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Med 1(21) [3 21el]
Narrow Al ¥i21d1 Weak Al i 212i 8] &?

¥dIGi:

Narrow Al 212l Weak Al 24 specific 244 limited siil H12 ci-Idd artificial intelligence systems .

26id: Narrow Al 4l diaifGisdidii

uiy qgeid

ifid $5d specific sial 412

offgHl sid-[AfRie ge1ad

Geleell Siri, chess programs, recommendation systems
2ilviaidl ulsa Domain Hi pattern recognition

442l 2ls: "Narrow = ssd (Al sial"

yed 1(cl) [4 d1e1]
QaIRid s2i: adilsel, b4, sa2lRo1, viailAviaed [Geduel.

¥dIGi:

26id: Machine Learning l ds-ilsi

dsls @l usiR

adils2el (Classification) Discrete categories/classes predict s2 & Supervised
212l (Regression) Continuous numerical values predict s2 & Supervised
s@22[R51 (Clustering) Similar data points - group 2 © Unsupervised
iiRKivia [Gedvel Variables d22i relationships eliél & Unsupervised

443l gls: "CRCA - Categories, Real numbers, Clusters, Associations"

yed 1(s) [7 1]
*JRi1 2RI Yu 12sid usifRid s2l.
FdIGH:

Biological neuron -1 »ie1 Yu giesi < artificial neural networks A inspire s2 €:

SIRIIRIINH:
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Geleeel

Email spam detection
House price prediction
Customer segmentation

Market basket analysis
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Dendrites Cell Body Axon

| | |

\ A \
[Inputs] --> [Processing] --> [Output]

| | |
Receives Integrates Transmits
signals signals signals

26id: JRi ge2si

€28 skl Al i dusal

Dendrites 1=l neurons @il input signals receive s2 © Input layer/weights

Cell Body (Soma) Signals 4 process i integrate s2 © Activation function

Axon 1=l neurons 4 output signals transmit 52 © Output connections
YU YEI:

\ AEAY

e Dendrites: [d[d& connection strengths 12l input receivers d2ls siH 52 ©

e Cell Body: Inputs 4 sum s2 € 244 threshold function apply s2 &

N

e Axon: Processed signal 4 24121011 neurons &l usiuIs &

43 gls: "DCA - Dendrites Collect, Cell-body Calculates, Axon Announces"

yed 1(s) OR [7 d)ei]
Artificial Neural Network i back propagation ugld 2audi.

¥dIGi:

Back Propagation i supervised learning algorithm £ = gradient descent gi2I error minimize s2l4 multi-
layer neural networks A train s2 9.

saiuIE:

Output Calculate s H Error Calculate H Backward H Gradients Calculate s2i H Weights Update s2i
b“

26id: Back Propagation Steps
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2y ulsal siral

Forward Pass Layer glI layer outputs calculate s2 y = f(Z(wi*xi + b))
Error Calculation Loss function compute s?l E = Y2(target - output)?
Backward Pass Error gradients calculate s 6 = oE/ow

Weight Update Learning rate diuzl4 weights adjust s2i w_new = w_old - n*6

Yu digifCisdiil:

e Gradient Descent: Minimum error 2ligdi Hi2 calculus diu2 &

e Chain Rule: Layers glRI error 4 backward propagate s2

¢ Learning Rate: Weight updates -l speed control 52 &

43 gls: "FEBU - Forward, Error, Backward, Update"

yed 2() [3 dyel]

Machine Learning i Guaiid1Hi daidi siguel vid disfia algorithms -1 [ ci-idi.

¥dIGi:

26id: disf¥ia ML Algorithms

Algorithm usiR

Linear Regression Supervised
Decision Tree Supervised
K-Means Clustering Unsupervised
Support Vector Machine Supervised
Random Forest Supervised

43l gls: "LDKSR - Learn Data, Keep Samples, Run"

yed 2(Gl) [4 d1el]

[Frend [R@eeH @] §? d-l Haieiil 14 applications -l 21€] ci-idl.

¥dIGi:

Application

Continuous values 4 prediction
Classification 4 regression
Data grouping

Margins 12l classification

Ensemble learning

Expert System i Al program < specific domains 4i complex problems solve s2di 412 human expert

knowledge 4 mimic s2 ©.

26id: Expert System Overview
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uiRj [Go1dli

Al Domain-specific expertise 212 Al system

&2si Knowledge base, inference engine, user interface
Applications:

e Medical Diagnosis: 212 identification systems
¢ Financial Planning: Investment advisory systems
e Fault Diagnosis: Equipment troubleshooting
[ \
HAIEIAI
e Limited Domain: ssd specific areas Hi siM s2 ©
e Knowledge Acquisition: Expert knowledge extract s2q yesd

e Maintenance: Rules update 24 modify s2dl yesd

43l gls: "EXPERT - Explains Problems, Executes Rules, Tests"

Med 2(s) [7 3el]
2isd1g23eld 2] 57 Aoy Geleel A1 yHwdi.

FdIGH:

Tokenization 1 text 4 smaller units (tokens) Hi break down s2di-] process © NLP processing Hi2.

26id: Tokenization 41 USIRI

USIR qeid Gelseel

Word Tokenization Words gl2i split 52 & "Hello world" — ["Hello", "world"]

Sentence Tokenization Sentences gl2i split 52 © "Hi. How are you?" — ["Hi.", "How are you?"]
Subword Tokenization Subwords i split 52 © "unhappy" — ["un", "happy"]

Code Gelerel:

import nltk
text = "Natural Language Processing is amazing!"
tokens = nltk.word tokenize(text)

[ [

# Output: [ 'Natural', 'Language', 'Processing', 'is', 'amazing', '!']

Process Flow:
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Raw Text Tokenization Clean Tokens Further

HWI SIRJIEL

e Standardization: Text 4 uniform format i convert s2 €
e Analysis Ready: ML algorithms Hi2 text prepare s2 &

o Feature Extraction: Statistical analysis enable s2 €&

43l Zls: "TOKEN - Text Operations Keep Everything Normalized"

yed 2(4) OR [3 djel]
YURAI3S Vi A4YUAIY3S dl214] Auimeil s2l.

¥dIGi:

26id: Supervised vs Unsupervised Learning

vy Supervised Learning Unsupervised Learning

Training Data Target outputs 18l labeled data Targets [d-1 unlabeled data

agy Specific outcomes predict s2dI Hidden patterns discover s?di

Gelsell Classification, Regression Clustering, Association rules

YRUis Accuracy, precision, recall Silhouette score, elbow method
Applications Email spam, price prediction Customer segmentation, anomaly detection

42 2ls: "SU - Supervised Uses labels, Unsupervised Uncovers patterns"

w2 2(6i) OR [4 del]
SeaI5?, 51941 i H_Y§sARdi Al applications [del eig] 2udl.
SUIGI:

26id: Industry yH1el Al Applications
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Industry Applications SIRJAEI
o ) ) ) ) Improved accuracy, faster
Healthcare Medical imaging, drug discovery, diagnosis
treatment
Finance Fraud detection, algorithmic trading, credit Risk reduction, automated
scoring decisions

Quality control, predictive maintenance,

Manufacturin
8 robotics

Efficiency, cost reduction

Healthcare Gels2eli:

e Medical Imaging: X-rays 24 MRIs Hi Al cancer detect s2 &

e Drug Discovery: Al d] medicine development + accelerate s2 ©
Finance Gele2eli:

¢ Fraud Detection: Real-time transaction monitoring

e Robo-advisors: Automated investment management
Manufacturing Gels2uli:

¢ Quality Control: Automated defect detection

¢ Predictive Maintenance: Equipment failure prediction

443l gls: "HFM - Health, Finance, Manufacturing benefit from Al"

yed 2(s) OR [7 3jel]

NN N

[Ri2(s2s [deduel @f © 14 d dlsdisd [Gedverail 5d] d a2 &?
dIGH:

Syntactic Analysis sentences 41 grammatical structure 4 examine s2 €, %12 Lexical Analysis text 4
meaningful tokens i break s2 ©.

26id: Lexical vs Syntactic Analysis

ulej Lexical Analysis Syntactic Analysis

éq Text 4 words Hi tokenize s=dl Grammatical structure parse s2d

Input Raw text Lexical analysis @il tokens

Output Tokens, part-of-speech tags Parse trees, grammar rules

1| Individual words Sentence structure

Gelseel "The cat runs" — [The, cat, runs] Noun-verb relationship s?.llcqg', parse tree HId €
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Process Flow:

Raw Text Lexical Analysis Tokens > Syntactic Analysis > Parse Tree

A
A

Gereaer:

e Lexical: "She reads books" — ["She", "reads", "books"]

e Syntactic: "She" 4 subject, "reads" 4 verb, "books" 4 object d2ls identify 52 ©
Yy dslddi:

e Scope: Lexical words U2 sIH 52 ©, Syntactic sentence structure u2

e f2ddi: Syntactic analysis lexical s2di dg, complex &

* Dependencies: Syntactic analysis lexical analysis U2 depend s2 &

443 2ls: "LEX-SYN: LEXical extracts, SYNtactic structures"

yed 3(4) [3 2Lel]
vldlsaieild Heildidl [AlGa aiaifGisdiiidl A1€] ciiai.

¥dIGi:

26id: Reactive Machines Al diaif@isdiAi

aigifeisdi deid

sigf 4u3 il Past experiences store s3] 2isd il

dduid-5lad ssd current input - respond s2 ©

[AaifRa Same input 412 same output 14 &
c . . \ . \

si-[dfire Particular functions 412 design s2d

si¢f eiluig il Experience 2l improve s2l 2isdl el

Gelsell:

e Deep Blue: IBM 4 chess computer

e Game Al: Tic-tac-toe programs

43 gls: "REACT - Responds Exactly, Always Consistent Tasks"

yed 3(cl) [4 d1el]

dsidd s2U: ¢SIRIHS HFG|dISeI V/s 4SIRIHS H¥G|dlsel
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¥dIGi:

26id: Positive vs Negative Reinforcement

vy Positive Reinforcement Negative Reinforcement

| Good behavior Hi2 reward add s24 Good behavior Hi2 penalty remove 529

Action s¢s desirable uq sgs undesirable g2 529

(cE-d) Desired behavior increase s29 Desired behavior increase s29

Gelceel Correct answer HI2 treat AIuq Good performance Hi2 extra work €2 s2q
SIRIIRIINH:

Positive Reinforcement: Negative Reinforcement:

Good Behavior Good Behavior

+ +

Add Reward Remove Penalty

Behavior Increases Behavior Increases
YU YEI:

* Gid behavior increase s2  u2d [d[dg mechanisms g2
¢ Positive $¢s pleasant add s2 &

* Negative $g5 unpleasant remove 52 &

4u3l Zls: "PN - Positive adds Nice things, Negative removes Nasty things"

yed 3(s) [7 1]
24-glsail-g-aai sisyi-2 glsul (TF-IDF) word embedding technique (G2l 6igj 24ai.
BUIGI:

TF-IDF ¥ numerical statistic © ¥ documents -1 collection Hi sigf document 412 word s2q important € d
reflect s2 ©.

sirjar:
TF-IDF = TF(t,d) x IDF(t)
i
TF(t,d) = (Document d i term t 52dl di2 241d ®) / (Document d Hi total terms)

IDF(t) = log((Total documents) / (Term t &RIddl documents))

26id: TF-IDF g2si
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ues sirjal &q
Term Frequency (TF) tf(t,d) = count(t,d) / d
Inverse Document Frequency (df(t) = log(N / dft) C\or\pus Hi word importance measure
(IDF) S2 €
tf-idf(t,d) = tf(t,d) x . .
TF-IDF Score Final word importance score

idf(t)

Gelseel Calculation:
e Document: "cat sat on mat"
e Term: "cat"
e TF=1/4=0.25
e i "cat" 10 Hieil 2 documents Hi A1d €: IDF = log(10/2) = 0.699
e TF-IDF=0.25x0.699 =0.175

Applications:
¢ Information Retrieval: Search engines
e Text Mining: Document similarity
e Feature Extraction: ML preprocessing
SIYEL

e Common words 4 low scores 44\ ® (the, and, is)
* Rare uid important words 4 high scores 46 &
* A V4 AABIRS text analysis HI2

43l gls: "TF-IDF - Term Frequency x Inverse Document Frequency

yed 3(4) OR [3 djel]
53] dilR¥s [Rizewi cuvAIRid s2i. d-i v 2si]l ui s2l.

¥dIGi:

Fuzzy Logic Systems uncertainty 44 partial truth handle s2 , completely true 214 completely false 2
values allow s2 9.

26id: Fuzzy Logic g2si
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€28 siRl Gelsel
Fuzzifier Crisp inputs 4 fuzzy sets Hi convert s2 & Temperature 75°F — "Warm" (0.7)
NI IF temp is warm THEN fan is
Rule Base If-then fuzzy rules gr1d © ,
medium
Inference L , . N
] Inputs uR fuzzy rules apply s2 © Multiple rules combine s2 &
Engine
Fuzzy output 4 crisp value Hi convert s2
Defuzzifier S y outp P "Medium speed" — 60% fan speed
Yy digifCisdiil:
e Membership Functions: Belonging -il degree (0 &/l 1)
e Linguistic Variables: Human-like terms (hot, cold, warm)
* Fuzzy Rules: Fuzzy conditions 12 IF-THEN statements
443l gls: "FRID - Fuzzifier, Rules, Inference, Defuzzifier"
y2d 3(cl) OR [4 d[el]
Hwoydlseel fRigieldl ei2si aumdi: +lld, yzasi? 2isd, Y sii, Hisd
%dIGI:
26id: Reinforcement Learning €2si
g2s ST &g
Policy (-ilfd) Actions select s2di-l strategy Agent 41 behavior 4 define s2 ©
Reward Signal (Y22sIR <
aida) gnal (4 Environment dzseil feedback Good/bad actions indicate s2 &
Value Function (§&I s12l) Expected future rewards Long-term benefit estimate s2 &
- Environment 4 agent Next state 44 reward predict 2
Model (Hisd) . 3
representation €

[Gardarz 2u%dl:
Policy (m):

e Deterministic: ri(s) = a (¥is state Hi2 24s action)

e Stochastic: mi(a|s) = state s Hi action a -l probability
Reward Signal (R):

e Environment d2s2l immediate feedback
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e Good actions Hi2 positive, bad actions 412 negative
Value Function (V):

e State Value: V/(s) = state s @il expected return

e Action Value: Q(s,a) = state s Hi action a @il expected return

Model:

e Transition Model: P(s'|s,a) = next state -l probability

e Reward Model: R(s,a,s') = expected reward

43l Zls: "PRVM - Policy chooses, Reward judges, Value estimates, Model predicts"

yed 3(s) OR [7 3jel]

dslad s2i: AAigfd-u11a1Rd v/s A1Pnél-2A141Rd word embedding ds-ilsi.

¥dIGi:

26id: Frequency-based vs Prediction-based Word Embeddings

vy Frequency-based
Approach Count-based statistics
Gelsell TF-IDF, Co-occurrence Matrix
Computation Matrix factorization

Context Global statistics

Scalability Matrix size glI limited
Quality Basic semantic relationships

Frequency-based Methods:

e TF-IDF: Term frequency x Inverse document frequency
e Co-occurrence Matrix: Word pair frequency counts

e LSA: SVD giu2ld Latent Semantic Analysis
Prediction-based Methods:

e Word2Vec: Skip-gram 44 CBOW models
¢ GloVe: Global Vectors for Word Representation

e FastText: Subword information inclusion

Code Comparison:

No. 11/ 25
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# Frequency-based (TF-IDF)
from sklearn.feature extraction.text import TfidfVectorizer
vectorizer = TfidfVectorizer()

tfidf matrix = vectorizer.fit transform(documents)

# Prediction-based (Word2Vec)
from gensim.models import Word2Vec

model = Word2Vec(sentences, vector size=100, window=5)

SIYEL:
Frequency-based:

* AR\ i interpretable
e Small datasets Hi2 33sul computation

e Basic similarity tasks 12 13
Prediction-based:

e Dense vector representations
e Giéd? semantic relationships

¢ Large vocabularies 412 scalable

443 gls: "FP - Frequency counts, Prediction learns"

yed 4(1) [3 dgel]
uldlsaieila Heaild-l yua aialeisdiii-l A1€l ciidi.

¥dIGi:

26id: Reactive Machine yu digif@isdii

diaifGisdi geid

Stateless Past interactions -l sigf memory -l

Reactive $Sd current inputs 4 respond s2 £

Deterministic Same inputs 12 consistent outputs

Specialized Specific tasks 112 designed

Real-time Stimuli 4 immediate response
Gelerell:

e Deep Blue: Chess-playing computer

e Google AlphaGo: Go-playing system (early version)
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442l 2ls: "SRDSR - Stateless, Reactive, Deterministic, Specialized, Real-time"

yed 4(6l) [4 d1el]
[Gfde yd-yidifRa1 dslsi] 4Rl cididl. duiail siguer visd python code ds 2ual.

¥dIGi:

26id: Text Pre-processing ds-lsi

ds-ls éq Gelezel

Tokenization Text 4 words Hi split s24 "Hello world" — ["Hello", "world"]
Stop Word Removal Common words remove s2d| "the", "and", "is" remove s2d|
Stemming Words 4 root form Hi reduce s2di "running" — "run"
Lemmatization Dictionary form Hi convert s2dl "better" — "good"

Stemming 4%dl:
Stemming suffixes remove s2l4 words 4 root form Hi reduce s2 ©.

Stemming 12 Python Code:

import nltk
from nltk.stem import PorterStemmer

# Stemmer initialize S?I

stemmer = PorterStemmer ()

# Example words

words = ["running", "flies", "dogs", "churches", "studying"]

# Stemming apply S2l

stemmed words = [stemmer.stem(word) for word in words]
print(stemmed words)

# Output: ['run', 'fli', 'dog', 'church', 'studi']

Stemming Al SIAEI:

e ML models 412 vocabulary size reduce s2 ©

NN

e Related words - together group s2 ®

e Text analysis efficiency improve s ®

43l gls: "TSSL - Tokenize, Stop-words, Stem, Lemmatize"

ved 4(s) [7 ye]
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Word2vec ds-ls4 [Ga1ddi usifeid s2i.

¥dIGi:

Word2Vec i neural network-based ds-ls € % context predict s2l4 words I dense vector representations

2ilui €,

26id: Word2Vec Architectures

Architecture Approach Input
Skip-gram Center word @il context predict s2 Center word
CBOW Context @il center word predict s2 & Context words

Skip-gram Model:

Output
Context words

Center word

Input: Center Word Hidden Output: Context Softmax

Probability

Training Process:

1. Sliding Window: Text u2 window move 2
2. Word Pairs: (center, context) pairs 6i-1di
3. Neural Network: Context predict s2di HI2 train s2i
4. Weight Matrix: Word vectors extract s?
Yy digifEisdiil:

Vector Size: 2141 2ld 100-300 dimensions

Window Size: Context range (24141 2ld 5-10 words)
¢ Negative Sampling: Efficient training method

Hierarchical Softmax: Softmax i alternative

Mathematical Concept:

Objective = max X log P(context|center)
*| P(context|center) = exp(v_context - v _center) / ¥ exp(v_w * V_center)
Applications:

e Similarity: Similar words elieid]
¢ Analogies: King - Man + Woman = Queen
e Clustering: Semantic categories group s2dl

e Feature Engineering: ML input features
SIJAEI:

¢ Dense Representations: Rich semantic information
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e Semantic Relationships: Word meanings capture s2 ©

e Arithmetic Properties: Vector operations make sense

q4432l 2ls: "W2V - Words to Vectors via neural networks"

yed 4(1) OR [3 de]

durd ddde widilda14] siguel ulk applications -l A1€] Gidial. 2uiM 2ligd [GarddiR audi.
SdIGH:

26id: NLP Applications

Application qeid

Spam Detection Unwanted emails identify s24di
Sentiment Analysis Emotional tone determine s2d|
Machine Translation Languages d2 translate s2dl
Chatbots Automated conversation systems

Spam Detection [do1dl:
Process:

1. Feature Extraction: Email text 4 numerical features Hi convert s
2. Classification: ML algorithms diuzlA classify s2i
3. Decision: Spam 12id| legitimate d?ls mark sz2l
quiRidi Features:
e Word Frequency: Spam keywords count
e Email Headers: Sender information
e URL Analysis: Suspicious links

e Text Patterns: ALL CAPS, excessive punctuation

Machine Learning Approach:
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# Simplified spam detection
from sklearn.feature extraction.text import TfidfVectorizer

from sklearn.naive bayes import MultinomialNB

# Emails 4 features Hi convert S2i
vectorizer = TfidfVectorizer()

X = vectorizer.fit_ transform(email_texts)
# Classifier train S

classifier = MultinomialNB()

classifier.fit (X, labels) # labels: 0=legitimate, l=spam

43l gls: "SMTP - Spam, Machine Translation, Sentiment, Phishing detection"

yed 4(cl) OR [4 OiL’I]
UdA isdd d4 cadellRs [Gedvel [Gei a4,
SdIGI:

26id: Discourse Integration vs Pragmatic Analysis

vy Discourse Integration Pragmatic Analysis

€211 Text coherence 44 structure Context 44 intention

ifid Multiple sentences/paragraphs Speaker i intended meaning
e12si Anaphora, cataphora, connectives Implicature, speech acts

|qgA Text flow understand s2q Real meaning understand s29

Discourse Integration:

¢ Anaphora Resolution: "John went to store. He bought milk." (He = John)
e Cataphora: "Before he left, John locked the door."
e Coherence: Sentences 42 logical flow

e Cohesion: Grammatical connections
Pragmatic Analysis:

e Speech Acts: Commands, requests, promises
e Implicature: Literal s2di implied meanings
e Context Dependency: Same words, different meanings

* Intention Recognition: Speaker ui2uiR 2] mean s2 &
Gelsrell:

Discourse Integration:
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Text: "Mary owns a car. The vehicle is red."

Resolution: "vehicle"

Pragmatic Analysis:

refers to "car

Statement: "Can you pass the salt?"

Literal: Ability (Gei question

Pragmatic: Salt pass s request

4u2l Zls: "DP - Discourse connects, Pragmatics interprets context"

yed 4(s) OR [7 d)ei]

6ol Jig a$a word embedding technique [dei [Go1ddiR ui s2i.

¥dIGI:

Bag of Words (BoW) i simple text representation method € % documents - unordered collections of

words dz2l$ treat s2 ©.

26id: BoW Process
Y
Vocabulary Creation

Vector Creation

Document Representation

GelsRel:

Documents:

1. "The cat sat on the mat"

2. "The dog ran in the park"

Vocabulary: [the, cat,

Document Vectors:
Docl: [2, 1, 1, 1,
Doc2: [2, 0, 0, O,

Python Implementation:

(3
qeid
G181l unique words collect s?l
Word occurrences count s

€25 document vector Gi4 €

sat, on, mat, dog, ran, in, park]

No. 17/ 25
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from sklearn.feature extraction.text import CountVectorizer

documents = [
"The cat sat on the mat",

"The dog ran in the park"

vectorizer = CountVectorizer()
bow _matrix = vectorizer.fit transform(documents)

vocab = vectorizer.get feature names out()

print ("Vocabulary:", vocab)
print("BoW Matrix:", bow matrix.toarray())
SIRJEI

e ARudl: Understand 214 implement 5241 H12 420
e Interpretability: Clear word-count relationship

o URSIRSI: HLII tasks HIZ A1 SM S
JIRSIYAEL:
 sig Word Order 2il: "cat sat mat" = "mat sat cat"
e Sparse Vectors: Large vocabularies Hi gell zeros
e sig Semantics 2il: Word meanings -l sig understanding eil
e High Dimensionality: Vocabulary size ¢l scales
[AfGadii:

e Binary BoW: Word present ¢l di 1, absent ¢iai di 0
e TF-IDF BoW: Term frequency x Inverse document frequency
e N-gram BoW: Word sequences consider s2 &
Applications:
e Document Classification: Spam detection
¢ Information Retrieval: Search engines

¢ Text Clustering: Similar documents group s2dl

e Feature Engineering: ML models Hi2 input

4u3l Zls: "BOW - Bag Of Words counts occurrences”

yed 5(1) [3 21el]
J2d d2dsHi alsasel sl oifiisi 2j &7

¥dIGi:
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26id: Activation Function ¢jfsisiil

ojfsisi geid
[Gi4-2viladi (Non-linearity) Complex patterns eiludi4 enable s2 ©
HIGay2 [=ixel Neuron firing threshold determine s2 &
Gradient Flow Backpropagation efficiency 4 affect s2 ©
% W€l Output values 4 bounds 2 &

Yy siAI:

 Decision Making: Neuron activate &di g1 § 4é]
e Pattern Recognition: Complex decision boundaries enable s2 &

e Signal Processing: Weighted inputs 4 transform s2 &
¥4I Activation Functions:

e ReLU: f(x) = max(0, X) - 120 444 efficient
e Sigmoid: f(x) = 1/(1 + e~-x) - Smooth probability output

-X)/(e

e Tanh: f(x) =(ex -e X + eN-X) - Zero-centered

43 gls: "NOGL - Non-linearity, Output control, Gradient flow, Limiting range"

yed 5(6i) [4 dfel]
*J2d d2dS1 AIlS2sUd [GaIddIR geid s2l.

¥dIGi:

26id: Neural Network Architecture g2si

c

€2s SI Gelezel

Input Layer Input data receive s2 © Features/pixels

Hidden Layers Information process s2 & Pattern recognition
Output Layer Final result produce s2 © Classification/prediction
Connections Layers d2 neurons 4 link s2 & Weighted edges

Architecture SIJI2AIH:
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Input Hidden Layer 1 Hidden Layer 2 Output Layer

/\

H1

X1

| 4

Y1

4

X2

Layer [doidl:
¢ Input Layer: Neurons -l 2iua| = features -l 2ivl
e Hidden Layers: Variable neurons, complexity 412 multiple layers
e Output Layer: Neurons -l 2iual = classes/outputs -l 2iuj|
Information Flow:

1. Forward Pass: Input — Hidden — Output
2. Weighted Sum: 2(wi x xi + bias)
3. Activation: Activation function apply s?i

4. Output: Final prediction/classification

"4zl gls: "IHOC - Input, Hidden, Output, Connections"

wed 5(s) [7 2yel]
dud Q4% WiAR[21HI AHudI4I USIRi] AIE] GiIdi A4 AHAd].
SdIG:

Ambiguity NLP Hi a2 213 £ 12 text 41 multiple possible interpretations ¢l €, % automatic understanding
4 challenging 6i1d .

26id: NLP Ambiguities 1 usI?i
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USIR Il Gelcel Gsd

Lexical Word I multiple meanings "Bank" (river/financial) Context analysis
Syntactic Multiple parse structures "l saw her duck" Grammar rules
Semantic Multiple sentence meanings "Visiting relatives can be boring" Semantic analysis
Pragmatic Context-dependent meaning "Can you pass salt?" Intent recognition
Referential Unclear pronoun reference "John told Bill he was late" Anaphora resolution

[GordaiR auydli:
Lexical Ambiguity:
e Homonyms: Same spelling, different meanings

e GeleRel: "l went to the bank" (financial institution vs. river bank)
e G5d: Context diuzld word sense disambiguation
Syntactic Ambiguity:
e Multiple Parse Trees: Same sentence, different structures
e GelsRel: "l saw the man with the telescope”

\

o ¥ telescope diu2ld man il

o ¥ telescope dinl man A il
o Gsd: Statistical parsing, grammar preferences
Semantic Ambiguity:
e Multiple Interpretations: Same structure, different meanings
e GelsRel: "Visiting relatives can be boring"
o Relatives A visit s2d1 ¥q boring &
o Visit s2dl AHigdl relatives boring &
e G5d: Semantic role labeling
Pragmatic Ambiguity:
e Context-dependent: Situation U2 meaning depend s2 &
e Gels20l: "It's cold here" (statement vs. window 6i¢l 524l request)
e Gsd: Dialogue systems, context modeling
Referential Ambiguity:
e Unclear References: Multiple possible antecedents el pronouns
e Gels20l: "John told Bill that he was promoted” (si4 promotion Hui1?)

e G5d: Coreference resolution algorithms
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Resolution Strategies:

Context

\ 4

Statistical Models Clear Interpretation

Disambiguation

A
A

Ambiguous Text

Knowledge

NLP Systems u? Impact:

e Machine Translation: uii2l word choices
e Information Retrieval: Irrelevant results
e Question Answering: Incorrect responses

e Chatbots: Misunderstood queries

43 gls: "LSSPR - Lexical, Syntactic, Semantic, Pragmatic, Referential"

Wed 5(1) OR [3 yei]
J2d 42dsHi Gulaii ddidi S2dis disfia alSuasel siidl 41Hid] & cidial.

¥dIGi:

26id: disfia Activation Functions

Function siRrid Range quziel

ReLU f(x) = max(0, x) [0, ) Hidden layers

Sigmoid f(x) = 1/(1 + eN-x) 0, 1 Binary classification
Tanh f(x) = (eMx - eXV(ex + enx) -1, 1 Hidden layers

Softmax f(xi) = eAxi / ZeNx] 0, 1) Multi-class output
Leaky RelLU f(x) = max(0.01x, x) (o0, o) Dead neurons solve s24|

disfia Functions:

e ReLU: Hidden layers Hi 22/l agf guzig
e Sigmoid: Binary problems Hi2 traditional choice

¢ Tanh: Sigmoid i zero-centered alternative
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e Softmax: Multi-class classification 412 standard

43 gls: "RSTSL - ReLU, Sigmoid, Tanh, Softmax, Leaky ReLU"

yed 5(ci) OR [4 d)el]
sliM =prd d2asHi eilvididl ulEal audl.

¥dIGi:

Learning Process neural networks Hi iterative training gl21 error minimize s2di Hi2 weights 214 biases A

adjust sqi-] ¥MId2l 52 .

26id: Learning Process Steps

24 ulsal

Initialize Random weights
Forward Pass Output calculate s
Calculate Error Target alei compare s2l
Backward Pass Gradients calculate sz
Update Weights Parameters adjust s2i
Repeat Process iterate s?i

Learning Algorithm Flow:

qeid

Small random values 12 start s?i
Network gl2l input propagate s2i
Loss function diuzi
Backpropagation diugl

Gradient descent apply s2i

Convergence ¢l

Loss Calculate —

Backward

——»  Weights Update s2i

Weights Initialize H Forward Pass

S| Training

Converged?

Mathematical Foundation:

e Loss Function: L = ;(target - output)?
e Gradient: oL/ow = error x input
e Weight Update: w_new = w_old - n x gradient

e Learning Rate: n update step size control s2 &

Learning 1 UsIRl:

Supervised: Labeled examples il 2iluiq

Batch Learning: cigl samples uss] update

Online Learning: 2s sample ussl update

Mini-batch: Small batches ussl update
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Yy [Genig-iii:
e Epoch: Training data g2l 24s complete pass
 Convergence: S3I2 error g2diq Gigl 21
e Overfitting: Training data memorize s2q

e Regularization: Overfitting prevent s2di-] techniques

43 gls: "IFCBU - Initialize, Forward, Calculate, Backward, Update"

yad 5(s) OR [7 ]el]

du2d dode WiAlAd141 [Alde siugl w14 digiaucl-] A1€] Giidl.
SdIGI:

26id: NLP SI>4El 244 IRSIJUEI

SIAEI SlRSIAEI
2qIfdd 2522 [Gedyel sHauwedl &-s(@d
@INl UdIE dicef 4%
HIdd-s1y22 [Samldls dieglds yaraidi
Hifed] [Fesier sinzjzeldd ¥l2ddl
clld41 [Gedvel S21 vH1gAUSdIAI
([dorddlR sIAEl
([Gixsd sIAEl:

e s2HR Adl: Automated chatbots 24 support
e s2-2 [dedwer: Social media monitoring

o sisy-2 Midifa1: Automated summarization
o Y Vi~slAH-2: ciddz information retrieval

dsls] siuel:

e Scalability: Hi2I text volumes process s3] 25 ©
* YidIddl: Documents Uz uniform analysis

e 3su: Human text processing s2di dgj 23sul

* Integration: Existing systems 12l SIM S2 &

[do1ddlR diRSIAEL:

ds-lsl ussi?i:
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e Hywdl: Text 41 multiple interpretations

e Context Dependency: Situation 12l meaning Gie@Id &

 Sarcasm/Irony: Automatically detect 529 yesd

e Domain Specificity: -d1 domains Hi2 models  retraining %3zl
Raiaf sig2asdiIii:

e Hi2I Datasets: diuil text samples %32
o sing22l4d uld2: Complex models 4 GPUs %33
o JisAu Hid%s: Linguistics »i4 ML expertise %33

e Maintenance: Models 4 [{a¥d updates %33

speigdid] AH_AIAI:
o Aisang HAleAil: 100% accurate il
e Bias aMAI¥I: Training data biases reflect 52 ©
* eIl AR S2cls languages HI2 dg A1 S S2 O

e Error Propagation: Pipelines Hi mistakes compound &1 €

Applications vs Challenges:

NLP Applications NLP

— D — i

Machine Sentiment Information Extraction Ambiguity Context Understanding Cultural Nuances

clldsa1 yeRiAl:
e Giéd? Context Models: Transformer architectures
e Multilingual Support: Cross-language understanding
* Few-shot Learning: il data requirements

e Explainable Al: Model decisions 4l understanding

43 gls: "ALICE vs ACHDR - Automated, Language, Interaction, Content, Extraction vs Ambiguity, Context,
Human-nuances, Data, Resources"
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