
POS Tagging and Syntactic Analysis

This document discusses the foundational concepts of Part-of-Speech (POS) tagging and
syntactic analysis in Natural Language Processing (NLP). It highlights their differences,
showcases examples, and elaborates on the methods used for POS tagging.

Key Differences Between POS Tagging and Parsing

POS Tagging focuses on assigning grammatical categories (e.g., noun, verb, adjective) to
individual words in a sentence. In contrast, parsing examines the grammatical structure of
the entire sentence, uncovering relationships between words.

Aspect-Based Comparison

1. Definition: POS tagging labels each word with its grammatical category, such as
‘NN‘ (noun) or ‘VB‘ (verb). Parsing, however, builds hierarchical structures (e.g.,
parse trees) to represent the syntactic relationships between words.

2. Focus: POS tagging operates at the word level, while parsing is concerned with
sentence-level relationships and structures.

3. Output:

� POS Tagging: Example — ("The", "DT"), ("cat", "NN"), ("sits", "VBZ").

� Parsing: Example — A parse tree showing the sentence structure:

S → NP V P, where NP → DT NN and V P → V BZ.

4. Granularity: POS tagging assigns tags to individual words, while parsing captures
broader syntactic relationships (e.g., subject-verb-object).

5. Techniques:

� POS Tagging: Rule-based systems, statistical models (e.g., HMM, CRF), neural
networks (e.g., LSTM, BERT).

� Parsing: Constituency parsing, dependency parsing, neural parsing models.

POS Tagging

Overview

POS tagging assigns a grammatical label to each word in a sentence. These tags are essential
for many NLP tasks, such as named entity recognition (NER), sentiment analysis, and
syntactic parsing.
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Examples of Common POS Tags

- NN: Noun (e.g., ”cat,” ”house”). - VB: Verb (e.g., ”run,” ”sit”). - JJ: Adjective (e.g.,
”quick,” ”lazy”). - DT: Determiner (e.g., ”the,” ”a”). - RB: Adverb (e.g., ”quickly,”
”never”).

Methods of POS Tagging

1. Rule-Based Tagging: - Utilizes handcrafted rules to assign tags based on word
morphology and context. - Example Rule: If a word ends in ”ing” and follows a
determiner (‘DT‘), it is likely a gerund (‘VBG‘). - Strengths: Simple, interpretable.
- Weaknesses: Struggles with unseen words and ambiguous cases.

2. Statistical Models: - Hidden Markov Models (HMMs): Assign tags based on prob-
abilities of tag sequences and word-tag pairs. - Conditional Random Fields (CRFs):
Improve upon HMMs by considering context and word dependencies. - Strengths:
Handles ambiguity better than rule-based approaches. - Weaknesses: Requires large
labeled datasets.

3. Neural Network Models: - Leverage word embeddings and deep architectures (e.g.,
RNN, LSTM, Transformers). - Example: BERT dynamically assigns tags using con-
textual embeddings. - Strengths: Captures long-range dependencies and dynamic
context. - Weaknesses: Computationally intensive and requires significant training
data.

Syntactic Analysis

Overview

Syntactic analysis focuses on understanding the grammatical structure of a sentence. It
provides deeper insights into word relationships, such as subject-verb-object pairs.

Key Techniques

1. **Constituency Parsing:** - Divides a sentence into nested phrases, such as noun phrases
(NP) and verb phrases (VP). - Example: S � NP VP. 2. **Dependency Parsing:** - Ana-
lyzes relationships between words (e.g., ”The dog sleeps” � sleeps � dog). 3. **Neural
Parsing:** - Uses transformer-based models to predict syntactic structures with high accu-
racy.

Applications

- Machine translation. - Information extraction. - Question answering.
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Expanded Examples

POS Tagging with NLTK

import nltk

nltk.download(’punkt’)

nltk.download(’averaged_perceptron_tagger’)

sentence = "The quick brown fox jumps over the lazy dog."

tokens = nltk.word_tokenize(sentence)

pos_tags = nltk.pos_tag(tokens)

print(pos_tags)

# Output: [(’The’, ’DT’), (’quick’, ’JJ’), (’brown’, ’JJ’), (’fox’, ’NN’),

# (’jumps’, ’VBZ’), (’over’, ’IN’), (’the’, ’DT’), (’lazy’, ’JJ’),

# (’dog’, ’NN’)]

Parsing with SpaCy

import spacy

from spacy import displacy

nlp = spacy.load("en_core_web_sm")

doc = nlp("The quick brown fox jumps over the lazy dog.")

displacy.render(doc, style="dep", jupyter=True)

Conclusion

POS tagging and syntactic analysis are foundational NLP tasks. While POS tagging iden-
tifies word roles, parsing uncovers sentence structure, enabling more advanced applications.
Modern neural methods like BERT have elevated their performance, making these techniques
integral to NLP systems.

Mathematical Explanation: Hidden Markov Models and

BERT for POS Tagging

Hidden Markov Models (HMMs) for POS Tagging

The Hidden Markov Model (HMM) is a probabilistic model used for sequence labeling tasks
such as POS tagging. An HMM assumes:

1. The sequence of tags Y = (y1, y2, . . . , yT ) is a Markov process.

2. The observed words X = (x1, x2, . . . , xT ) depend only on the current tag.
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Components of an HMM

� Q = {q1, q2, . . . , qN}: Set of hidden states (POS tags).

� V = {v1, v2, . . . , vM}: Vocabulary (words in the corpus).

� Transition probabilities: A = {aij}, where aij = P (yt+1 = qj | yt = qi).

� Emission probabilities: B = {bj(k)}, where bj(k) = P (xt = vk | yt = qj).

� Initial probabilities: π = {πi}, where πi = P (y1 = qi).

Goal

Given an observed sequence X = (x1, x2, . . . , xT ), find the most likely sequence of tags:

Y ∗ = argmax
Y

P (Y | X).

Using Bayes’ Rule and the Markov assumption:

P (Y | X) ∝ P (X | Y )P (Y ),

where:

P (X | Y ) =
T∏︂
t=1

byt(xt), P (Y ) = πy1

T∏︂
t=2

ayt−1,yt .

The Viterbi algorithm is typically used to efficiently compute Y ∗.

Unicode Normalization

Definition

Unicode normalization is a process used to standardize Unicode strings into a consistent
format. This ensures that visually identical characters with different underlying byte repre-
sentations are treated uniformly, which is critical for tasks such as parsing, searching, and
comparing text.

Purpose in Parsing Non-Textual Symbols

- Unicode normalization is particularly useful when dealing with non-textual symbols such
as emojis and graphical characters. - Emojis and symbols might have multiple valid repre-
sentations in Unicode (e.g., composed versus decomposed forms). Normalization converts
them into a consistent form for processing.
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Normalization Forms

There are four primary forms of Unicode normalization, each serving specific needs:

1. NFC (Normalization Form C): Canonical Composition

� Combines characters into their composed form.

� Example: "é" (single character) remains as is, but "e + ´" (two characters) is
combined into "é".

2. NFD (Normalization Form D): Canonical Decomposition

� Splits composed characters into their decomposed form.

� Example: "é" is split into "e + ´".

3. NFKC (Compatibility Composition): Canonical Composition + Compatibility
Mapping

� Similar to NFC but also applies compatibility mappings (e.g., superscripts are
replaced with normal forms).

� Example: "½" (single character) becomes "1/2".

4. NFKD (Compatibility Decomposition): Canonical Decomposition + Compati-
bility Mapping

� Similar to NFD but includes compatibility mappings.

� Example: Fancy ”E” becomes "E".

Example: Parsing Emojis and Symbols

import unicodedata

# Original string with mixed forms

text = "e\u0301 is equivalent to é, and \ufe0f is ."

# Normalize to NFC

normalized_text = unicodedata.normalize(’NFC’, text)

print("Normalized Text:", normalized_text)

# Output: "é is equivalent to é, and is ."

Applications in NLP

� Parsing Emojis: Emojis often have multiple representations (e.g., "" versus "0f").
Normalization ensures consistency.

� Search and Matching: Enables accurate searching and matching of characters.
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� Data Cleaning: Ensures uniformity in textual data, which is essential for downstream
NLP tasks.

By applying Unicode normalization, non-textual symbols such as emojis and graphical
characters can be parsed and processed effectively, leading to more robust and accurate text
analysis.
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