http://googleresearch.blogspot.com/2006/08/all-our-
n-gram-are-belong-to-you. html#links Size = 24 GB

Number of tokens: 1,024,908,267,229
Number of sentences: 95.119.665,584
Number of unigrams: 13,588,391
Number of bigrams: 314,843,401
Number of trigrams: 977,069,902
Number of fourgrams: 1,313.818,354

Number of fivegrams: 1,176,470,663
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[ Samples of Goog

e n-gram Data ]

3-gram samples

Freq.

4-gram samples

ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics
ceramics

collectables collectibles
collectables fine
collected by
collectible pottery
collectibles cooking
collection ,
collection .
collection </S>
collection and
collection at
collection is
collection of
collection |
collections,
collections .
combined with
come from

comes from
community ,
community .
community for
companies .
companies consultants
company !
company ,
company .
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serve asthairicoming
serve as the incubator
serve as the independent
serve as the index

serve as the indication
serve as the indicator
serve as the indicators
serve as the indispensable
serve as the indispensible
serve as the individual
serve as the industrial
serve as the industry
serve as the info

serve as the informal
serve as the information
serve as the informational
serve as the infrastructure
serve as the initial

serve as the initiating
serve as the initiation
serve as the initiator
serve as the injector
serve as the inlet

serve as the inner

serve as the input

serve as the inputs




[ Preprocessing: Word Tokenizers }

Tokenization is difficult. For example,

“John’s sick” shall we split “John’s” into one token or two?
If one ! problems in parsing (where’s the verb?)

If two | what do we do with John’s house?

Heavy Compounding &3 o 1adad JS) JShia aa g 4l 42l b
-Mia

udaan“ud”uAmdabﬂbda\M\unm“uﬁ)d\uﬁgjyah’ﬂu .
”‘L‘JM‘J “(“A” Je\all

o shally Auala L Al DS 5 e (s s 2D IS 1Y) Lia]
1,4--xylanase Il from Trichoderma reesei
When N-formyl-L-methionyl-L-leucyl-L-phenylalanine (fMLP) was injected. . .
Technetium-99m-CDO-MeB [Bis[1,2-cyclohexanedionedioximato(1-)-O]-[1,2-
cyclohexanedione dioximato(2-)-O]methyl-borato(2-)-
N,NO,NOO,NO0O,NO000,NO0000)-
chlorotechnetium) belongs to a family of compounds. . .




[Preprocessing: Morphological Analyzers}

Morphological Analyzer

* Reflects changes in case, gender, number, tense, etc.
give — gives, gave, given

o Stemming reduce words to a base form

« Lemmatization reduce words to their lemma (root)

daddl cdalsl @ pal) Julal)

e

L_.Qﬂ

..“

oo

oxall

|

Gl sl

G gl

g5t

L)

v

Vv

:'.‘BA

Jled

ki

o\

a

J

JMA

25l

Advantages of Using the Stem as a Word Representative:.

« Simple and Fast

Disadvantages of Using the Stem as a Word Representative:

« Can create words that do not exist in the language, e.g., computers —
comput
» Often reduces different words to the same stem, e.g., army, arm — arm;

StOCKS, StoCckIngs — StoCK




Pr[eprocessing: Morphological Analyzers (Co}t.)

Advantages of Using the Root as a Word Representative.
 The root is an actual word

« Usually provide better accuracy than the stem

Disadvantages of Using the Root as a Word Representative:
« Significantly complex
» Requires language dependent resources

Get a copy of Porter stemmer (For English) at:

http://www.tartarus.org/~martin/PorterStemmer/



http://www.tartarus.org/~martin/PorterStemmer/

Preprocessing: Part of Speech Tagging (P@S)

« A Tagger algorithm assigns a tag for each word statistically
« calculated based on different word order probabilities
part of speech | function or "job" example words example sentences
Vearb action or state (to) be, have, do, like, EnglishClub.com is a web site. I
work, sing, can, must like EnglishClub.com.
MNoun thing or person pen, dog, work, music, This is my dog. He lives in my
town, London, teacher, house. We live in London.
John
Adjective describes a noun ajan, the, 69, some, My dog is big. I like big dogs.
good, big, red, well,
interesting
Adverb describes a verb, quickly, silently, well, My dog eats quickly. When he is
adjective or adverb badly, very, really very hungry, he eats really
quickhy.
Pronoun replaces a noun I, you, he, she, some Tara is Indian. She is beautiful.
Preposition links a noun to another to, at, after, on, but We went to school on Monday.
word
Conmjunction Jjoins clauses or and, but, when I like dogs and I like cats. I like
sentences or words cats and dogs. I like dogs but I
don't like cats.
Interjection short exclamation, oh!, ouch!, hi!, well Ouch! That hurts! Hi! How are
sometimes inserted into a you? Well, I don't know.
sentence




Pr[eprocessing: Part of Speech Tagging (P@S)

\erb Noun \erb
work! John | works.
Pronoun | Verb Noun Noun | Verb Verb
He loves cats. John IS working.
Noun Verb Noun Adverb Noun | Verb | Adjective Noun
Ahmed | speaks | French well. cats like nice children.

Pronoun | Verb | Preposition | Adjective | Noun | Adverb

She ran to the station | quickly.

Pronoun | Verb | Adjective | Noun | Conjunction | Pronoun | V\erb Pronoun

She likes big snakes but I hate them.

Interjection | Pronoun | Conjunction | Adjective | Noun | \erb Prep. Noun | Adverb

Well, she and young John walk to school | Slowly.




[ Preprocessing: Syntactic Analysis }

Parsing.: generating a parse tree for the given sentence (needs a
grammar, and a lexicon)

Chunking: finding syntactic constituents like Noun Phrases (NPs) or
Verb Groups (VGs) within a sentence

Parse trees can help in determining
relationships such as:
Who invented X? S

What company created product Y? N/\p

Which organism is this protein comin

from? g p g }oLn mp
hit Det N

Chunks are very useful in finding named -
entities (NEs), e.g., Persons, Companies,

Locations, Patents, Organisms,

A Parse Tree




Another Example of a Parse Tree

E Syntax tree viewer

nonmodal_vpcorel

bnp_head

ne_np

sem_cat

Gilbert

vpcore

frprore

nonmodal_vpcore

vpcorel

av

formed

dt

the

fvp
|
vp
np
bnp
bnp_core
a’\\\\\
bnp_head
|
premods ne_np
|
premod names_np
|
ii pn
|
eastern Caribbean

cC

and

vpcore

fypcore

nonmodal_vpcore

nonmodal_vpcorel

vprorel

dv

strengthened

np

bnp

i/
premods
|
premod
in dt n
into a hurricane

bnp_core

e

premods

premod
ne_np

Sem_cat

Saturday

bnp

ni

| »

2]
np
hnp
bnp_core
premods
premods
|
premod
|
ne_np
names_np premod
|
pn n
Tropical Storm
4]

[4]




| AL-IMAM Database |

) -English Tree ID
1 ‘/ -Word Net Tree
-English Word ID Simulation
-Synonym ID : 1 -English Word 1
-English ‘/ -Word Type —‘\ -English Word ID
Synonym -Arabic Translation v | -Language Model E
-English Antonym -Translation Model E

-Diacritic ID
-Arabic Un Diacritic Word
-English Translation

-Diacritic ID
-Arabic Synonyms
-Arabic Antonym

-Diacritic ID
-Language Model E.
-Translation Model E

-Arabic Tree ID
-Node Path

-GID
-Arabic Diacritic
Word

1

\ -Wazen Type

-Diacritic ID
-Word Type
-Word Root
-Word Stem
-Word Prefix
-Word Suffix
-Glosses
-Wazen

-Categorization ID

-Animacy Type (1 Human & 0 Other)
-Gender (F Female & M Male & O
Other)

-Count (1/2/M)
-Defined (Y/N)
-SUMO Sub Classes
-SUMO Instance
-SUMO Sub Attributes

-Category

-Percentage
-Disambiguation




AL-IMAM Database

Arabic-English Dictionary

Arabic Morphological Analysis English Synonyms
A ID A Word E Trans. A ID| Twpe Roor |Stem| Prefix |Suffix| Weigh.| |E ID Synonym
247 =5l Planting 247 PRy =lé = N - i e 978 Farming
248 Ll Farmer Arabic Categorization (Learned) 978 Cultivating
249 Aanl) Success A ID| Category % | Disamb. W Code 978 Agriculture
English-Arabic Dictionary 247 | isly) 70 5% TED 978 Tilling
EID E Word A Trans. 247 ol 5 ? TBD Arabic Synonyms
978 Planting AaTid 247 iy il 25 10% TBD A ID Svnonym
Word Path in English Tree English-Tree Titles Arabic Tree Titles 247 A
E ID Tree Key ET ID Title AT ID Title 247 gy
978 14.11.33.76.128.591 1 Action 1 o~ Arabic Tree Links
Human Factors 4 Group Action 3 5 sima il AID Tree Key
ID | Ani ID Gen. 11 Commerce 10 e S 247 | 13103165.97154
Trans.
274 Y 274 F 33 Industry 31 ARy SUMO Category
Word Information 76 Production 63 Lol Joalae Code] SUMO Categ,
ID | S/D/P ID Def. 128 Cultivation 97 | sl il | [|ggyq  Subsuming
N N : - - - L 4773 Mappmg
274 S 274 ¥ 391 Farming 154 als 3 (Putting)
WordNet Meaning 978 Planting WordNet Sense (Glosses)
978 [l08374773| putting seeds or young plants in the ground to grow 978 the planting of com is hard work




STATISTICS

Part 6

Introduction
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[ Statistics }

® Statistics is a Mathematical Science pertaining to

the collection, analysis, interpretation or

explanation, and presentation of data
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[ Statistical Terminologies }

Measures of Central Tendency (Mean,
Median, Mode)

Population Variance measures statistical
dispersion of data points from the expected
value (mean)

Standard Deviation is a measure of the
variability or dispersion of a population;
Low SD indicates very close data points to
the mean; High SD indicates spread out
data points

Covariance measures how much two
variables change together

Correlation (coefficient) indicates the
strength and direction of a linear
relationship between two random variables

X = (L/ n)_zn: X

Var(X) = E|[(X — E(X))?

— (1 n)i (X —X)2 =07

sd(X)=+o?

Cov(X,Y) = E[(X —E(X))(Y — E(Y))]

Cov(X,Y) Oy

corr(X.¥)= sd(X)*sd(Y) 0,0,

7J



[ Popular Distributions

Probability Distribution identifies the probability of each value of an

unidentified random variable
® Uniform Distribution
® Normal (Gaussian) Distribution
® Chi-Square Distribution
® Fxponential Distribution
® Poisson Distribution
® 7 Distribution

® F Distribution

/6




[ The Uniform Distribution }

® The probability is equal for all outcomes

® Suppose a fair dice is thrown, the probability of getting any of its 6 faces equal
to 1/6

® The area under the line equal to 1

1/6
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[ The Normal/Gaussian Distribution }
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http://upload.wikimedia.org/wikipedia/commons/7/74/Normal_Distribution_PDF.svg

The Chi-Square Distribution
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The Exponential Distribution
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The Poisson Distribution
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The T Distribution J
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t-distribution arises in the problem of
estimating the mean of a normally
distributed population when the sample
size is small
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The F Distribution
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http://upload.wikimedia.org/wikipedia/en/f/f7/F_distributionPDF.png

[ Fitting Chi-Square J

9 Vector
j /\ a
: / \ 15
; // \ 14
; \ 11
e
; | \.__, | 161
0 2 4 6 8 10 5
5

n _E. 2
max ZZ _ Z (al = |)
= _

E; =(15+14+11+11+6+5+5)/7 =9.57

7% =(1/9.57)*((15-9.57)* + (14—9.57)* + (11-9.57)* + (11-9.57)" +
(6-9.57)° +(5-9.57)* +(5-9.57)*) =107.71/9.57 =11.26
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[M easuring Term-Category Correlation }

[P(tk ? C|)I:)(t_k ) El) o P(tk ? El)P(t_k ? Ci )]2
P, )P )P(c;)P(C)

Zz(tk’ci):

P(t,,c;) =»probability document x contains term t and belongs to category c.
P(t.c;) =»probability document x does not contain term t and belongs to category c.
P(t,.C;) =»probability document x contains term t and does not belong to category c.

P(t,,Ci) & probability document x does not contain term t and does not belong to
category c.

P(t) =>probability of term t
P(c) =»probability of category ¢
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[ Testing The Membership }

Econom Military

Zz(tk’ci):

[P(tk ? Cl)P(t_k ? El) o P(tk ? El)P(t_k ? Ci )]2

P, )Pt )P(c)P(C)

x°(t,, Sports) =

1,17 1,87
[9 18 18 9}
2 .25, 9 ,18
27 27 27 27 &




[ Using Chi-Square for Categorization }

Another Example:
Frequency per Category
Term Total
Communication | Phone | Business Army
Link 15 6 2 12 35
Wire 10 12 0 8 30
Total 25 18 2 20 65

2 (link,, phone

_[6/65)*(18/65) - (29/65)* (12/65)]?

(35/65)*(30/65)* (18/ 65)* (47 / 65)
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[ Using Chi-Square for Multiple sets of Terms
Categor Categor

Group 1 i Total Group 2 i Total

News | Sports News | Sports
Term1 3 2 5 Term 5 1 3 4
Term 2 0 4 4 Term 7 4 6 10
Term 3 2 3 5 Total 5 9 14
Total 5 9 14

2 *
2 _ ii (a; — E;) E — (T ijy
4 -Y. E ij T
=1l J=1 ij

7°(Groupl) = (3-1.78)° /1.78+(2—-3.21)* / 3.21+(0-1.42)* /1.42
+(4-257)*/2.57+(2-1.78)* /1.78+(3—-3.21)* / 3.21=3.62

22 (Group 2) = (1-1.42)? /1.42 + (3—2.57)% / 2.57 + (4—3.57)? | 3.57
+(6-6.43)2/6.43 =

Mingers, J., (1989a). “An Empirical Comparison of selection Measures for Decision-Tree
Induction”, Machine Learning, Vol. 3, No. 3, (pp. 319-342), Kluwer Academic Publishers. 88



[ Attribute Selection Criteria: Chi-Square

Example

®12 is quantized into two intervals 21 (T2¢21) and (T2>21)
®13 is quantized into two intervals 15 (T3<15) and (T3>15)

Decision D
Tl Total
Decision D 0 1
T2 Total
0 1 1 3 2 5
=21 1 3 4 2 0 4 4
»21 4 6 10 3 2 3 5
Total 5 S 14 Total 5 S 14
Decision D Decision D
T3 Total T4 Total
0 1 0 1
=15 1 4 5 A 3 3 6
15 4 5 9 B 2 6 8
Total 5 0 14 Total 5 S 14

T | 12 | T3 | T4 D
1 25 10 A 1
1 30 30 A 0
1 35 25 B 0
1 22 35 B 0
1 19 10 B 1
2 22 30 A 1
2 33 18 B 1
2 14 5 A 1
2 31 15 B 1
3 21 20 A 0
3 15 10 A 0
3 25 20 B 1
3 18 20 B 1
3 20 36 B 1
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[A teribute Selection Criteria: ij/Square}

E., )

=35

i=1l j=1 Ij

where A is the attribute to be evaluated against the decision attribute, n is the
number of distinct values of A, m is the number of distinct values of the decision
attribute, a; is the correlation frequency of value number i from A and value
number j from the decision attribute;

e M, y

where T is the total number of examples belonging to class ci, T,;is the number
of examples containing the value vj of the given attribute

72(T) = (3-1.78)2/1.78+(2—3.21)2 /3.21+ (0~1.42)? /1.42
+(4-257)2 1257+ (2-1.78)* /1.78+(3—3.21)2 /3.21=3.62

7° (T4 =(3-3.97/3.9+(3-2.1)?/2.1+(6-5.1)%/5.1
+(2-29)%/29=1.1

Mingers, J., (1989a). “An Empirical Comparison of selection Measures for Decision-Tree
Induction”, Machine Learning, Vol. 3, No. 3, (pp. 319-342), Kluwer Academic Publishers.

T1 Total
0 1
1 3 2 5
2 0 4 4
3 2 3 5
Total 5 9 14
T2 Total
0 1
21 1 3 4
»21 4 6 10
Total 5 9 14
T3 Total
0 1
<15 1 4 5
>15 4 5 9
Total 5 9 14
T4 Total
0 1
A 3 3 6
B 2 6 8
Total 5 9 14
90




STATISTICS

Part 7

Regression
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[ Linear Regression }

* The linear model states that the dependent variable is directly proportional to

the value of the independent variable
* Thus if a theory implies that Y increases in direct proportion to an increase in

X, it implies a specific mathematical model of behavior

y=ax+Db

In case of two dimensions

(yz - yl)
(Xz_ 1)
b=y, —slope*x,

a = slope =

=20 1] 20 a0 a0 =0



[ Linear Regression

y=ax+b

8=6a+b & 4=

8—Db
— — =a

/
3a+Db (68)
_ 3*8;b_|_b (3,4)
6
=1.333
Slope = 8-4 =1.333
6-—3
4
b=4—-—*3=0

3
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[ Linear Regression }

y=ax+b

(1,6)
6=a+b & 2=3a+b

6—-b=a & 223*(6—b)+b (3,2)

Slope = 6-2_4 _,
1-3 -2

b=2+2*3=8
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Linear Regression
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Statistics and Testing

Parr 8

Testing Samples &
Calculating Accuracy
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lraining & Testing

Data

Y
N

Training

Data
N~

Y
N

Testing
Data

Learning
=> Algorithm =>
%

Learned Concepts

[earned
Model

Testing
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[ Testing Approaches }

® 7Two-Cross-Fold T

Train on 2/3™ 2/3 Data
Test on 1/31‘(1 \ - Trainjng
Y )

® 7en-Cross-Fold

Neo—
Train on 9/10th >
Test on 1/10th .
Repeat 10 times Data '
—

1/3 Data
Data 10

Testing
N~

® Hold-One-Out
Trainonalldatabutone o
Test on the selected one

Data
N-records

/N /\

—
v —
Data - ry

Training

® [ carning Evaluation vs. Testing Data

v
Train on Training Data > —
) Evaluation
Evaluate on Evaluation Data Data
v

Data
Test on Testing Data —
v

Testing
Data




[ Accuracy & Error }

Example: Suppose you have a classification model C, and 100 testing records from two
classes (P & N). Suppose the following are the classification results:

® Accuracy vs. Error Rate Actual
- Accuracy = (40+45)/100 = 85% P N
- Error Rate = (10+5)/100 =15%
P TP FP
Obtained EN ™~
® True vs. False Classification
- True Positive: = 88.88%
Actual

- True Negative: = 81.82%

- False Positive: = 11.12% P N

By = 've: =18.189
alse Negative Jo P 40 10

® Flexible Matching Obtained [~ 5 45

- Using Nearest Neighbors (e.g., majority of nearest 3 neighbors
- Using Fuzzy rules (assigning probability for each decision and taking it into consideration when
calculating the accuracy)

- Assigning small weights for the false positive and false negative results (not zero)

® Testing for Multiple Classes 222

99




[ Precision, Recall, and F-Measure }

Accuracy:is the percentage of correct results

FError:is the percentage of wrong results

Accuracy only reacts to real errors, and doesn’t show how many correct results
have been found as such

Precision:

Precision shows the percentage of correct results within an answer:

Precision= (tp) / (tp + fp)

Recall:

Recall is the percentage of the correct system results over all correct results:

Recall = (tp) / (tp + fn)

Makhoul, John; Francis Kubala; Richard Schwartz; Ralph Weischedel: Performance measures for
information extraction. In: Proceedings of DARPA Broadcast News Workshop, Herndon, VA,
February 1999
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[ Precision, Recall, and F-Measure }

Precision and Recall can be defined differently for different tasks
For example: In Information Retrieval,
® Recall - [{relevant documents} N {documents retrieved}| /

/ |{relevant documents}|

® Precision = |{relevant documents} N {documents retrieved}| /

/ |{documents retrieved}|

Christopher D. Manning and Hinrich Sch™utze, Foundations of Statistical Natural Language Processing,
MIT Press, 1999.




[ Precision, Recall, and F-Measure }

F-Measure (harmonic mean):

Fg “measures the effectiveness of B times as much importance to recall as

precision”. The general form of F-Measure:
Fg = (1+ B2) * (precision * recall) / (B * precision + recall)
when B-1,

F, =2 * (precision * recall) / (precision + recall)
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STATISTICS

Part 9

Test of Significance
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[ Test of Signiticance (1/5) }

® The probability that a result is not due to chance; or Is the observed
value differs enough from a hypothesized value?

® The hypothesized value is called the null hypothesis

® If this probability is sufficiently low, then the ditference between the
parameter and the statistic is said to be "statistically signiticant"

® Just how low is sufficiently low? The choice of 0.05 and 0.01 are most

commonly used

® Suppose your algorithm produced error rate of 1.5 and another
algorithm produced an error of 2.1 on the same data set; are the two
algorithms similar?

104



[ Test of Signiticance (2/5) J

HA

mB

® The top ends of the bars indicate observation means

® The red line segments represent the confidence intervals surrounding
them

® The difference between the two populations on the left is significant

® However, it is a common misconception to suppose that two
parameters whose 95% confidence intervals fail to overlap are
significantly different at the 5% level

1U



http://en.wikipedia.org/wiki/File:Confidenceinterval.png

[ Test of Significance (3/5) }

® The system you are comparing against reported results of 250; the
value reported is considered as a random variable X; the distribution of
X is assumed as normal distribution with unknown mean and standard
deviation 6=2.5; You ran your system 25 times; it reported values (x1,

X2, ..., x25); the average of these values is 250.2.

o 1 25
_Y _ = Z X, = 250.2 Sample Mean
n

=1

Standard Error = G/\/7 =2.5/ \/275 =0.5 n is the sample size

- X—u X-—-u

- o/Jn 0.5 n is not known




[ Test of Significance (4/5) J

0.4
|

0.2 0.3

34.1% 34.1%

0.0 01

P(-2<Z2<2)=1-a=0.95

®(z)=P(Z < 2) :1—% - 0.975

From Tables

—

X —u

o//n

Z=0 ' (D(2)) =D (0.975)=1.96

0.95=1-a=P(-2<Z2<272)=P(-1.96 < <1.96)
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[ Test of Significance (5/5)

O O

7 N

P(-2<Z<2z)=P(X-1.96*0.5< < X +1.96*0.5)

P(-2<Z<7)=P(X-1.96—< < X +1.96

P(-2<Z <z)=P(X -0.98< 1< X +0.98)

Our Interval =(250.2—-0.98; 250.2+ 0.98)
Our Interval =(249.22; 251.0)

® Any value within this interval is not significant




The Information Theory ]

Part 9 ]
\
Introduction
Entropy

109



[ The Information Theory }

The information conveyed by a
message can be measured in bits by

its probability

10




[ The Information Theory: Given Data }

Attributes:
DI D2 D3 D4

Domain(DI)={1,2,3}

Domain(D2)={1,2}

Domain(D3)-={1,2}

Domain(D4)-{A,B}

DI | D2 A D3 | D4 | D5
1 2 1 A 1
1 2 2 A 0
1 2 2 B 0
1 2 2 B 0
1 1 1 B 1
2 2 2 A 1
2 2 2 B 1
2 1 1 A 1
2 2 1 B 1
3 1 2 A 0
3 1 1 A 0
3 2 2 B 1
3 1 2 B 1
3 1 2 B 1

Decision Arcributes: D5

Domain(D5)-{0,1}

Iwo Decisions: 0, 1
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The Information Theory: Given Data

D5

D4

D3

D2

Dl

1

D1

D3\D2

D4
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[ The Information Theory: Entropy }

THE INFORMATION THEORY: information conveyed by a message depends on
its probability and can be measured in bits as minus the logarithm (base 2) of that
probability

suppose Dy, ..., D, are m attributes and C,, ..., C_ are n decision classes in a given
data. Suppose S is any set of cases, and T is the initial set of training cases S < T.
The frequency of class C, in the set S is:

freq(C.,S) = Number of examples in S belonging to C.

If |S| is the total number of examples in S, the probability that an
example selected at random from S belongs to class C;is

freq(C.,S)/|S|

The information conveyed by the message that “a selected example belongs to a
given decision class, C.”, is determined by

—log, (freq(C,,S)/|S|) bits

113



[ The Information Theory: Entropy }

The information conveyed by the message “a selected example belongs to a given
decision class, C

—log, (freq(C,,S)/|S|) bits

The Entropy: The expected information from a message stating class
membership is given by

Info(S) = —Zk:(freq(Ci ,S)/|S|)*log,(freq(C.,S)/|S|) bits

=1

info(S) is known as the entropyof the set S. When S is the initial set of
training examples, info(S) determines the average amount of information needed to
identify the class of an example in S.




[ The Information Theory: The Gain Ratio }

S

Example

=
)
N}
)
X
)
=
)
9]

freq(0,S) =5 freq(1,S) =9

freq(0,S)/|S|=5/14  freq(L,S)/|S|=9/14

The Entropy: the average amount of information needed to identify

the class of an example in S

Info(S) =—9/14*log, (9/14) —5/14*log, (5/14) = 0.94bits

Using D, to Split the data provide 3 subsets of data

Info, (S,) =-3/5%log,(3/5)—-2/5*log,(2/5) =0.94

Info, (S,)=-4/4%*log,(4/4)=0.94

W W W W W NN NN = e
— b= N P = P ND = N PN = PN N NN
N N N N = NN NN N
ool Bioo B Blo ol NS~ i~ B o B s~ B o= B s S B o= B o= B Bl o = S B0 = BS +

—t e e O O e e | e e OO O

Info,, (S;) =—2/5*log, (2/5)—3/5*log, (3/5) = 0.94

Infoy, (S) = (34 ,)* Infoy, (S,) +(4, 1) * Infog, (S,) +(3 1) * Infoy, (S;) = 0.694




[ The Information Theory: The Gain Ratio }

Suppose attribute D, is selected to be the root and it has k possible values.
The expected information of selecting D to partition the training set S,
infop,,(S), can be calculated as follows:

infos, (5) =Y (1% )5 p*Info(s)

S, is the subset number i of the data; k is the number of values of D,

The information gained by partitioning the training examples S into subset using the
attribute D, is given by

Gain(D,) = Info(S) — Info,, (S)
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[ The Information Theory: The Gain Ratio }

The attribute to be selected is the attribute with maximum gain value. Quinlan
found out that a key attribute will have the maximum gain. This is not good!

Split_Info($) =~ (1S, 1/1S ) *Iog, (S, 1/1S )

The gain ratio is given by:

Gain_Ratio(D,) =Gain(D;)/ Split _ Info(D.)

Quinlan, J.R., (1993). “C4.5: Programs for Machine Learning”, Morgan Kaufmann, Los Altos, California.
117



[ The Information Theory: The Gain Ratio }
S

Example Cont.

=
)
N}
)
X
)
=
)
9]

Infoy, (S) = (%4)* Infoy, (S,)+ (%4)* Info, (S,)

+ (% 4)* Infog, (S;) =0.694

Gain(D,) =0.94—0.694 = 0.246

Split _ Info(S) =-5/14*log, (5/14) — 4/14*log, (4/14)

—5/14log,(5/14) =1.577  bits

— = N = PN = N PN PN NN NI

W W W W W I NN NN =
NN N = N = = NN = NN N
ool Blov N Moo e e Blov B e Bl oo B8 e Bl oo B oo B Bl oo BN B0 - e

Gain_Ratio(D,) =0.246/1.577 =0.156

e e e P D D e | e | e | e | e P DD OO

118



[ Information Gain: Term vs. Category }

It measures the classification power of a term

P(t,c)
IG(t, ,c.) = P(t,c)log,
s ce{;i}te{;k} (L) log P(t)P(c)

P(t,,c;) =>probability document x contains term t and belongs to category c.
P(t.,c,) =>probability document x does not contain term t and belongs to category c.
P(t,,C;) =>probability document x contains term t and does not belong to category c.

P(fk ,C.) =>probability document x does not contain term t and does not belong to
category c.

P(t) =>probability of term t.
P(c) =>»probability of category c.




Testing The Membership }

Econom

Military

P(t,c)

IG(t, ,Cc.) = E E P(t,c)log, ’

cefc .G Hteft, T} P(t)P(c)
IG(tl,sport)zl*log2 1/9 +§*Iog2 8/9
9 (2/27)*(9/27) 9 (25/27)*(9/27)
1 1/18 17 17127
*log, +—%*log,
18 (2/27)*@A8/27) 27 (25/27)*(18/27)




[ The Gain Ratio }

> > P(t,c)log, P(t,c)

G R(t . C. ) __ celci Gt e} P(t) P(C)
o — > _P(c)log, P(c)
ce{c; ,C; }

P(t,,c;) = probability document x contains term t and belongs to category c.
P(t,,C;) & probability document x does not contain term t and belongs to category c.
P(t..C) =»probability document x contains term t and does not belong to category c.

P(t,.C;) =>» probability document x does not contain term t and does not belong to
category C.

P(t) =»probability of term t.
P(c) =»probability of category c.




[ STATISTICAL ASSOCIATIONS ]

[ Parr 11 ]
4 I
Association Rules
htep.//giwebb.com/
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The Magnum Opus System

"% Magnum Opus - Tutorial.data

File Edlt Modes Action Preferences View Help

[ sl @@l 0| w| =@ wle l Attributes and their
Tutorial.data: 500 cases / 500 holdout cases / 39 values .
values for the Tutorial

Search for; I RLILES v l M aximum ho.: |1 0o M aximum size: |4

o 2l database
Search by:| LEVERAGE M b o
I _J Minimum leverage: ] 1.0 l-21 47483647  Minimum strenath: lU,U . . .
Filter out:| INSIGNIFICANT | o ® Profitability99: numeric 3
Minimum coverage: 0.0 [1 Minirurn lift: IU.[J o .
® Profitability98: numeric 3
Minimum support: ID.U IU [~ Use m-estimate

® Spend99: numeric 3

Yalues allowed on RHS: ° Spen N

Yalues allowed on LHS:

Profitability99<438 PNIE Profitability39<438 ~ T ]
438¢=Profitability33¢ =931 el 425 =Frofita Irv'48<=9'3.1 ® NoVisits99: numeric 3
Profitability93> 931 Profitabilitp99> 931 2 g . g
Profitabilty35< 368 Profitability98< 368 ® NoVisits98: numeric 3
368<=Profitability98< =754 268<=Profitability38< =754 ! o Dai]_‘y: numeric 3
Frofitability98: 754 Frofitability98: 754 : ] )
Spendd9<2200 Spend99<2200 ® Deli: numeric 3
2200<=5pend99<=4464 2200<=5pend39<=4464 . :
Spenddd 4464 O cendass s454 ® Bakery: numeric 3
g 7 il S penddc<1927 B ® Grocery: numeric 3
98¢=4088 =5 3 : ;
p‘:“d et ® SocioEconomicGroup:
categorical
® Promotionl: t, f
® Promotion2: t, f
Dl [ airy< 95” v
Ready [ %
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The Magnum Opus System: Example

bananas

plums, lettuce, tomatoes

celery, confectionery

confectionery

apples, carrots, tomatoes, potatoes

potatoes

confectionery

carrots

confectionery

apples, oranges, lettuce, tomatoes

peaches, oranges, celery, potatoes, confectionery
beans

oranges, lettuce, carrots, tomatoes

apples, bananas, plums, carrots, tomatoes, onions,
confectionery

apples, potatoes

lettuce, peas, beans

carrots, tomatoes

grapes, plums, lettuce, beans, potatoes, onions
confectionery

confectionery

carrots, peas, potatoes, onions, confectionery
tomatoes

confectionery

carrots, potatoes

peaches, apples, bananas

lettuce, beans, tomatoes, potatoes, confectionery
grapes, lettuce, tomatoes, confectionery

oranges

oranges, lettuce, confectionery

tomatoes

lettuce, carrots, tomatoes, confectionery
celery, potatoes, confectionery

oranges, carrots, beans, potatoes

peaches, oranges, bananas

lettuce, carrots, tomatoes, potatoes, onions
onions

peaches, apples, lettuce, peas, potatoes, onions
oranges, carrots, confectionery

bananas

lettuce, carrots, tomatoes, potatoes
carrots, confectionery

oranges, plums

peaches, oranges, lettuce, peas

lettuce, carrots, beans, tomatoes

plums, lettuce, peas, tomatoes, potatoes
carrots, tomatoes

bananas, lettuce, onions, confectionery
oranges, tomatoes

oranges, potatoes

confectionery

oranges, plums, potatoes

bananas, lettuce, carrots, tomatoes, potatoes
potatoes

lettuce, tomatoes, onions

lettuce, onions

apples, oranges, beans

corn




The Magnum Opus System

v Magnum Opus Demo - Tutorial.itl

File Edit Modes Action Preferences Wiew Help

|| @@ o ual =[] W22

Tutorial it 1000 cazes / O holdout cases / 16 items

carrots -> tomatoes
[Coverage=0.175 (175); Support=0.085 (85);

Strength=0.486; Lift=1.85; Leverage=0.0390 (39.0); Seachfor[FUES <] e - e -
p:183E'012] Search by | LEVERAGE = inimunm leverage: |- S - i inimum strength:;
b h Filter out:| INSIGNIFICANT :‘-.- Mh:nimum cluveraje:.ll;.;:lu I12M?48354? " Minirtnurnglti::; EE
ananas -> peaches Mirimum suppart: [0.0 o [~ Use mestimate
[Coverage=0.127 (127); Support=0.040 (40); et mleed o UHE: Values alowed on RHS:
Strength=0.315; Lift=2.42; Leverage=0.0235 (23.5); apples
p=2.74E-009] seens
celery ]
carrots -> potatoes ¢ Soectinety
[Coverage=0.175 (175); Support=0.068 (68); i
Strength=0.389; Lift=1.37; Leverage=0.0185 (18.5); onions
p=0.000575] peathes
pEas
plurns
apples -> peaches polatoes

tomatoes

[Coverage=0.221 (221); Support=0.044 (44);
Strength=0.199; Lift=1.53; Leverage=0.0153 (15.3);
p=0.000635]

For Help, press Fi

bananas & apples -> peaches
[Coverage=0.029 (29); Support=0.017 (17); Strength=0.586; Lift=4.51; Leverage=0.0132 (13.2); p=0.000540]

apples -> lettuce
[Coverage=0.221 (221); Support=0.058 (58); Strength=0.262; Lift=1.21; Leverage=0.0100 (10.0); p=0.0404]

carrots & beans -> potatoes
[Coverage=0.010 (10); Support=0.007 (7); Strength=0.700; Lift=2.47; Leverage=0.0042 (4.2); p=0.0420] 125




The Magnum Opus System: Example

ID001, bananas
ID002, plums

ID002, lettuce
ID002, tomatoes
ID003, celery

ID003, confectionery
ID004, confectionery
ID005, apples
ID005, carrots
ID005, tomatoes
ID005, potatoes
ID006, potatoes
ID007, confectionery
ID008, carrots
ID009, confectionery
ID00a, apples

ID00a, oranges
ID00a, lettuce
ID00a, tomatoes
IDO0b, peaches
IDO0b, oranges
IDOO0b, celery

IDO0b, potatoes
IDO0b, confectionery
IDO0c, beans

IDO0d, oranges
ID00d, lettuce
ID00d, carrots
ID00d, tomatoes

ID00g, apples

ID00g, bananas
ID00g, plums

IDOO0e, carrots
ID00e, tomatoes
ID00g, onions
ID00g, confectionery
IDOOf, apples

IDOOf, potatoes
ID010, lettuce
ID010, peas

ID010, beans

ID011, carrots

ID011, tomatoes
ID012, grapes
ID012, plums

ID012, lettuce
ID012, beans

ID012, potatoes
ID012, onions
ID013, confectionery
ID014, confectionery
ID015, carrots
ID015, peas

ID015, potatoes
ID015, onions
ID015, confectionery
ID016, tomatoes
ID017, confectionery




The Magnum Opus System

vl Magnum Opus Demo - Tutorial.idi |Z||E|rg|
File Edit Modes Action Preferences View Help
carrots -> tomatoes || @@ ol iz -] 22|
[Coverage=0.175 (175); Support=0.085 (85); Tutorialidi: 1000 cases / 0 holdout cases / 16 items
Strength=0486, Llft=185, Leverage=0.0390 (390), Search for: |RILES - M asirurn no.: 100 b avirum size: [4
p:183E-012] Caarch b :’—L| Proportion Count
serch D] EVERAGE Mirirmwim Ieverage:|-1.El |-214?48384? Minirmurm strength: 0.0
Fil : - - - )
bananas -> peaChes ier out| INSIGNIFICANT M|n|!'n.um COvErage: |D.D |1 Minirnurn ift: {0.0
[Coverage=0.127 (127); Support=0.040 (40); " o [~ Use mestimate
Strength:0315, Llft:242, Leverage=0.0235 (235), Values allowed on LHS: \.;alules allowed on RHS:
ap) pples
p=2.74E-009] : bananas
beanz
carats
carrots -> potatoes fectioneny Esﬁgctinnery

[Coverage=0.175 (175); Support=0.068 (68);
Strength=0.389; Lift=1.37; Leverage=0.0185 (18.5);

onions

p=0.000575] oranges
peaches
peas

apples -> peaches Eﬁr:t'sm

[Coverage=0.221 (221); Support=0.044 (44); tomatoes

Strength=0.199; Lift=1.53; Leverage=0.0153 (15.3);
p=0.000635]

Far Help, press F1

bananas & apples -> peaches
[Coverage=0.029 (29); Support=0.017 (17); Strength=0.586; Lift=4.51; Leverage=0.0132 (13.2); p=0.000540]

apples -> lettuce
[Coverage=0.221 (221); Support=0.058 (58); Strength=0.262; Lift=1.21; Leverage=0.0100 (10.0); p=0.0404]

carrots & beans -> potatoes
[Coverage=0.010 (10); Support=0.007 (7); Strength=0.700; Lift=2.47; Leverage=0.0042 (4.2); p=0.0420] 127




The Magnum Opus System: Example

829, 709, 5250, 6560, 70, 82, 1074, 390, 878, 1995, C, f, f
141, 118, 722, 928, 19, 16, 15, 155, 139, 404, C, f, f

1044, 783, 3591, 4026, 63, 61, 81, 218, 232, 2908, D2, f, t
78, 63, 331, 336, 7, 8, 54, 68, 63, 167, D1, t, f

511, 419, 2142, 1947, 34, 33, 59, 106, 239, 1477, C, f, f
987, 1402, 4032, 5376, 56, 64, 891, 681, 995, 1411, C, f, f
313, 286, 1137, 1008, 22, 18, 153, 63, 146, 762, D1, t, f
1800, 859, 7350, 3159, 75, 81, 441, 2315, 1433, 1837, D1, f, f
226, 126, 1034, 612, 11, 6, 351, 377, 259, 196, C, f, f

58, 28, 343, 140, 24, 14, 24, 18, 35, 248, A, t, f

1136, 597, 4602, 3068, 59, 59, 554, 870, 949, 2623, D1, f, f
376, 274, 1980, 1675, 22, 25, 356, 261, 344, 792, C, f, f
223,172, 1656, 1400, 18, 14, 355, 430, 323,579, C, f, f
1808, 976, 7600, 7396, 80, 86, 501, 718, 852, 5928, C, f, f
114, 180, 462, 1008, 14, 16, 4, 28, 27, 364, D2, f, f

1169, 1125, 4356, 3723, 45, 51, 359, 427, 134, 2107, D1, t, f
226, 235, 1230, 1575, 15, 15, 414, 284, 267, 418, D1, f, f
493, 189, 2408, 1035, 28, 23, 318, 503, 344, 1083, D1, f, f
915, 842, 4260, 5487, 71, 59, 1265, 796, 1148, 1917, C, f, t
1263, 739, 6136, 4277, 52, 47, 903, 1060, 589, 2208, B, f, f
668, 429, 4992, 5841, 78, 59, 988, 955, 593, 1697, B, f, f
259, 187, 1069, 930, 12, 10, 329, 182, 76, 481, B, t, f

1021, 778, 4118, 3127, 58, 53, 432, 467, 432, 2388, D1, f, f
751, 425, 3159, 1896, 27, 24, 262, 147, 542, 1516, C, f, f
1397, 929, 6210, 5162, 54, 58, 1630, 2329, 1676, 1552, C, f, t
336, 526, 1620, 3534, 60, 57, 211, 272, 183, 939, B, f, f
38,52, 182, 518, 14, 14, 16, 17,9, 131, C, f, t

578, 869, 1960, 3555, 70, 79, 219, 185, 212, 1274, D2, f, t

Profitability99: numeric 3
Profitability98: numeric 3
Spend99: numeric 3
Spend98: numeric 3
NoVisits99: numeric 3
NoVisits98: numeric 3
Dairy: numeric 3

Deli: numeric 3

Bakery: numeric 3
Grocery: numeric 3
SocioEconomicGroup: categorical
Promotionl: t, f
Promotion2: t,




The Magnum Opus System

Spend98<1782 -> NoVisits98<31

[Coverage=0.331 (331); Support=0.277 (277);
Strength=0.837; Lift=2.57; Leverage=0.1694 (169.4);
p=1.64E-136]

Spend99<2030 -> Grocery<873

[Coverage=0.333 (333); Support=0.278 (278);
Strength=0.835; Lift=2.51; Leverage=0.1671 (167.1);
p=1.13E-130]

Profitability99<419 -> Grocery<873
[Coverage=0.333 (333); Support=0.277 (277);
Strength=0.832; Lift=2.50; Leverage=0.1661 (166.1);
p=6.14E-129]

Profitability99<419 & Spend99<2030 -> Grocery<873
[Coverage=0.302 (302); Support=0.265 (265);
Strength=0.877; Lift=2.64; Leverage=0.1644 (164.4);
p=2.52E-008]

M Magnum Opus Demo - Tutorial. data

File Edit Modes Action Preferences Wiew Help

= | @|@| o] | e w22

Tutorial. data: 1000 cases / 0 holdout cases / 39 values

Search for: |RULES - b aximum no.: {100 b amimum size: |4
Search by | LEVERAGE - Proportion Cournt
_ Mimimum leverage: |-1 a |-21 47483647 Minimum strength: 0.0
Filter out | INSIGNIFICANT :|v Minirum coverage: |EI.EI |1 Firirauarn it 0.0
Mirirnurn support: |D.EI |EI [~ Use m-estimate

Walues allowed on LHS:

izitz99< 35
F5¢=MoVisit:99: =68
Moisitz39: 68
MHoYizite98< 31
M<=MoVisitz35: =64
Moisitz38: 64
Draim< 215

For Help, press F1

Yalues allowed on RHS:

Profitability33< 419 ~
419<=Prafitability99, =837 =
Prifitability93:» 897

Profitability38< 327

327 =Profitability38=713

Prifitability98> 713

Spend33<2030

2030¢=5pend99<=4278

Spendd9-4274

Spend38¢1782 B
1782¢=5pend35<=4023

ML

Spend99<2030 -> NoVisits99<35

[Coverage=0.333 (333); Support=0.272 (272); Strength=0.817; Lift=2.48; Leverage=0.1624 (162.4); p=2.42E-123]

Spend98<1782 -> NoVisits99<35

[Coverage=0.331 (331); Support=0.271 (271); Strength=0.819; Lift=2.49; Leverage=0.1621 (162.1); p=4.58E-123]

Spend99<2030 & Spend98<1782 -> NoVisits99<35

[Coverage=0.259 (259); Support=0.246 (246); Strength=0.950; Lift=2.89; Leverage=0.1608 (160.8); p=7.04E-027] 123




Statistical Association ]

Magnum Opus ]

DEMO
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DECISION TREES

Parrc 12

Using Statistical &
Information Theory

htep://rulequest.com/
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[ Learning Decision 1rees }

®A Treeis a Directed Acyclic Nodes
Graph (DAG) + each node
has one parent at most Edges/
Vertices
® A Decision Tree is a tree \ \
where nodes associated
with attributes, edges Q Q
associated with attribute Leaves P
values, and leaves
associated with decisions Example:

High Blood Pressure?

@)
High Cholesterol.?/ N.Cough?
@) @) @) @)

Heart Problem Stress  Cold Normal
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[ Learning Decision I[rees }

|

Attribute Selection Criteria

Logical Based

Information Based

L

Statistical Based

133




[ Information Theory

Example

@12 is quantized into two intervals at 21 (T2¢21) and (T2>21)
@13 is quantized into two intervals at 15 (T3¢«15) and (T3>15)

T | 12 | T3 | T4 D
1 25 10 A 1
1 30 30 A 0
1 35 25 B 0
1 22 35 B 0
1 19 10 B 1
2 22 30 A 1
2 33 18 B 1
2 14 5 A 1
2 31 15 B 1
3 21 20 A 0
3 15 10 A 0
3 25 20 B 1
3 18 20 B 1
3 20 36 B 1
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CS5

C3 See5 [zt =] |"—||E| g' Classifier Construction Options
File Edit Help
30| wE [ Hiafinnow attibutes

cidn

15:

Bulezetz

I_ bands
Boost I_ brials

=
=

@5‘» soybean [

[ Subsets of values

=

=

=

class and attribute definitions [soybean.names]

ad

training cases to be analyzed [soybean.data) Usesampleof |

test cases [soybean.test]
misclassification costs [soybean.costs] Crass-validate I_ folds
decision tree classifier [soybean.tree] [ Ignore costs file

ruleset classifier [soybean.rules] Advanced options

output file [soybean.out] [~ Fuzzy thresholds
[v  Global pruning
Bruning CF |E

Miniraum 2 cases

s

k. I Defaults| Ear‘u:el|
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Decision Trees

CS5

DEMO




NEURAL NETWORKS ]

Part 13 ]

How It Works?

137



Learning Neural Networks }

/\

Supervised

/\

Unsupervised

/\

In terms of As Learning In terms of As Learning
Design Algorithm Design Algorithm
The user defines the The data is labeled No. of nodes and levels The data is not labeled.
number of nodes and and both input and in the hidden layer are Only the input records
levels in the hidden output are given to the defined automatically are given to the neural
layer neural network by the algorithm network
Threshold = 0.0
e Test Data
A B C Decision
0O 0 O
0O 0 1
O 1 0O
0O 1 1 1
1 0 O
I 0 1
1 1 0
I 1 1

138




[ Learning Neural Networks }

The Siemoid Function

139



Learning Neural Networks

Threshold = 0.0

Test Data
A B C Decision
0O 0 O
0O 0 1
O 1 0
o 1 1
I 0 O
I 0 1
I 1 0
I 1 1
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[ MACHINE TRANSIATION ]

[ Parc 14 ]

4 N

Statistical Machine Translation

- J

141



[ Statistical Machine Translation }

® For each English sentence “e”, we need the Arabic sentence “a” which
maximize P(ale)

P(ale)-P(a)*P(e|a)/P(e)

English > Arabic

Document Document

142



[ Language Model }

® A statistical language model assigns a probability to a sequence of m
words by means of a probability distribution

® Record every sentence that anyone ever says in Arabic; Suppose you
record a database of one billion utterances; If the sentence “félila (a<”
appears 76,413 times in that database, then we say P(fellla cas) -
76,413/1,000,000,000 = 0.000076413

® One big problem is that many perfectly good sentences will be assigned

a P(a) of zero

Arabic Sentence Probability
Alls oS 0.000076413
B Al 0.000066392
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[ N-Grams }

® Ann-word substring is called an n-gram
® [fn-2, we say bigram. If n=3, we say trigram
® [ct P(y | x) be the probability that word y follows word x
P(y | x) = number-of-occurrences(“xy”) / number-of-occurrences(“x”)
P(z | x y) = number-of-occurrences(“xyz") / number-of-
occurrences(“xy”)
> P(Auyaall ) A6l ad) = P(ad | start-of-sentence) *
Pl [ cad) * P | Aalh) * P(Awadl | ) *
P(end-of-sentence | 4w 4ll)
> P (A aall ) Al gl cad) - P(<ad | start-of-sentence) *
P(2ll | start-of-sentence ,<#3) * P( ) | Al ad) *
P(d 2l | I Al 4ll) * P(end-of-sentence | 4wyl ¢ ) *
P(end-of-sentence | end-of-sentence 4w xll)

14




[ N-Grams [anguage Model }

PW, e W) = [ [ PO Wy W) =] [ PO Wy W)
i=1 i=1

COUNT(Wi_(,_gyees W;)

P W. W-_ _ 1"'1W'— =
( I | i—(n-1) I 1) Count(wi_(n_1)1"'1wi—l)

Example:

Inabigram (n=2) language model, the approximation looks like

P(I,saw,the, red, house) =~ P(l1)P(saw| I )P(the | saw)P(red | the) P(house| red)

Ina trigram (n=3) language model, the approximation looks like

P(I,saw,the, red, house) =~ P(l1)P(saw| I )P(the | I, saw)P(red | saw,the) P(house | the, red)




[ Translation Model }

® P(e | a), the probability of an English string “e” given an Arabic string

“a”: This is called a translation model

® P(c | a) will be a module in overall English-to-Arabic machine
translation system; When we see an actual English string e, we want
to reason backwards ... What Arabic string a is likely to be expressed,
and likely to subsequently translate to e? We're looking for the a that

maximizes P(a) * P(e | a)

Arabic Sentence English Sentence P(ale)

A el ) Al caad The boy went to School 0.0034

a5l da ) gl aleds) Today, the stock market 0.00021
went down

® Example, BuckWalter

16




[ Translation Model }

® For each word a, in an Arabic sentence (i=1...1), we choose a fertility ¢,. The
choice of fertility depends on the Arabic word in question. It is not dependent
on the other Arabic words in the Arabic sentence, or on their fertilities

® For each word a,, we generate ¢, English words. The choice of English word
depends on the Arabic word that generates it. It is not dependent on the
Arabic context around the Arabic word. It is not dependent on other English
words that have been generated from this or any other Arabic word

® All those English words are permuted. Each English word is assigned an
absolute target “position slot.” For example, one word may be assigned
position 3, and another word may be assigned position 2 -- the latter word
would then precede the former in the final English sentence. The choice of
position for a English word is dependent solely on the absolute position of the

Arabic word that generates it
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[ BASIC MATHEMATICS

Zn:i=1+2+...+n ﬁizl*z*...*n
i=1

=1

Ski=kY i TTxi=K[]i
i=1 i=1 i=1 i=1




{ Introduction to Set Theory

* A setisacollection of distinct items (Example: A ={1,2, 3, 4, 5})

Intersection Union

A
B
BcA

Sub-set & Super-set x e A; acA;deA;.




[ Introduction to Set Theory ]

« A={a,c,e,d, x,y, 2}

AnNB-={cd,vy}
Intersection

AzB CcB CcA
Sub-set & Super-set

B={b,c,d,y, m, n} C={c,d}

AuB-={a,b,c,d,e,m,n,x,y,z}
Union

xeA; x¢gB; x¢C
Belong Relationship

®/¢ is the empty set

NUCZe gAYV




[ Introduction to Set Theory

*c An(BNC)=(AnB)NC & AuBuUC)=(AuB)UC
c An(BUC)=(AnB)U(ANC)

¢« —(—-A)=A

* -(AnB)=-A U —B




[ Introduction to Propositional Logic ]

e Itis also called the Zero Order Logic

A sentence X can be either true or false (1 or 0)

X Y XAY X Y XvY
X Y A v
0 0 0 0 0 0
0 0
0 1 0 0 1 1
1 1
1 0 0 1 0 1
1 1 1 1 1 1
X Y X=>Y X Y X XOrR Y X=2Y==XVvY
0 | o 1 0 | o 1 C(XAY) =X v Y
0 1 1 0 1 0 XAX=X & XvX=X
1 0 0 1 0 0 Xv(YAZ)=(XVvY)A(XVZ)




Incroduction to Vectors

Parrc 1

As Vectors

10



[ Introduction to Vectors ]

Adding two vectors
(0, y1) + (X, ¥2) = (%) * X, Y1 * )

Multiplying a vector by a constant and
adding it to another vector

(YD) *+ (25,2, y5) = (0 + 2%, y1 + 2y5)

Multiplying a vector by -1

Axv. vY=(-x. v.)
M) AL )1

Multiplying a vector by a constant
2. (x5, 5) = (2%5, 2y,)

v/ _v+w
W
‘Z ﬂ” V2 W
2'W
v
W

11



{ Introduction to Vectors ]

Multiplying two orthogonal vectors equal to A
Zero. V2
Examples:

VI-(5,0) & V2-(0,4)

V1.V2=0

V1

VI=(5,4) & V2-(-4,5)
V1.V2-0 O N\

12



[ Eigen Values & Eigen Vectors ]

* An eigenvector of a matrix A4 is a nonzero Y“l
vector x; where A.x1is similar to applying V AX = X
a linear transformation A to x which, y
may change in length, but not direction X
* Aacts to stretch the vector x, not change
its direction, so xis an eigenvector of A 0 - X
AX—AIX=0
2 ax] [x (A= A)x =0
=A if there exist aninverse (A—Al)™',then x=0
_a'Zl a22__y_ _y_

we need det(A— Al) = 0to avoid the trevial solution x =0

det(A—A1)=0



[ Example on Eigen Values & Figen Vectors ]

* Suppose Ais 2x2 matrix

2 1
A —
{2—1
det |

A=1 or

for 1 =3, {
1

2
for 1 =1, {1

2

A=3

1
2

|
)

1 ,
2_/1}(2—/1) ~1=0

2x+y]| | 3x
x+2y| |3y
2x+y| | x
x+2y]| |y

The eigenvectors are:

i

14



[ Representing Documents as Vectors ]

-

of charge

o

Journal of Artificial Intellicence

JAIR is a refereed ji
Artificial Ineelli

ering all are
istributed free

journalis also published by Morgan Kaufman..,

T the internet. Each volume of the

/

[\

Term Term
Count
0 learning
3 journal
j 2 intelligence
0 text
0 agent
3 ] Internet
0 webwatcher
0 Perl5
~\
1 volume

15



{

Documents as Vecrors

Suppose we have two documents containing three nouns only

Term T, | Term T, [ TermT;
Document D, 2 3 5
Document D, 3 I 1
D, D,
Y FY
2 3
3 I
5 1
\ o \ o

16



Dimensionality Reduction

>

Dimensionality Reduction

Term
Count Term
34 Home
32 Garden
15 Room
14 Window
11 Furniture
11 Restroom
6 Floor
5 Kitchen
5 Balcony
1 Chimney
1 Street
1 City
1 Dog
1 Lake

® [erm Count
o tfidf
® Chi-Square
® Information Gain
® Gain Ratio

Term

Count Term
15 Room
14 Window
11 Furniture
11 Restroom
6 Floor
5 Kitchen
5 Balcony
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[ What Is Probability? ]

* A priori probability P(e). The chance that e happens
« Conditional probability P(¥/e). The chance of f given e

* Joint probability P(e, ). The chance of e and f both happening; If e and
f are independent, then P(e, f) = P(e) * P(f); If e and f are dependent
then P(e,f)=P(e) * P(f | e)

For example, if e stands for “the first roll of the die comes up 5” and f
stands for “the second roll of the die comes up 3,” then P(e.f) = P(e) *
P(f) - 1/6 * 1/6 - 1/36.

D P(e)=1 3 Pe| f)=1




|

BASIC Probabilities ]

P(AU B)={

P(A)+P(B) A & B are not dependant

P(A)+P(B)-P(A,B) A & B are dependant

* For example, when drawing a single card at random from a regular deck of

cards, the chance of getting a heart or a face card (J,Q,K) (or one that is both) is

13 N 12 B 3 22
52 52 52 52
A P(A)€[0,1]
not A P(4) =1-P(4)
P(AUB)=P(A)+ P(B)— P(ANB)
AorB = P(A)+ P(B) if A and B are mutually exclusive
P(AN B) = P(A|B)P(B)
Aand B = P(A)P(B) if A and B are independent
A given B P(A|B) = P(;(;)B)

20



[ Probability Density Function PDF ]

® Probability density function (pdf) is a function that
represents a probability distribution in terms of integrals

b — lGr
a1 o3
f (X) dX Q1-1.5xI0R Q3+1 5xI0R
Wedan
L | | [ | | : | : | | | | | |
Bo Rala} Ao SBoy 2o -lot 0 o 20 130 4o jala) Bo
S E%Eg 0E7450  0B7450 2 ESRo

Tf(x)dx:l &




| Probability Density Function PDF |

® The Summation is used with Discrete Data

O P N W »~ U1 OO N O O O
I 1 1 1 ! ! I 1 1 1

\

; e
NN

% ‘/\\E}:gk

Tutorial on EM Algorithm: Ali S. Hadi



[ Conditional & Bayesian Probability ]

® Conditional probability is the probability of some event A, given the
occurrence of some other event B

® Conditional probability is written P(A|B), and is read “the probability
of A, given B”

P(A,B)
P(B)

P(A|B)=

® Bayesian probability, the probability of a hypothesis given the data
(the posterior), is proportional to the product of the likelihood times the
prior probability (often just called the prior)

® The likelihood brings in the effect of the data, while the prior specifies
the belief in the hypothesis before the data was observed

P(A)P(BTA)
P(B)

P(A|B) =




STATISTICS

Parr 3

Introduction

24



[ Statistics ]

® Statistics is a Mathematical Science pertaining to

the collection, analysis, interpretation or

explanation, and presentation of data

25



[ Statistical Terminologies ]

Measures of Central Tendency (Mean,
Median, Mode)

Population Variance measures statistical
dispersion of data points from the expected
value (mean)

Standard Deviation is a measure of the
variability or dispersion of a population;
Low SD indicates very close data points to
the mean; High SD indicates spread out
data points

Covariance measures how much two
variables change together

Correlation (coefficient) indicates the
strength and direction of a linear
relationship between two random variables

X:(l/n)zn:xi

Var(X) = E[(X - E(X))ZJ

= (1/n)i(xi -X)’ =0’

sd(X)=+o?

Cov(X,Y)=E[(X —E(X))(Y —E(Y))]

Cov(X,Y) oy
sd(X)*sd(Y) o,0,

Corr(X,Y)=

rav)
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Introduction
to Permutations & Computations

|

Plain Bob Minor




[ Permutations ]

* Suppose an ordered set of n different objects
* For ordered selection of r objects from a set of n (n2r) ditferent
objects, the number of permutations of r from n, i.e. the number of

different possible ordered selections, is usually denoted by P.»

4 piag oy Jol QLA ol e o) QB ) A3 Ll

n! pis 100 B A w1 e a5 <10
PN — A gan s 45 1000 b LA M1 i jum
r (n B r)' AU Y 038 (e aaliiin (Say ad ) oS 330l A )

(... <2130 3120 ¢3210) 3 <2 ¢1 :Jx
¢ -Jdall




[ Permutations ]

Example: r g b y

Suppose we have 4 elements and need to select 3 elements in order; there

are 24 different combinations

4 4
Pl=———=—=4%3%2=24
(4-3)! 1
r g b r b | g g r b g b r
b g r b r g r g y r y g
g r y g |lY r y r g Y | 8 r
r b y r y b b r y b y r
y | r| b y | b r g | b |y g |y | b
b | g |y b |y | 8 y | 8| b y | b| 8




[ Permutations ]

* Suppose a set {A, B, C}, we have 6 (=3!) permutations of {A, B, C} are
ABC, ACB, BAC, BCA, CAB and CBA

* Suppose a set {A, B, C, D}, there are 24 = P%, = (4 x 3 x 2) permutations of
3 letters from {A, B, C, D}

* If the n objects are not all different, and there are n, objects of type 1, n,
objects of type 2, ..., n, objects of type k, where n;+n,+...+n,=n, then the
number of different ordered arrangements is

n!
n!n,!'nl..n,!

14!
3131414




[ Computations ]

The number of ways of picking k unordered outcomes from n possibilities. Also

known as the binomial coefficient or choice number and read “n choose k.,*

AL n!
Ck = =
[kj k!(n—k)!

S Guadll s i Lew S B oS o185 S 5 o1 pan S ED0 L)

(jcccjcccc) c(jcjcccccc) d\la
:Jall
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[ Computations ]

For example: suppose we have the set {1, 2, 3, 4}, we need to calculate
the number of combinations of selecting two elements out of the set

4 v
2 21% 21

namely {1,2}, {1,3}, {1,4}, {2,3}, {2,4}, and {3,4}.

Suppose we have 4 places and filled only 2 of them. The combination to fill
the other two cells with the other two numbers equal to 1. Muir (1960)
uses the nonstandard notations

- n—k C;:(z): 2
=k 2) 2%

C, =1 C'=n C, =1

0




STATISTICS

Parct 5

Popular Distributions

34



{ Popular Distributions

Probability Distribution identifies the probability of each value of an

unidentified random variable
® Uniform Distribution
® Normal (Gaussian) Distribution
® Chi-Square Distribution
® Fxponential Distribution
® Poisson Distribution
® 7 Distribution

® F Distribution




{ The Uniform Distribution ]

® The probability is equal for all outcomes

® Suppose a fair dice is thrown, the probability of getting any of its 6 faces equal
to 1/6

® The area under the line equal to 1

1/6

36



{ The Normal/Gaussian Distribution ]

1.0

L p=0, 0im0.2 ===|_
- u=0, ogiml (= -
=0, 0I=5,0 mm- ]
jime=2, i} f == |

37



The Chi-Square Distribution

1.0 T T T
0.8 — — k=1 _

L — k=0

k=3

[ S
0.6 — T ]
041 .
0.2F —
0.0 ; . — ]

0 2 4 6 8

( 1
(k/2)=1 —X/2
X e for x>0
f(xk)=<2%2T(k/2)

0

S

for x<0

38



The Exponential Distribution

0 l 2 3 4
- for x>0
0 for x<0

39



The Poisson Distribution

0.4[

I L] L) L L '[ L 1 L L] I

& ¢
> > >
| I
—_— s

©
o
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The T Distribution ]

0,45
0,4
0,35
0,3
0,25
0,2
0,15
0,1

0,05

0 1 2 3 4 5

t-distribution arises in the problem of
estimating the mean of a normally
distributed population when the sample
size is small




The F Distribution

05 10 15 20

0.0

— d1=1, d2=1

T— d1=2, d2=1

— =5, d2=2
d1=100, d2=1

—H AN d1=100, d2=100

42



[ Fitting Chi-Square ]

Vector

JA— 5

14

¢ \\ 11

e 11

O R N W » 1 OO N 00 O
N
s

n _F\?
max Zz _ Z (ai EEI)
i=1 '

E;, =(15+14+11+11+6+5+5)/7=9.57

7> =(01/9.57)%((15-9.57)° +(14-9.57)> +(11-9.57)* + (11-9.57)" +
(6-9.57)> +(5-9.57)" +(5-9.57)*)=107.71/9.57 =11.26

43



[]MkﬂSUZﬂ%{]EIHP(}HEgOQVCIHTBkHﬁmn]

[P(tkﬁci)P(t—kﬂcTi)_ I:)(tkDCTi)I:)(t—kﬂci)]2
P(t )Pt )P(c;)P(T)

Zz(tkaci):

P (t,.c,) =»probability document x contains term t and belongs to category c.
P (t,.c;) =»probability document x does not contain term t and belongs to category c.
P(t,,Ci) Sprobability document x contains term t and does not belong to category c.

P(t,.C) =» probability document x does not contain term t and does not belong to
category c.

P(t) =»probability of term t
P(c) =» probability of category ¢




{ Testing The Membership ]

Econom Military

[P(tkaci)P(t—k?(Ti)_ P(tkaéi)P(t—kﬂCi)lz
P(t,)P(t, )P (c;)P(C))

Zz(tkaci):

{1*14_1*8}2
9 16 16 9
2 .25, 9 .18

* *

27 27 27 27 .

27 (t,, Sports ) =




[ Using Chi-Square for Categorization ]

Another Example:

Frequency per Category

Term Total
Communication | Phone | Business Army
Link 15 6 2 12 35
Wire 10 12 0 8 30
Total 25 18 2 20 65

2 link.. phone ) — [6/65)*(18/65)— (29 /65)* (12 /65)]?

(35/65)*(30/65)*(18/65)* (47 / 65)

46




[ Using Chi-Square for Multiple sets of Terms

Category
Group 2 Total
0 1
Term 5 1 3 4
Term 7 4 6 10
Total 5 9 14

Categor
Group 1 el Total
0 1

Term 1 3 2 b}
Term 2 0 4 4
Term 3 2 3 b}

Total 5 S 14

2
2 Sk (aij B Eij)
=22
=1 j=1 E

77 (Groupl)=(3-1.78)*/1.78 +(2-3.21)* /3.21+(0-1.42)* /1.42

7> (Group 2)=(1-1.42)>/1.42+(3-2.57)*/2.57T+(4-3.57)* /3.57
+(6-6.43)°/6.43 =

e *Ty

+(4-2.57)>/2.57+(2-1.78)* /1.78+(3-3.21)* /3.21=3.62

Mingers, J., (1989a). “An Empirical Comparison of selection Measures for Decision-Tree
Induction”, Machine Learning, Vol. 3, No. 3, (pp. 319-342), Kluwer Academic Publishers.




[ Attribute Selection Criteria: Chi-Square ]
EXélmp]f? TI | T2 | T3|T4| D
®T2 is quantized into two intervals 21 (T2<21) and (T2>21) |1 .2 10 A -1 .
®13 is quantized into two intervals 15 (T3«15) and (T®15) | 1 30 30 @ A & O

1 35 25 B 0
R SULLULE N R R
Ty |eonb | S R W W WA N
0 1 1 3 2 5 2 22 030 A 1
T ——— 1 |- e
— 1 ———1 - s e
T — T |- e e
........ e
........ e e
........ e e e
B e I [ B P B e R T N
3 20 36 B 1
=15 1 4 5 A 3 3 6
>15 4 5 9 B 2 6 8
Total 5 9 14 Total 5 9 14




[A teribute Selection Criteria: C]zj/Square]

E.,)

X (A)= ZZ

i=l j=1 |J

where A is the attribute to be evaluated against the decision attribute, n is the
number of distinct values of A, m is the number of distinct values of the decision
attribute, a; is the correlation frequency of value number i from A and value
number j from the decision attribute;

e (s *Ty

where T ; is the total number of examples belonging to class ci, T,; is the number
of examples containing the value vj of the given attribute

77 (X1)=(3-1.78)"/1.78+(2-3.21)*/3.21+(0-1.42)* /1.42
+(4-2.57)"/2.57+(2-1.78)*/1.78+(3-3.21)* /3.21 =3.62

7(X4)=(3-3.9)2/3.9+(3-2.1)*/2.1+(6-5.1)* /5.1
+(2-2.9)%/2.9=1.1

Decision D5

Mingers, J., (1989a). “An Empirical Comparison of selection Measures for Decision-Tree
Induction”, Machine Learning, Vol. 3, No. 3, (pp. 319-342), Kluwer Academic Publishers.

D1 Total
0 1
1 3 2 5
2 0 4 4
3 2 3 5
Total 5 9 14
Decision D5
D2 Total
0 1
=21 1 3 4
»21 4 6 10
Total 5 9 14
Decision D5
D3 Total
0 1
=15 1 4 5
>15 4 5 9
Total 5 9 14
Decision D5
D4 Total
0 1
A 3 3 6
B 2 6 8
Total 5 0 14
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[ Linear Regression ]

* The linear model states that the dependent variable is directly proportional to
the value of the independent variable
* Thus if a theory implies that Y increases in direct proportion to an increase in

X, it implies a specific mathematical model of behavior

ED' I ! I I I

y=ax+Db

In case of two dimensions

(yz_y1)
(Xz_x1)
b=y, —slope*x,

a =slope =

—Z0 ] 20 d 0 a0 a0



[ Linear Regression

y=ax+Db 4
§=6a+b & 4=3a+b (65)
8D 4 & a=3+32P.y (3.4)
6 6
4
b=0 & a=—=1333 —
3 Slope =~ =133
4
b=4-—2%3=0

3



[ Linear Regression

y=ax+Db

(L,6)
6=a+b & 2=3a+b

6—b:a & 2:3*(6—b)+b (3’2)




Linear Regression
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Iraining & Testing

Data

Y
—

Training

Data
N—

Y
—

Testing

Data

Learning
> ()
%

Learned Concepts

[ earned
Model

Testing
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[ Testing Approaches

]

® 7wo-Cross-Fold

Train on 2/3™ \
Test on 1/3t ——

® 7en-Cross-Fold

Train on 9/10th <

Test on 1/10th .

Repeat 10 times Data '
A

® Hold-One-Out
Train on all databutone o
Test on the selected one

—
(—

Training

® [ earning Evaluation vs. Testing Data

N~
Train on Training Data C D)
Sl Evaluation D Evaluation
valuate on Evaluation Data Data Data
Test on Testing Data —

Mee—
Testing

Data

Data

Data
N-records

N
(e

2/3 Data
Training
~—

N
(e

1/3 Data

Testing
N~

Data - ry




{ Accuracy & Error ]

Example: Suppose you have a classification model C, and 100 testing records from two
classes (P & N). Suppose the following are the classification results:

® Accuracy vs. Error Rate Actual
- Accuracy = (40+45)/100 = 85% P N
- Error Rate - (10+5)/100 = 15%
P TP FP
Obtained EN N
® Truc vs. False Classification
- True Positive: = 88.88%
Actual

- True Negative: = 81.82%

- False Positive: =11.12% P N

- False Negative: -18.189
alse Negative Jo P 40 10

® Flexible Matching Obtained [~ 5 45

- Using Nearest Neighbors (e.g., majority of nearest 3 neighbors)
- Using Fuzzy rules (assigning probability for each decision and taking it into consideration when
calculating the accuracy)

- Assigning small weights for the false positive and false negative results (not zero)

® Testing for Multiple Classes 2222

58




[ Precision, Recall, and F-Measure ]

Accuracy:is the percentage of correct results
FError:is the percentage of wrong results

Accuracy only reacts to real errors, and doesn’t show how many correct results
have been found as such

Precision:

Precision shows the percentage of correct results within an answer:

Precision = (tp) / (tp + fp)

Recall:

Recall is the percentage of the correct system results over all correct results:

Recall = (tp) / (tp + fn)

Makhoul, John; Francis Kubala; Richard Schwartz; Ralph Weischedel: Performance measures for
information extraction. In: Proceedings of DARPA Broadcast News
Workshop, Herndon, VA, February 1999
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{ Precision, Recall, and F-Measure ]

Precision and Recall can be defined ditferently for ditferent tasks
For example: In Information Retrieval,
® Recall = |{relevant documents} N {documents retrieved}| /

/ |{relevant documents}|

® Precision = |{relevant documents} N {documents retrieved}| /

/ |{documents retrieved}|

Christopher D. Manning and Hinrich Sch™utze, Foundations of Statistical Natural Language Processing,
MIT Press, 1999.

60



{ Precision, Recall, and F-Measure ]

F-Measure (harmonic mean):

Fg “measures the effectiveness of B times as much importance to recall as

precision”. The general form of F-Measure:
Fg = (1+ B2) * (precision * recall) / (B* * precision + recall)
when B-1,

F, =2 * (precision * recall) / (precision + recall)

61
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[ Test of Signiticance (1/5) ]

® The probability that a result is not due to chance; or Is the observed
value differs enough from a hypothesized value?

® The hypothesized value is called the null hypothesis

® If this probability is sufficiently low, then the ditference between the
parameter and the statistic is said to be "statistically significant’

® Just how low is sufficiently low? The choice of 0.05 and 0.01 are most

commonly used

® Suppose your algorithm produced error rate of 1.5 and another
algorithm produced an error of 2.1 on the same data set; are the two
algorithms similar?




[ Test of Signiticance (2/5) ]

HA

B

® The top ends of the bars indicate observation means

® The red line segments represent the confidence intervals surrounding
them

® The difference between the two populations on the left is significant

® However, it is a common misconception to suppose that two
parameters whose 95% confidence intervals fail to overlap are
significantly ditferent at the 5% level




[ Test of Signiticance (3/5) ]

® The system you are comparing against reported results of 250; the
value reported is considered as a random variable X; the distribution of
X is assumed as normal distribution with unknown mean and standard
deviation 6=2.5; You ran your system 25 times; it reported values (x1,

X2, ..., x25); the average of these values is 250.2.

25

Z — 2502 Sample Mean

il
R

Standard Error = o /+/n =2.5/+/25 =0.5 n is the sample size

X—,u_)?—,u

Z:G/\/ﬁ_ 05 1 is not known




[ Test of Signiticance (4/5) ]

+
o
o
o
™
=]
!
o
o
o

P(-2<Z2<2)=1-a=0.95

From Tables

—

X —u

0'/«/ﬁ

®(z) = P(Z < 2) =1—% ~0.975
7=®"(D(2)) =D (0.975)=1.96

0.95=1-a=P(-2<Z <7)=P(-1.96<

<1.96)

66



[ Test of Signiticance (5/5)

P(-2<Z<7)=P(X -1.96-2< 1< X +1.96-2)

Jn Vn
P(-2<Z<2)=P(X -1.96%0.5< < X +1.96*0.5)
P(-2<Z<7)=P(X -0.98< 1< X +0.98)

Our Interval =(250.2-0.98;250.2+0.98)

Our Interval =(249.22;251.0)

® Any value within this interval is not significant
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[ The Information Theory ]

The information conveyed by a
message can be measured in bits by

its probability




[ The Information Theory: Given Data ]

Attributes: DI | D2 | D3 | D4 | D5 . . _
DI, D2, D3, D4 | S R M M Dectsion Attributes: >
........ i j 2;\ g Domain(D5)-{0,1}
Domajn(D]) er]’z,_;} ........ 1 .............. 2 2 ............... B ...... 0
ERENENEN S
2 12 P2 AP ITwo Decisions: 0, 1
Domajn(DZ) er]’Z} ....... 2 .............. 2 2 ............... B ...... 1
ERENENEN S
> 12 1 B il
Domajn(D_;):[l’Z} 3 1 2 .............. A ..... 0
ERENEE S
30212 B i1
Domajn(D4) :{A’B} 3 1 2 ............... B ...... 1
i




The Information Theory: Given Data

D5

D4

D3

D2

Dl

1

D1

D3\D2

D4




{ The Information Theory: Entropy ]

THE INFORMATION THEORY: information conveyed by a message depends on
its probability and can be measured in bits as minus the logarithm (base 2) of that
probability

suppose Dy, ..., D, are m attributes and C,, ..., C_ are n decision classes in a given
data. Suppose S is any set of cases, and T is the initial set of training cases S — T.
The frequency of class C. in the set S is:

freq(C.,S) = Number of examplesin S belonging to C.

It |S| is the total number of examples in S, the probability that an
example selected at random from S belongs to class C;is

freq(C,,S) /S|

The information conveyed by the message that “a selected example belongs to a
given decision class, C.”, is determined by

—log, (freq(C.,S)/|S|) bits

72



[ The Information Theory: Entropy ]

The information conveyed by the message “a selected example belongs to a given
decision class, C”

—log, (freq(C.,S)/|S|) bits

The Entropy: The expected information from a message stating class
membership is given by

k
Info(S) =) (freq(C,,S)/| S |) *log,( freq(C,,S)/|S|) bits
=1

info(S) is known as the entropyof the set S. When S is the initial set of
training examples, info(S) determines the average amount of information needed to
identify the class of an example in S.




[ The Information Theory: The Gain Ratio ]

EXgmp 16 | DI | D2 | D3 | D4 | D5
freq(0,S) =5 - freq(,$)=9 | 1321114 S8

1 022 A0

freq(0,S)/[S|=5/14 | freq(l,S)/[S|=9/14 |15 5% o
Tbe _Enl‘ropj/: th@ averdge dmount Ofinformation n@@d@d to ldentlfy ........ 1 .............. 2 2 ............... B ...... ¢
the class of an exampleinS L. bty Bl
....... 0 T T B N

Info(S) =-9/14*log,(9/14)=5/14*log,(5/14)=0.94bits | 2 2 2 ' B 1
....... w0 T TN N N

Using D, to Split the data provide 3 subsets of data | | o I TN WA .
A WU W N W

Info,, (S,)=-3/5*log,(3/5)—2/5*log,(2/5) =0.94 A0 T WA W W
1 302121 B i1
InfoDl (SZ) _ _4/4*10g2 (4/4) _ 0‘94 3 1 2 ............... B ...... :
3 1 2 ............... B ...... :

Info,, (S,) =~2/5*log,(2/5)~3/5*log,(3/5) = 0.94

Infog, (S) = (34 ,)* Info, (S,)+ (%] ) * Infog, (S,)+ (3 1) * Infoy, (S) = 0.694




[ The Information Theory: The Gain Ratio ]

Suppose attribute D; is selected to be the root and it has k possible values.
The expected information of selecting D to partition the training set
S, info,(S), can be calculated as follows:

Infog (S) = Z(' S%S )* Info(S,)

S, is the subset number i of the data; k is the number of values of D,

The information gained by partitioning the training examples S into subset using the
attribute D, is given by

Gain(X,) = Info(S) — Info,, (S)



[ The Information Theory: The Gain Ratio ]

The attribute to be selected is the attribute with maximum gain value. Quinlan
found out that a key attribute will have the maximum gain. This is not good!

Split_Info(S)=-3"(/5, /]S ) *logs (IS, |/] S

The gain ratio is given by:

Gain _Ratio(D,) =Gain(D,)/ Split _ Info(D,)

Quinlan, J.R., (1993). “C4.5: Programs for Machine Learning”, Morgan Kaufmann, Los Altos, California.
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[ The Information Theory: The Gain Ratio ]

Example Cont.

Info,, (S) = (% )" Infog, (S)) + (% 2) ¥ Infog, (S,)
+ (% o) * Infog, (S;) =0.694

Gain(D,) = 0.94 —0.694 = 0.246

Split_Info(S)=-5/14*log,(5/14)-4/14*log,(4/14)
—5/14log,(5/14) =1.577 bits

Gain _Ratio(D,)=0.246/1.577 = 0.156

S

Dl | D2 | D3 | D4 | D5

1 2 1 A 1
........ 1 2 2 A ;
........ 1 2 2 B ;
........ 1 2 2 B ;
........ 1 1 1 B :
....... 2 2 2 A :
....... 2 2 2 B :
....... 2 1 1 A :
....... 2 2 1 B :
3 1 2 .............. A ..... ;
3 1 ................ 1 .............. A ..... ;
3 .............. 2 2 ............... B ...... :
3 1 2 ............... B ...... :
3 1 2 ............... B ...... :




[Jhmﬁujnathmn<3ﬁﬁn:fTénn1vs;C}uz%ﬂmgy]

It measures the classification power of a term

P(t,c)
G (t,.c,) = P(t,c)log
‘ Ce{zcil,ci} te{tzk;tk} : P(t) P(C)

P(t,,c;) =>probability document x contains term t and belongs to category c.
P(t,,c,) =2probability document x does not contain term t and belongs to category c.
P(t,,C;) =>probability document x contains term t and does not belong to category c.

P (t_k ,C;) =>probability document x does not contain term t and does not belong to
category c.

P(t) =>probability of term t.
P(c) =>probability of category c.




{ Testing The Membership

Econom Military

P(t,cC)
IG(t,,c;)= > > P(t,c)log, — ==
CE{Ci,Ei} tE{tk Jt_k} I_)(t) I_)(C)
1 1/9 8 8/9
G (t,,sport ) = —*1 —*1]
(L.sport) = g logs w9727y T o °82 25727y % (9 27)
1, 1/18 17 17 /27
—*log, + log ,
18 (2/27)*(18/27) 27 (25/27)*(18 /27)
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[ The Gain Ratio ]

Z Z P(t,c)log , P (L, ¢)
ce{c;,C;} te{t, I, } P(t)P(C)

GR (t,,¢;) = - > P(c)log , P(c)

CE{Ci,C_i}

P(t,,C,)=2probability document x contains term t and belongs to category c.

P(t, ,C,) = probability document x does not contain term t and belongs to category c.

P(t,.C) =>» probability document x does not contain term t and does not belon
category c.

je
t
@)

P(1) =»probability of term t.
P(C)  =»probability of category c.




[ Basics for Language Engineers ]

|

Part 10

]

-

Evaluating Documents

~
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{ lerm Frequency & Inverse Document Frequency ]

Usually a combination of the term frequency and the inverse document frequency

TEIDF=w, =tf, xidf,

tf. =1+1log,(tr,) and zerowhenlog =0
: N
idf . = log 2(n—) and zero when log =0
ik

tf,. is the term frequency of term i in document k, tr, is the count of term i in document k, idf,,
is the inverse document frequency of term i in document k, N is the total number of
documents in the collection, n;, is the number of occurrence of term i in document k, wy, is
the weight of term i in document k. Logarithm has been used to reduces the difference
between the weight of high and low frequency terms. Logarithm of base 2 is used when
vectors are full of binary TFIDF weights 0 and 1. Logarithm of base 10 is used when vectors
are full of TFIDF weights except binary ones. TFIDF weights values are not normalized.
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{ The Magical Recipe
tf, =1+1log,(tr,) and zero when log = 0
: N
idf ., = log ,(—) and zero when log =0
n.

ik

log, x=1og,, x/log,, 2

Term Count Term frequency
e PR
1
D, | D, | ' D | D,
) N Y Y
1
2 3 ] 2 2.6
I
3 | > 126 3.8
5 1] 3.3 1
./ / rv J /
' I
; I
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[ STATISTICAL ASSOCIATIONS ]

[ Part 1] ]

Association Rules

84



clation

o

Learning Term-Asso

Tl

T2

T3

T4

T5

T6

T7

T8

T9

TI10
T

T12

T13
T4
TI5
TI16
T17
TI8

D7

D6

D5

D4

D3

D2

D1

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10
D11

D12
D13
D14
D15
Di16
D17
D18

17

T6

T5

T4

T3

T2

Tl
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{ Learning 1erm-Association

AR Syntax:
(condition 1) (condition 2) ... (condition n) strength of association
Tm | 2| 3| 1| 15| 16| T7 | T8
1 1 1 1 1 1 1 1
Suppose we quantized the term weights 2 ! 2 ! ! ! 2 2
1 2 3 1 1 1 3 3
2 2 1 2 1 2 4 4
1 1 2 2 1 1 5 5
. . . . 2 1 3 2 1 2 6 6
Drive two association rules with two
o 1 2 1 3 2 2 7 1
Conditions and frequency greater than 0.25.
2 2 2 3 2 2 8 2
1 1 3 3 2 2 9 3
(T1-1) (T6-1) 5/18 -
(T1-2) (T2-1) 5/18
1 2 2 1 2 2 2 5
- 2 2 3 1 2 1 3 6
Question:

: o , . 1 1 1 2 3 1 4 1
Drive association rules with two conditions - ; S N ; ; ; 5
and frequency greater than 0.38. ; 5 ; N ; ; : ;

2 2 1 3 3 1 7 4
1 1 2 3 3 2 8 5
2 1 3 3 3 1 o 6

an




[ Learning 1erm-Association

The strength of an association rule can be
measure by:

® [ cverage

® Coverage

® Support

® Strength

o Lift

1L Calculating I EVERAGE for the rule
(T1=2) (T2=1)

® Number of records = 16

® Records having (T1=2) =8

® Records having (T2=1)=9

® Records having (T1-2) (T2-1)-4

® % of the cover (T1-2) (T2-1)=4/16

® Records expected to be covered by (T1=2)
(T2 =1) if they were independent -
(8%9)/16-4.5

® [everage Count=4.5-4-=0.5

® [ everage Proportion =0.5/16=1/32

T1 [ T2 | T3 | T4 | TS5
1 1 1 1 1
2 1 2 1 1
1 2 3 1 1
2 2 1 2 1
1 1 2 2 1
2 1 3 2 1
1 2 1 3 2
2 2 2 3 2
1 1 3 3 2
2 1 1 1 2
1 2 2 1 2
2 2 3 1 2
1 1 1 2 3
2 1 2 2 3
1 2 3 2 3
2 1 1 3 3




{ Learning 1erm-Association

2 Calculating COVERAGE for the rule

(T1=2) (T2=1)

® The coverage count for all conditions but
the last one (T2-1) = 8
® The coverage proportional = 8/16 = 1/2

3. Calculating SUPPORT for the rule
(T1=2) (T2=1)

® The support count for all conditions = 4
® The support proportional = 4/16 = 1/4

4. Calculating STRENGTH for the rule
(T1=2) (T2=1)

® The strength count for all conditions but
the last one (T2-1) = 8

® The last condition covers 4 out of those 8

® The strength proportional = 4/8 =1/2

1 [ T2 | T3 | T4 | TS5
1 1 1 1 1
2 1 2 1 1
1 2 3 1 1
2 2 1 2 1
1 1 2 2 1
2 1 3 2 1
1 2 1 3 2
2 2 2 3 2
1 1 3 3 2
2 1 1 1 2
1 2 2 1 2
2 2 3 1 2
1 1 1 2 3
2 1 2 2 3
1 2 3 2 3
2 1 1 3 3
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{ Learning 1erm-Association

5. Calculating LIFT for the rule
(T1=2) (T2=1)

® Total number of examples = 16

® Records covered by all conditions but the
last condition (T2-1) = 8

® Records covered by the last condition = 8

® Records covered by all conditions = 4

® Strength=4/8-1/2

® Cover proportion of all conditions but the
last one (T2-1)=8/16=1/2

® LIFT = strength / (cover proportion of all
condition but the last) = (1/2) / (1/2) =1

1 [ T2 | T3 | T4 | TS5
1 1 1 1 1
2 1 2 1 1
1 2 3 1 1
2 2 1 2 1
1 1 2 2 1
2 1 3 2 1
1 2 1 3 2
2 2 2 3 2
1 1 3 3 2
2 1 1 1 2
1 2 2 1 2
2 2 3 1 2
1 1 1 2 3
2 1 2 2 3
1 2 3 2 3
2 1 1 3 3
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The Magnum Opus System

b Magnum Opus - Tutorial. data

File Edit Modes Action Preferences View Help

& | @0 o 1| =l 2]

e Attributes and their
Tutarial.data: 500 cases £ 500 holdout cases & 39 walues 1 f e T ial
values 1or the lutoria
Search faor: izl b airnum nio: i'l a0 b airnm size: 14 d
atabase
Search |:|_I,I:j LEVERAGE _:_! Proportion Count
. M irirnLam Ieverage:’-lﬂ ]-21 47483647 Minirmumm strength: !EI_IJ ® Profitability99: e 3
s DUtZ;INSIGNIFIEﬂ.NT —:1 Minirmum coverage:; JEI.I:I !'I kel ivireiarm fifk: JEI.I:I o 1 a 11 Y .numer}c
= ® Profitability98: numeric 3
Minirumn support: iEI.I:I iEI ™ llse m-estimate

® Spend99: numeric 3

® Spend98: numeric 3

B ® NoVisits99: numeric 3

® NoVisits98: numeric 3

® Dairy: numeric 3

® Deli: numeric 3

® Bakery: numeric 3

= ® Grocery: numeric 3

® SocioEconomicGroup:
categorical

® Promotionl: t, f

® Promotion2: t, f

Walues allowed on LHS: Walues allowed on BHS:

'
i
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Statistical Association

Magnum Opus

DEMO
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DECISION TREES

Part 12

Information Theory
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{ Learning Decision Irees ]

®A Tree is a Directed Acyclic Nodes
Graph (DAG) + each node
has one parent at most Edges/
Vertices
® A Decision Tree is a tree \ \
where nodes associated
with attributes, edges Q Q
associated with attribute Leaves P
values, and leaves
associated with decisions Example:

High Blood Pressure?

High Cholesterol?/ \ Cough?

Heart Problem Stress Cold Normal

93



{ Learning Decision [rees ]

.

Attribute Selection Criteria

Logical Based

Information Based

-

Statistical Based
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{ Information Theory

Example

®12 is quantized into two intervals at 21 (T2¢21) and (T2>21)
@13 is quantized into two intervals at 15 (T3¢15) and (T3>15)

T1 | T2 | T3 | T4 | D
1 25 10 A 1
1 30 30 A 0
1 35 25 B 0
1 22 35 B 0
1 19 10 B 1
2 22 30 A 1
2 33 18 B 1
2 14 5 A 1
2 31 15 B 1
3 21 20 A 0
3 15 10 A 0
3 25 20 B 1
3 18 20 B 1
3 20 36 B 1
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Decision Trees

CS5

DEMO




NEURAL NETWORKS

—

Part I3

How It Works?
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Learning Neural Networks ]

//\

Supervised

/\

Unsupervised

/\

In terms of As Learning In terms of As Learning
Design Algorithm Design Algorithm
The user defines the The data is labeled No. of nodes and levels The data is not labeled.
number of nodes and and both input and in the hidden layer are Only the input records
levels in the hidden output are given to the defined automatically are given to the neural
layer neural network by the algorithm network
Threshold = 0.0
Test Data

A i B i C i Decision

0:0:0

0:0i1

0:1:0

0:1:1 1

1010

1:0:1

1:1:0

Ii1i1
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{ Learning Neural Networks ]

The Sigmoid Function
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Learning Neural Networks

Threshold = 0.0

Test Data

B:C Decision
0:0

01

1 +0

I i1

0:0

0 i1

I :0

I i1
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[ MACHINE TRANSLATION ]

[ Parc 14 ]

4 N

Statistical Machine Translation

S %
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{ Statistical Machine Translation ]

® For cach English sentence “e”, we need the Arabic sentence “a” which
maximize P(a|e)

P(ale)-P(a)*P(e|a)/P(e)

English > Arabic
Document Document

102



[ [Language Model ]

® A statistical language model assigns a probability to a sequence of m
words by means of a probability distribution

® Record every sentence that anyone ever says in Arabic; Suppose you
record a database of one billion utterances; If the sentence “Sellla CaxX”
appears 76,413 times in that database, then we say P(f&lla as) -
76,413/1,000,000,000 = 0.000076413

® One big problem is that many perfectly good sentences will be assigned

a P(e) of zero

Arabic Sentence Probability
Alla e 0.000076413
S A 0.000066392




[ N-Grams ]

® Ann-word substring is called an n-gram
® If n-2, we say bigram. If n=3, we say trigram
® Let P(y | x) be the probability that word y follows word x
P(y | x) = number-of-occurrences(“xy”) / number-of-occurrences(“x”)
P(z | x y) = number-of-occurrences(“xyz") / number-of-
occurrences(“xy”)
> P (4 yall (A alsll cad) = P3| start-of-sentence) *
P2l | cad) * P(N | alsll) * Pasaall | ) *
P(end-of-sentence | 4w _ll)
> P(d el ) A6l ad) = P(ad | start-of-sentence) *
P(s | start-of-sentence ,c23) * P(J | sl cad) *
P(duadl | a4l * P(end-of-sentence | 4s el ¢ ) *
P(end-of-sentence | end-of-sentence i 2.l




{ N-Grams Language Model ]

P(W,,...W, )= H P(W, | W,,...,W._,) zH P(W, [ Wi_(pyseees Wiy
i=1 i=1

count(w. . ..., W.
P(WI |Wi—(n—1)9"°)Wi_1) = ( I (n 1) I)
COUNT(Wi__p)seees Wiy )

Example:

Inabigram (n=2) language model, the approximation looks like

P(l,saw,the,red, house) ~ P(1)P(saw| | )P(the | saw)P(red | the)P(house| red)

Inatrigram (n=3) language model, the approximation looks like

P(l,saw,the,red, house) ~ P(1)P(saw| I )P(the| I,saw)P(red | saw,the)P(house | the, red)




[ Translation Model ]

® P(a | e), the probability of an Arabic string “a” given an English string

“e”. This is called a translation model

® P(a|e) will be amodule in overall English-to-Arabic machine
translation system; When we see an actual English string e, we want
to reason backwards ... What Arabic string a is (1) likely to be uttered,
and (2) likely to subsequently translate to e2 We're looking for the a

that maximizes P(a) * P(e | a)

Arabic Sentence English Sentence P(ale)
A aall ) algll cad The boy went to School 0.0034
a5l Aa sl (lads) Today, the stock market 0.00021

went down




[ Translation Model ]

® For each word a, in an Arabic sentence (i=1...1), we choose a fertility ¢,. The
choice of fertility depends on the Arabic word in question. It is not dependent
on the other Arabic words in the Arabic sentence, or on their fertilities

® Forecach word a,, we generate ¢, English words. The choice of English word
depends on the Arabic word that generates it. It is not dependent on the
Arabic context around the Arabic word. It is not dependent on other English
words that have been generated from this or any other Arabic word

® All those English words are permuted. Each English word is assigned an
absolute target “position slot.” For example, one word may be assigned
position 3, and another word may be assigned position 2 -- the latter word
would then precede the former in the final English sentence. The choice of
position for a English word is dependent solely on the absolute position of the

Arabic word that generates it




STATISTICS

Part 15
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[ Analysis of Variance ANOVA ]

Analysis of Variance (ANOVA)

One-Way Randomized Two-factor
ANOVA Complete ANOVA
Block ANOVA with replication
F-test
F-test
Tukey-
Kramer Fisher’s Least
test Significant
Difference test




[ ONE WAY ANOVA ]

® FEvaluate the difference among the means of three or more populations

® Assumptions
Populations are normally distributed
Populations have equal variances
Samples are randomly and independently drawn

Hy tMy =M, =M = =Wy
H, :Not all y. are the same

All Means are the same:
The Null Hypothesis is True

— e - - = - — —

Mi =H, = Hj
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[ ONE WAY ANOVA ]

Ho Ty = Hy =Hy == 1
H, :Not all y, are the same

At least one mean is different:
The Null Hypothesis is NOT true
(Treatment Effect is present)

VAGNFIVAN

=My = M3 My = My # Mg
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[ Partitioning the Variations ]

SST = SSB + SSW

SST = Total Sum of Squares
SSB = Sum of Squares Between
SSW = Sum of Squares Within

Total Variation = the aggregate dispersion of the individual
data values across the various factor levels (SST)

Between-Sample Variation = dispersion among the factor
sample means (SSB)

Within-Sample Variation = dispersion that exists among
the data values within a particular factor level (SSW)



Partition of Total Variation

Total Variation (SST)

T~

Variation Due to Variation Due to Random
= + -
Factor (SSB) Sampling (SSW)
Commonly referred to as: Commonly referred to as:

Sum of Squares Within

Sum of Squares Error

Sum of Squares Unexplained
Within Groups Variation

Sum of Squares Between
Sum of Squares Among
Sum of Squares Explained
Among Groups Variation
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Where:

SST = Zk:i(xij ~X)?

i=1 j=1

SST = Total sum of squares

K = number of populations (levels or treatments)
n, = sample size from population i

X = j" measurement from population i

X = grand mean (mean of all data values)



TA+Aal \/AaviatiAan
1VLdl vdlidllUl |
(continued)
< \2 < \2 < \2
SST = (X, —X)” + (X, =X)" +... + (X, —X)

— X
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1 1 ¥\

C ~
SJUIIT U

fFCAARiiravrac DAatwarann
| Jbl adlTo DCLVwCCTII

SST =|SSB + SSW

k —
SSB =) ni(X; - X)’
i=1

Where:

SSB = Sum of squares between

kK = number of populations

n, = sample size from population i
= sample mean from population i

Xi
X = grand mean (mean of all data values)



[®)

)
Q)
=5
O

Kk
SSB =) ni(X; - X)’
i=1

Variation Due to
Differences Among Groups

ariation
MSB — SSB
k-1

Mean Square Between =
SSB/degrees of freedom




(continued)

S
3
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SST =SSB + SSW
k n;
SSW=> » (x;-
=l j=I

SSW = Sum of squares within

Where:

kK = number of populations
n, = sample size from population i

X, = sample mean from population i

X; = jth measurement from population i



\Ai+hhinm A
VVILHH—alioupy
K n;
. \ A\ —_— 2
=1  j=I1
Summing the variation within

each group and then adding
over all groups

H;

9]
o

SSW

MSW =

Mean Square Within =
SSW/degrees of freedom




(continued)

S
3

—X,) e (X, =X )’

1 )2 T (X12

— X

SSW = (X,
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Source of SS df MS F ratio
Variation
SSB

Between SSR k-1 MSB =——— _ M_SB
Samples K - MSW

. SSW
ULl SSW N-k  |MSW =
Samples N - K

SST =
Total N-1
otal lssprssw

k = number of populations
N = sum of the sample sizes from all populations

df = degrees of freedom
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Probability

—

Parr 16

Bayesian Networks
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{ Bayesian Networks (Watch Me!) ]
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Conclusion
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