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Levels of Linguistic Knowledge

**we can go up, down and up and 

down and combine steps too!!

**every step is equally complex



Orthography



Morphology

Suffix, prefix, infix (tmesis), circumfix

arundhati “leftist” roy, fan-frickin'-tastic,

छुड़ाय़ा chuRAyA → छुडव़ाय़ा chhurwAyA



The Challenge of Words

▪ Segmenting text into words 

▪ Thai example

▪ Morphological variation 

▪ Turkish and Hebrew examples

▪ Words with multiple meanings: 

▪ bank, mean

▪ Domain-specific meanings: 

▪ latex, sport, etc.

▪ Multiword expressions:

▪ make a decision, take out, make up



POS Tagging



Morphology+Syntax

A ship-shipping ship, shipping shipping-ships.



Constituency Parsing
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Dependency Parsing

They hid the letter on the shelf



Dependency Relations



Semantics

▪ Lexical Semantics

▪ Meanings of words

▪ Distributional similarity

▪ Frame semantics

▪ (shallow semantics)

▪ Sentential semantics

▪ (full semantics)



Lexical Semantics
▪ Synonym

▪ start-begin, bodoh-dungu, next to-near

▪ Antonym

▪ clever x stupid, high x low, big x small, etc.

▪ Homonym

▪ identical in spelling and pronounciation

▪ bear, bank, …

▪ Homophones

▪ sounds identical but are written differently

▪ site-sight, piece-peace.

▪ Homograph

▪ written identically but sound differently

▪ lead, wind, minute

▪ Polysemy

▪ a word which has two (or more) related meanings
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Semantic Role Labeling: Adding 
Semantics into Trees



Core Arguments

▪ Arg0 = agent

▪ Arg1 = direct object / theme / patient

▪ Arg2 = indirect object / benefactive / 

instrument / attribute / end state

▪ Arg3 = start point / benefactive / 

instrument / attribute

▪ Arg4 = end point



Full Sentential Semantics

▪ Formal/Logical Semantics

▪ All man are mortal

▪ India borders a country that borders 

Afghanistan.



Information Extraction

▪ Unstructured text to database entries

▪ SOTA: perhaps 80% accuracy for pre-defined tables, 90%+ for 
single easy fields

▪ But remember: information is redundant!

New York Times Co. named Russell T. Lewis, 45, president and general 

manager of its flagship New York Times newspaper, responsible for all 

business-side activities. He was executive vice president and deputy 

general manager. He succeeds Lance R. Primis, who in September was 

named president and chief operating officer of the parent. 

startpresident and CEONew York Times Co.Lance R. Primis

endexecutive vice 

president

New York Times 

newspaper

Russell T. Lewis

startpresident and general 

manager

New York Times 

newspaper

Russell T. Lewis

StatePostCompanyPerson



KB Slots
Person Organization

per:alternate_names per:title org:alternate_names

per:date_of_birth per:member_of org:political/religious_affiliation

per:age per:employee_of org:top_members/employees

per:country_of_birth per:religion org:number_of_employees/members

per:stateorprovince_of_birth per:spouse org:members

per:city_of_birth per:children org:member_of

per:origin per:parents org:subsidiaries

per:date_of_death per:siblings org:parents

per:country_of_death per:other_family org:founded_by

per:stateorprovince_of_death per:charges org:founded

per:city_of_death org:dissolved

per:cause_of_death org:country_of_headquarters

per:countries_of_residence org:stateorprovince_of_headquarters 

per:stateorprovinces_of_residence org:city_of_headquarters

per:cities_of_residence org:shareholders

per:schools_attended org:website



Query = “James Parsons”

NIL

Knowledge Base Linking 

(Wikification)



Google Knowledge Graph (2012)



QA / NL Interaction

▪ Question Answering:
▪ More than search

▪ Can be really easy: 
“What’s the capital of 
Wyoming?”

▪ Can be harder: “How 
many US states’ capitals 
are also their largest 
cities?”

▪ Can be open ended: 
“What are the main 
issues in the global 
warming debate?”

▪ Natural Language 
Interaction:
▪ Understand requests and 

act on them

▪ “Make me a reservation 
for two at Quinn’s tonight’’







US Cities: Its largest 

airport is named for a 

World War II hero; its 

second largest, for a 

World War II battle.

http://www.youtube.com/

watch?v=qpKoIfTukrA 

Jeopardy! World Champion

http://www.youtube.com/watch?v=qpKoIfTukrA
http://www.youtube.com/watch?v=qpKoIfTukrA


Coreference

▪ But the little prince could not restrain admiration: 

▪ "Oh! How beautiful you are!" 

▪ "Am I not?" the flower responded, sweetly. "And I was born 
at the same moment as the sun . . ." 

▪ The little prince could guess easily enough that she was not 
any too modest--but how moving--and exciting--she was! 

▪ "I think it is time for breakfast," she added an instant later. 
"If you would have the kindness to think of my needs--" 

▪ And the little prince, completely abashed, went to look for a 
sprinkling-can of fresh water. So, he tended the flower.



Summarization

▪ Condensing 

documents

▪ Single or 

multiple docs

▪ Extractive or 

synthetic

▪ Aggregative or 

representative

▪ Very context-

dependent!

▪ An example of 

analysis with 

generation



Machine Translation

▪ Translate text from one language to another

▪ Recombines fragments of example translations

▪ Challenges:

▪ What fragments?  [learning to translate]

▪ How to make efficient?  [fast translation search]

▪ Fluency vs fidelity 



English -- Russian

▪ The spirit is willing but the flesh is 

weak. (English)

▪ The vodka is good but the meat is 

rotten. (Russian)

36



Language Comprehension/Common-Sense



ConvAI/ChatBots/Dialog Systems



Levels of Linguistic Knowledge

**we can go up, down and up and 

down and combine steps too!!

**every step is equally complex



Why is NLP hard?

▪ Ambiguity

▪ Ambiguity

▪ Ambiguity

▪ Sparsity



Ambiguities

▪ Headlines: Why are these funny?
▪ Ban on Nude Dancing on Governor's Desk

▪ Iraqi Head Seeks Arms

▪ Juvenile Court to Try Shooting Defendant

▪ Teacher Strikes Idle Kids

▪ Stolen Painting Found by Tree

▪ Local High School Dropouts Cut in Half

▪ Red Tape Holds Up New Bridges

▪ Clinton Wins on Budget, but More Lies Ahead

▪ Hospitals Are Sued by 7 Foot Doctors

▪ Kids Make Nutritious Snacks



PP Attachment Ambiguity

43



Coordination Ambiguity

https://www.kilgarriff.co.uk/Publications/2006-ChantreeWillisKilgDeRoeck-RANLPbook.pdf



Semantic Ambiguity

▪ Direct Meanings:

▪ It understands you like your mother (does) [presumably well]

▪ It understands (that) you like your mother

▪ It understands you like (it understands) your mother

▪ But there are other possibilities, e.g. mother could mean:

▪ a woman who has given birth to a child

▪ a stringy slimy substance consisting of yeast cells and bacteria; 

is added to cider or wine to produce vinegar

▪ Context matters, e.g. what if previous sentence was:

▪ Wow, Amazon predicted that you would need to order a big 

batch of new vinegar brewing ingredients. ☺

At last, a computer that understands you like your mother.

[Example from L. Lee]



Ambiguities (contd)

▪ Get the cat with the gloves.



1/4/2026 Speech 

and Language Processing - 

Jurafsky and Martin       

48

Ambiguity

▪ Find at least 5 meanings of this sentence:

▪ I made her duck



1/4/2026 Speech 

and Language Processing - 

Jurafsky and Martin       
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Ambiguity

▪ Find at least 5 meanings of this sentence:
▪ I made her duck

▪ I cooked waterfowl for her benefit (to eat)

▪ I cooked waterfowl belonging to her

▪ I created the (plaster?) duck she owns

▪ I caused her to quickly lower her head or body

▪ I waved my magic wand and turned her into 
undifferentiated waterfowl



1/4/2026 Speech 

and Language Processing - 

Jurafsky and Martin       

50

Ambiguity is Pervasive

▪ I caused her to quickly lower her head or body
▪ Lexical category: “duck” can be a N or V

▪ I cooked waterfowl belonging to her.
▪ Lexical category: “her” can be a possessive (“of 

her”)  or dative (“for her”) pronoun

▪ I made the (plaster) duck statue she owns
▪ Lexical Semantics: “make” can mean “create” or 

“cook”



1/4/2026 Speech 

and Language Processing - 

Jurafsky and Martin       

51

Ambiguity is Pervasive

▪ Grammar: Make can be:
▪ Transitive: (verb has a noun direct object)

▪ I cooked [waterfowl belonging to her]

▪ Ditransitive: (verb has 2 noun objects)

▪ I made [her] (into) [undifferentiated 
waterfowl]

▪ Action-transitive (verb has a direct object 
and another verb) 

▪ I caused [her] [to move her body]



1/4/2026 Speech 

and Language Processing - 

Jurafsky and Martin       
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Ambiguity is Pervasive

▪ Phonetics!
▪ I mate or duck

▪ I’m eight or duck

▪ Eye maid; her duck

▪ Aye mate, her duck

▪ I maid her duck

▪ I’m aid her duck

▪ I mate her duck

▪ I’m ate her duck

▪ I’m ate or duck

▪ I mate or duck



Abbrevations out of context
▪ Medical Domain: 33% of abbreviations are ambiguous (Liu et 

al., 2001), major source of errors in medical NLP (Friedman et 
al., 2001)

▪ Military Domain
▪ “GA ADT 1, USDA, USAID, Turkish PRT, and the DAIL staff met to 

create the Wardak Agricultural Steering Committee. “

▪ “DST” = “District Stability Team” or “District Sanitation 
Technician”?

RA “rheumatoid arthritis”, “renal artery”, “right atrium”, “right atrial”, 

“refractory anemia”, “radioactive”, “right arm”, “rheumatic 

arthritis”, …

PN “Penicillin”; “Pneumonia”; “Polyarteritis”; “Nodosa”; “Peripheral 

neuropathy”; “Peripheral nerve”; “Polyneuropathy”; 

“Pyelonephritis”; “Polyneuritis”; “Parenteral nutrition”; “Positional 

Nystagmus”; “Periarteritis nodosa”, …



Abdulrahman al-Omari

Abdul Rahman Alomari

Alomari

Al-Umari

Abdul Aziz Al-Omari

Alomari

Al-Umari

Mohamed Atta

Supervisor

Al-Qaeda

Member-of

Saudi Arabia

Attend-school

Imam Muhammad Ibn 

Saud Islamic University

Nationality

Vero Beach, 

Florida

City-of-residence
City-of-residence

JFK Airport

Employee-of
Nationality

Florida 

Flight School

Attend-school

Uncertainty: Ambiguity Example



Problem: Sparsity

▪ New unigram (word), bigram (word pair)

▪ Solution: embedding (deep learning) solutions

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

0 200000 400000 600000 800000 1000000

F
ra

c
ti

o
n

 S
e
e
n

Number of Words

Unigrams

Bigrams


	Slide 1: NLP Tasks
	Slide 2: NLP Tasks
	Slide 3: Levels of Linguistic Knowledge
	Slide 4: Orthography
	Slide 5: Morphology
	Slide 6: The Challenge of Words
	Slide 7: POS Tagging
	Slide 8: Morphology+Syntax
	Slide 10
	Slide 11: Dependency Parsing
	Slide 12: Dependency Relations
	Slide 13: Semantics
	Slide 14: Lexical Semantics
	Slide 15
	Slide 16: Core Arguments
	Slide 17: Full Sentential Semantics
	Slide 18: Information Extraction
	Slide 19: KB Slots
	Slide 22: Knowledge Base Linking (Wikification)
	Slide 24: Google Knowledge Graph (2012)
	Slide 25: QA / NL Interaction
	Slide 26
	Slide 27
	Slide 28
	Slide 29: Coreference
	Slide 31: Summarization
	Slide 33: Machine Translation
	Slide 36: English -- Russian
	Slide 38
	Slide 39:  ConvAI/ChatBots/Dialog Systems
	Slide 40: Levels of Linguistic Knowledge
	Slide 41: Why is NLP hard?
	Slide 42: Ambiguities
	Slide 43: PP Attachment Ambiguity
	Slide 44: Coordination Ambiguity
	Slide 45: Semantic Ambiguity
	Slide 47: Ambiguities (contd)
	Slide 48: Ambiguity
	Slide 49: Ambiguity
	Slide 50: Ambiguity is Pervasive
	Slide 51: Ambiguity is Pervasive
	Slide 52: Ambiguity is Pervasive
	Slide 53: Abbrevations out of context
	Slide 54
	Slide 59: Problem: Sparsity

