Hidden Markov Model for PoS Tagging
Definition
A Hidden Markov Model (HMM) is a probabilistic sequence model in which the tags are hidden states and the words are observations. The model assumes that each tag depends only on the previous tag (Markov assumption) and each word depends only on its own tag. PoS tagging finds the tag sequence that is most likely to have generated the observed words.
	Goal:  T* = argmax over T of  P(T | W)  =  argmax  P(W | T) × P(T)
Bigram HMM:  P(W | T) × P(T) ≈  ∏ P(wᵢ | tᵢ) × P(tᵢ | tᵢ₋₁)



Architecture (components of the HMM)
	Component
	Meaning in PoS tagging

	States (Q)
	The tags: DT, NN, VB, … (hidden).

	Observations (O)
	The words of the sentence.

	Transition probabilities (A)
	P(tᵢ | tᵢ₋₁) – chance of one tag following another.

	Emission probabilities (B)
	P(wᵢ | tᵢ) – chance a tag produces a given word.

	Initial probabilities (π)
	P(t₁ | <s>) – chance a tag starts a sentence.

	Decoding algorithm
	Viterbi (dynamic programming) finds the best tag sequence.



	Tagged corpus → estimate A, B and π by counting (training)


▼
	Input sentence w₁ … wₙ


▼
	Viterbi decoding: compute best path score for each tag at each position


▼
	Back-trace the best path


▼
	Output tag sequence t₁ … tₙ



Parameter estimation:  P(tᵢ | tᵢ₋₁) = Count(tᵢ₋₁, tᵢ) / Count(tᵢ₋₁)    and    P(wᵢ | tᵢ) = Count(tᵢ, wᵢ) / Count(tᵢ)
Example – Viterbi decoding, step by step
Sentence: “the dog barks”  with tagset {DT, NN, VB}. Probabilities assumed from a training corpus:
Transition probabilities  P(next tag | previous tag)
	From \ To
	DT
	NN
	VB

	<s> (start)
	0.6
	0.3
	0.1

	DT
	0.1
	0.8
	0.1

	NN
	0.2
	0.2
	0.6

	VB
	0.5
	0.3
	0.2



Emission probabilities  P(word | tag)
	Tag
	the
	dog
	barks

	DT
	0.5
	0
	0

	NN
	0
	0.02
	0.002

	VB
	0
	0.0001
	0.01



Step 1: Initialization (word “the”):  v₁(t) = π(t) × P(the | t).
DT: 0.6 × 0.5 = 0.30;   NN: 0.3 × 0 = 0;   VB: 0.1 × 0 = 0.
Step 2: Recursion (word “dog”):  v₂(t) = max over previous tag [ v₁(prev) × P(t | prev) ] × P(dog | t).
NN: 0.30 × 0.8 = 0.24; × 0.02 = 0.0048 (back-pointer: DT).
VB: 0.30 × 0.1 = 0.03; × 0.0001 = 0.000003 (back-pointer: DT).
DT: emission P(dog | DT) = 0 → 0.
Step 3: Recursion (word “barks”):  v₃(t) = max over previous tag [ v₂(prev) × P(t | prev) ] × P(barks | t).
VB: from NN: 0.0048 × 0.6 = 0.00288 (from VB: 0.000003 × 0.2 = 0.0000006) → max 0.00288 × 0.01 = 0.0000288 (back-pointer: NN).
NN: from NN: 0.0048 × 0.2 = 0.00096 → × 0.002 = 0.00000192 (back-pointer: NN).
DT: emission = 0 → 0.
Step 4: Viterbi table (summary):
	Tag
	the
	dog
	barks

	DT
	0.30
	0
	0

	NN
	0
	0.0048
	0.00000192

	VB
	0
	0.000003
	0.0000288



Step 5: Termination and back-trace: best final score is VB (0.0000288) → its back-pointer is NN → whose back-pointer is DT.
Step 6: Output:  the/DT  dog/NN  barks/VB
Advantages and limitations
1. Advantages: simple, well-founded mathematics; efficient (O(N²T) with Viterbi); ≈ 95–97% accuracy; trainable even from untagged text with the Baum-Welch (EM) algorithm.
1. Limitations: only two kinds of information (previous tag, current word); cannot easily use features such as suffixes or capitalization; unknown words are a problem; data sparsity needs smoothing.
Applications
1. Standard PoS taggers (TnT tagger, early Stanford tagger).
1. Speech recognition (HMMs for phonemes), named entity recognition and chunking.
1. Bioinformatics (gene finding, protein families) – the same HMM and Viterbi machinery.
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