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1 Semantic Role Labelling

1.1 Semantic Roles

• What are semantic roles?

– also known as thematic roles

– capture semantic commonality between words

∗ for example:
“Sasha broke the window”

“Pat opened the door”

∗ Sasha is acting as a breaker; Pat acts as an opener

∗ different actions, but similar theme: sentient being performing an action

• What are some examples of semantic roles?

– no universal set of semantic roles; however, we can use:

Figure 1: In the example above, “Pat” and “Sasha” act as agents. The “door” and “window” (acted
upon by the agents) are themes.

• What is the purpose of semantic role labelling?

– assign semantic roles to sentence spans

– informally: allows us to understand who did what to whom when, where and how
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• Why is semantic role labelling useful?

– syntax and semantics not powerful enough to understand the meaning of sentences

– semantic role labelling provides a (shallow)meaning representation, which is general

∗ for example:

∗ as humans, we understand all these sentences convey the same meaning: a window was
broken by a person called John

∗ however, simple syntactic and lexical representations could understand these as sen-
tences representing different phenomena

∗ with semantic role labelling, we can see that, for instance, verbs like “smashed” and
“broke” fulfill similar roles (acting on a theme like “the window)

∗ this process in which a verb realises an action on different subjects is known as diathe-
sis alternation

– useful:

∗ provide inferences not possible even with parse trees (i.e understanding what a ques-
tion is asking [“Was Minecraft acquired by Microsoft?”], and what type of information
can be used to answer a question [“In September 2014, Microsoft acquired Minecraft.”])

∗ act as intermediate language in machine translation

1.2 Issues with Semantic Roles

1. No universal set of roles

2. Items with same role don’t always behave in the same way, so might need to fragment them

“Sandy opened the door with a key” =⇒ “The key opened the door”

“Sandy ate the salad with a fork” ̸ =⇒ “The fork ate the salad”
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3. Hard to formally define semantic roles

• i.e an agent could be defined as:

animate, volitional, sentient, causal

• however, certain noun phrases don’t satisfy all

• partial solution: define generalised semantic roles (i.e proto-agent, proto-patient)

• use heuristics: exhibiting more agent-like properties (i.e sentiency), implies higher likeli-
hood of being a proto-agent

• alternatively, define very fine-grained roles: PropBank and FrameNet

1.3 The Proposition Bank: PropBank

• What is PropBank?

– sentences annotated with semantic roles, with respect to verb senses

– instead of a general role for each verb, assign each verb with its specific roles

– consistent with Penn TreeBank

– NomBank does same thing, but annotating noun predicates

• How is PropBank stuctured?

– each verb annotated with a set of roles

Figure 2: Such entries in PropBank are called frame file

• What are the Args in the frame files?

– Argn refers to a specific role assigned to the verb

– no convention with roles, so used numbered arguments

– not much structure with regards to roles (either number of roles, or specific meaning of
Argn)

∗ except for Arg0 (proto-agent) and Arg1 (proto-patient)
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Figure 3: We can see that “agree” has a proto-agent (an agreer) and a proto-patient (the thing agreed
on, a proposition.
However, “fall” doesn’t have a proto-agent (Arg0) (since “fall” alone affects the proto-patient).

• What other arguments does PropBank consider?

– has non-numbered arguments ArgMs

– represent modifications/adjunct meanings

– used, for example, to have better understanding of temporal location

• How can PropBank be useful?

Figure 4: Despite having 3 different sentences, PropBank gauges the commonality between them by
using the verb “increased”.

• How is PropBank applied on parses?
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Figure 5: We annotate on top of the constituency syntax labels-

• What are the issues with PropBank?

1. Incomplete Role Consistency (for example, synonyms don’t have the same roles as-
signed)

2. Only focuses on verbs

– issue: things expressible via verbs can be expressed via nouns

– for example, consider applying SRL to answer a question on meetings

– can be expressed via verbs (“James and Arvid met yesterday”), but also nouns (“James
and Arvid had a meeting yesterday”)
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– PropBank sees these as fundamentally different, since one involves meeting, but the
other involves having

3. Overly tied to syntax

– expanding on the above:

Figure 6: PropBank can’t see that the fact that there was an offer is what matters, but it ignores this
in the first sentence, since the verb “made” is used.

1.4 FrameNet

• What are semantic frames?

– notion that our knowledge of a concept is based of our understanding of a set of back-
ground concepts

– for example in:

reservation, flight, travel, buy, price, cost, fare, rates, meal, plane

we understand that the words are related, but we don’t understand how - in this case,
information concerning air-travel

– a frame is the background knowledge which unites our understanding of a group of
words:

“A semantic frame is a conceptual structure describing a situation,
object, or event along with associated properties and participants”

∗ for example, consider the sentence:

Lansky left Australia to study the piano at the Royal College of Music.

8



∗ frames constitute the underlying “concepts” which dominate the meaning of this sen-
tence: in this case, “education” and “departing”

Figure 7: We can annotate it using semantic frames, and the semantic roles.

Figure 8: Semantic frames are typically organised as a relational database.

Figure 9: Semantic roles are the ones which define the frames.

• What is FrameNet?

– a lexicographic database, containing:

∗ frames

· also frame elements (containing semantic role of frame)

· each word has a frame associated, alongside some representative examples of the
frame in use
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Figure 10: Examples used in the frame change position on scale.

· frame elements can be core (frame-specific) and non-core (similar to ArgM in
PropBank)

Figure 11: Core and non-core frame elements for the frame change position on scale.

∗ frame definitions

The frame change position on scale is defined by:
“This frame consists of words that indicate the change of an Item’s
position on a scale (the Attribute) from a starting point (Initial
value) to an end point (Final value)”

∗ frame relations

· frames can inherit properties, or represent causation

· for example, change position on scale can be associated with Cause change position on scale
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• Why is FrameNet useful?

– doesn’t only focus on verbs, so better for more complex inferences

Figure 12: Unlike with PropBank, FrameNet can be used to understand that these 3 sentences are
similar: the “price of bananas” has gone up; and “5%” is the amount by which it has gone up.

• What are some issues of FrameNet?

1. Very Small (only 5k annotated sentences; PropBank has 40k)

2. Frames have Different Granularity (for example, 10 frames related to hair, 2 frames
related to education)

3. Unrelated to Syntax (arguments in FrameNet not necessarily syntactic constituents, so
harder to build ML models)

• What is SemLink?

– provides alignment between resources:

∗ link Argn across different verbs in PropBank

∗ link frames in FrameNet

∗ link frames in FrameNet and roles in PropBank

1.5 Supervised Semantic Role Labelling

• How is SRL carried out nowadays?

– using supervised learning

– develop a parser, trained on annotated text

– requires a lot of data

– nowadays, very strong, feature-based parsers can still make “simple” mistakes:
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Figure 13: It misses the fact that “dropped” is meant in an academic context. It also thinks of “get”
as “grabbing an object”, as opposed to “obtaining an academic accreditation”. Hence, it doesn’t
“understand” the question, nor can it associate it to the second example sentence.

Figure 14: The correct annotations, using FrameNet notation.

• How are SRL models trained?

– can be done end-to-end, but typically follow 3 steps:

1. Multiclass Classifcation

– identifying predicates and their word sense or frame

2. Sequence Labelling

– define the argument spans taken by the predicates

3. Multiclass Classification

– classify the argument spans according tot he roles
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• How can supervised SRL be enhanced?

– use features dependent on syntactic structure

– apply constraints on valid labelling (can be applied with DP):

∗ a role appears only once in sentence

∗ role consistent with predicate (i.e using the definition of a frame)

∗ constraints on syntax

• How can we deal with little/no annotations?

– problem, for example, when using SRL with different languages

– solution:

∗ transfer resources/models from other labelled languages

∗ semi-supervised/unsupervised learning (i.e HMMs)

2 Lexical Semantics: Defining the Meaning of Words

“How many legs does a dog have if you call its tail a leg? Four. Call-
ing a tail a leg doesn’t make it one.”
Attributed to Abraham Lincoln

2.1 Motivating Lexical Semantics

• What is a lexeme?

– a pairing between a word form (orthographic or phonological) and its meaning

• What is a lexicon?

– a finite set of lexemes

• What is a lemma?

– grammatical form which represents a lexeme

– usually a base form (i.e “carpet” is the lemma of “carpets”, and for verbs we typically use
the infinitive))

• Why are lemmas part of speech specific?

– the same word can have different parts of speech (i.e “table” can be a noun or a verb)

– hence, we need a lemma for each possible form

• What are lexical semantics?

– the study of the meaning of individual words

– key to deriving sentential semantics

– currently, lexical semantics built by using symbols like dog(x), but this doesn’t convey the
meaning of “dog” (i.e a four legged mammal, domesticated, etc...)

– words act as an interface between our world and meaning
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2.2 The Difficulty in Endowing Meaning To Words: Word Relations

To motivate this, we consider the process of building a question answering machine. Such a machine
has access to a knowledge base, and access to English text. This allows us to see how different word
sense can be related.

2.2.1 Word Senses

• a specific meaning of a word

• for example, “bank” has 2 word sense:

1. financial institution

2. terrain next to a river

• a QA machine needs to be able to disambiguate:

Q: What plants are native to Scotland?
Corpus: A new chemical plant was opened in Scotland

• we understand from context that “plant” in Q refers to vegetation, whilst “plant” in the corpus
refers to “a factory or workshop for the manufacture of a particular product”.

• word sense can be defined by using the number of possible translations of words

– for example, “interest” can be translated in 3 different ways

2.2.2 Synonyms

• 2 different words with identical/nearly identical word senses

• for example:

1. “couch” and “sofa”

2. “car” and “automobile”

• a QA machine needs to be able to match them:

Q: Where did David Cameron go on vacation?
Corpus: David Cameron spent his holiday in Cornwall.

• a QA system should understand that “vacation” and “holiday” are synonyms, so a suitable
answer would be “Cornwall”

2.2.3 Antonyms

• 2 words with opposite word senses/meanings

• for example:

– “long” and “short”

– “big” and “little”

• antonyms typically describe senses in binary opposition/opposite ends of a scale (like “fast” vs
“slow”), or which are reversive (like “rise” vs “fall” or “up” vs “down”)
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2.2.4 Hyponyms

• words whose sense is a subset of the sense of another word

• for example:

1. “car” is a hyponym of “vehicle”

2. “dog” is a hyponym of “mammal”, which is a hyponym of “animal”

• a QA machine should have an ontology - a way of understanding A ∈ B relationships:

Q: Which animals loves to swim?
Corpus: Polar bears love to swim in the freezing waters of the Arctic.

• a QA system should see that “Polar bears” are animals, and they like to swim, so they are a
suitable response

2.2.5 Hypernyms

• words whose sense is a superset of the sense of another word

• for example:

1. “vehicle” is a hypernym of “car”

2. “animal” is a hypernym of “mammal”, which is a hypernym of “dog”

• also called superordinates

2.2.6 Homonyms

• different words written in the same way, with completely different senses

• for example:

– “bank”

– “pen” (as a writing device, and as a animal enclosure)

– “arm” (as a body part, and as a division of a company)

2.2.7 Polysemy

• the same word, but with the coexistence of different word senses

• for example:

1. “bank” can refer to a financial institution, or as a place where biological samples (i.e sperm,
blood) can be stored; this word is a homonym of “bank” (side of the river), but not
polysemous

2. “fixed” is polysemous, since we can say:

“He fixed the door”

“He fixed his hair”
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2.2.8 Metonymy

• a subset of polysemy (also known as regular polysemy), by which the semantic relation
between the senses can be systematic:

1. in “The bank is on the corner of Nassau and Witherspoon.”, “bank” refers to the fact that
the building holding a financial institution is found at the given location

2. similarly with “newspaper”:

“She read the newspaper calmly”

“She sued the newspaper for defamations”

In the first case, we refer to a written piece of text used to inform oneself of world affairs,
whilst in the second case we refer to a company who writtes and prints newspapers.

3. the “White House” refers both to the head of government of the US, and where the president
of the US lives

4. “chicken” refers both to a domesticated bird, and the meat derived from said bird for the
purpose of eating
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2.2.9 Homophones

• words with the same pronunciation, but different spelling and sense

• for example:

1. “would” and “wood”

2. “two” and “too” and “to”

3. “where” and “were”

2.2.10 Homographs

• a pseudo-subset of homophones: words with the same spelling, but different sense (and potentially
different pronunciation)

• for example:

1. “bass” (as a fish BA-S or as an instrument BEH-I-S)

2. “content” (“That was good content” vs “Jane was content with her performance”)
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2.2.11 Holonyms

• a word that names the whole of which a given word is a part.

• for example:

1. “car” is a holonym of “wheel” or “chassis”

2. “face” is a holonym of “mouth” or “eye”

2.2.12 Meronyms

• a word that names a part of a whole.

• for example:

1. “leg” is a meronym of “chair”

2. “pag” is a meronym of a “book”

2.2.13 Similarity and Gradation

• words which are not quite synonyms, but have a similar or graded sense

• for example:

1. “soggy”, “damp” and “humid” are all different gradations of “wet”

• a QA machine needs to recognise these gradations:

Q: What is a good way to remove wine stains?
Corpus: Salt is a great way to eliminate wine stains.

• whilst “eliminate” is a much stronger word, it will lead to “removing” wine stains, so “salt” will
be an appropriate answer

2.2.14 Additional Requirement: Inference

Being able to infer conclusions is key in QA systems:

Q: Did Poland reduce its carbon emissions since 1989?
Corpus: Poland is a country in Central Europe. Due to the collapse
of the industrial sector after the end of communism in 1989, all coun-
tries in Central Europe saw a fall in carbon emissions.

Overall, we can draw the following lessons:
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2.3 WordNet

• What is WordNet?

– a lexical database

– each word has an associated synset (set of synonymous words), denoting the possible senses
of a word

Figure 15: “Interest” has 7 different senses in WordNet.
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• How are synsets organised?

– sysnsets specific to:

∗ nouns (.n)

∗ verbs (.v)

∗ adjectives (.a, .s)

∗ adverbs (.r)

(WordNet is split into 3 databases: nouns, verbs & adjectives/adverbs)

– if we look at http://wordnetweb.princeton.edu/perl/webwn?s=CAR we can see that syn-
onyms are part of the same synset, whilst polysemous words are part of multiple
synsets

Figure 16: Sense car.n.01 is associated with synonyms like “auto”, “automobile”. car.n.01 and
car.n.04 are polysemous, so they are part of different synsets.

– further, each synset can be associated with other synsets:

1. Hyponym/hypernm: IS-A (i.e chair-furniture

2. Meronym: PART-WHOLE (i.e leg-chair)

3. Antonym: OPPOSITED (i.e good-bar)

• How complete is WordNet?

– contains 118k unique synsets

– however, it misses:

∗ multiword expressions: “take a break”, “pay attention”

∗ neologisms: “hoodie”, “facepalm”

∗ names: “Microsoft”

∗ predictable word uses, albeit uncommon: “Badger is a delicacy in Mongolia”
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3 Word Sense Disambiguation

3.1 Defining Word Sense Disambiguation

• What is Word Sense Disambiguation?

– given a word token and its context, determine the sense in which the word is used

– useful for machine translation, question-answering, information retrieval and text
classification

• What are the 2 types of WSD?

– Lexical Sample: use supervised machine learning, and treat as classification - given
a list of words, their senses, and “golden labels”; train by using context for each word

– All-Words: given an entire corpus, and word senses, ask to annotate each content word
(similar to POS tagging

3.2 Naive Bayes for WSD

• How can NB be used for WSD?

– consider a word, with a set of senses S

– from the word, we extract a feature vector

– NB tells us that:

ŝ = argmax
s∈S

P (s |f)

= argmax
s∈S

P (f |s)P (s)

P (f)

= argmax
s∈S

P (f |s)P (s)

= argmax
s∈S

P (s)

n∏
j=1

P (fj | s)

• Which features can be used for NB (and other supervised task)

– direct neighbours (aka collocational features) (i.e “interest paid”, “rising interest) -
provide local context information

– content words in a 50 word window (i.e “financial”, “pursued”)

– text topic

– POS tag, POS tag of context

– syntactically related words

– BOW of most common words in text

• What other methods are available?
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– decision lists

– decision trees

– neural networks

• How can we evaluate WSD?

– Extrinsic: evaluate in downstream applications (question-answering, machine translation)

∗ hard and time-consuming to implement

∗ might indicate performance only in context of application (i.e not generalisable)

– Intrinsic: evaluate against gold labels (i.e accuracy/precision/recall)

– Baseline: compare with a “naive” WSD model (i.e picks most common sense always)

• What are general issues with WSD?

– Fine-Grain

∗ how coarse should the gold-standard be? (i.e how many senses to consider)

– Expensive

∗ very hard to annotate corpora with word senses, particularly if ver find-grained

– Number of Classifiers

∗ train separate classifier to disambiguate individual words

∗ hard for infrequent words

∗ motivation for unsupervised/semi-supervised methods

• What are alternative approaches to WSD?

– can define coarse semantic categories

– disambiguating is simpler:
apple → food

apple ̸→ organisation

– applicable even if word not in lexicon

– alternatively, can use supersenses like in WordNet
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4 Distributional Semantics: Categorising Semantic Similarity

4.1 Motivation: The Distributional Hypothesis

• What is the distributional hypothesis?

– meaning can be inferred based on context words

– hence:
similar context =⇒ similar meaning

Figure 17: We can infer that “tezgüino”, despite never having read such a thing, is an alcoholic
beverage.

• Can’t we use a thesaurus to gauge similarity?

1. Every language doesn’t have a thesaurus

2. Many missing words/phrases

3. Don’t work well with verbs/adjectives

4.2 The Idea of Distributional Semantics

• What are vector semantics?

– encode word meaning via vectors

– known as embeddings

• What are distributional semantic models?

– model distributional semantics by means of vectors

– each word defined as a vector based on its context

– also known as vector space model

• What considerations should be made when defining the vectors?

1. What type of context should be considered?

2. How should context words be weighted?

3. How can similarity be measured?

4. How do we evaluate the resulting vector representations?

• What is a naive distributional semantic representation?

– consider a vocabulary V

– build a matrix of size |V | × |V | with entry (i, j) denoting the number of times that word Vj

appears in the context of word Vi
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– the ith row of the matrix is the vector representation of Vi:

– this approach has many flaws, including the fact that it leads to sparse vectors

4.3 Defining Context

• What are word co-occurrences?

– can lead to notions of similarity

– First-Order Co-Occurrence (aka syntagmatic association): words occurring close to each
other (i.e “wrote” and “book”)

– Second-Order Co-Occurrence (aka paradigmatic association): words occurring in simi-
lar contexts (i.e “wrote” and “spoke”)

• What types of contexts can be considered?

– large windows around the target word

∗ typically used to gauge topic similarity

∗ at the limit, consider the number of times a word occurs in the document

– small windows around the target word

∗ better captures individual word similarity

∗ can lead to relations beyond co-occurrence (i.e dependency relation between words)

– typically ignore stopwords (very common + uninformative)

4.4 Weighting Vector Representations

• Why are frequencies not good when defining vector components?

– better than using binary indicators (1 if word appears in context, 0 otherwise)

– frequencies still improvable: skewed and misrepresentative

∗ frequent words everywhere, independent of target word

• What are collocations?

– word pairs which appear frequently together, but infrequently in other contexts

• What is pointwise mutual information?

– gauges the idea of collocation

– the higher the PMI, the more dependent 2 words are of each other:

PMI(x, y) = log2
P (x, y)

P (x)P (y)

where:

∗ P (x, y): probability of x, y appearing together
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∗ P (x)P (y): probability of x, y appearing together if they are sampled independently

• What are issues associated with PMI?

1. Computed using Counts

– oversensitive when infrequent words co-occur

2. Negative PMI is unreliable

– implies words co-occur less often than expected by chance

– unreliable, since need large corpus for this to happen (i.e if P (x) = P (y) = 10−6, would
require P (x, y) < 10−12, so large corpus required)

– can use PPMI alternatively: any negative PMI becomes 0

• What alternatives exist to PMI for finding collocations?

– Student t-test

– Perason’s χ2 statistic

– likelihood ratio test

4.5 Measuring Word Similarity

• Why is distance not a good measure for similarity?

– if a dimension has extreme value, distance very large

– however, the vectors could be “on top” of each other, so very similar

• What are the issues associated with using the standard dot product?

– dot product is a good measure of similarity:

v · w =

n∑
i=1

viwi = ∥v∥∥w∥ cos(θ)

– however, very conditioned by vector magnitude =⇒ high frequency words skew towards
similarity, which is undesirable (so 2 very large vectors could be thought as similar, even if
unrelated

26



• How can we fix the issue with the dot product?

– normalise the vector to have unit length

– then:
v · w = cos(θ)

– hence, similarity as a measure of angle

• What other measures of similarity are there?

– Jaccard measure

– Dice measure

– Jenson-Shannon divergence

4.6 Evaluating Distributional Representations

• How can we evaluate the word vector embeddings?

1. Extrinsic

– evaluate performance in downstream application (i.e question answering, automatic
essay marking)

– hard, not general purpose

2. Intrinsic

– evaluate by comparing with psycholinguistic data:

∗ Relatedness Judgement: ask humans to rate the degree of similarity between
concepts (1-10), based on some scale:

Rate(Lemon, Truth) = 1 ∧Rate(Lemon,Orange) = 10 =⇒ Rate(Lemon, F lower) =?

Very person dependent, very question dependent (how is the question asked?)

∗ Word Association: given a word, count how many times another word comes to
mind; use it to compute probabilities
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∗ Human vs Machine: have humans and computer rank create a ranked list of
words related to w; use Spearman rank correlation to see how well the rankings
match

4.7 Dealing with Sparsity

• How can we convert the word representations into a less sparse vector?

– we are considering vectors in R|V | - extremely sparse

– apply Latent Semantic Analysis for dimensionality reduction:

Figure 18: We can create a matrix using our word vector representations.
If we apply Singular Value Decomposition, it allows us to decompose a matrix into a product of
3 matrices.
If we truncate the SVD, we pick only the first d columns of V,Σ, UT .
The matrices Vd, U

T
d can then be used as our compressed word representations (technically, their

rows/columns)

• Can we learn compressed representations directly?

– mainly using neural networks

– for example, hidden layers when using a NN to predict context words when using an input
word

4.8 Compositionality

• What is compositionality?

– meaning derived by composing words

– for example, “red barn” means that there is a “barn” that is “red”
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– not all language is compositional (i.e “the White House”)

• How can compositionality be added to a vector space?

– define operator ⊕ such that:

meaning(w1w2) = meaning(w1)meaning(w2)

– possibly:

∗ vector addition (empirically not good)

∗ tensor product (multiply entries together - not too meaningful)

∗ train NN to learn a non-linear operation (currently)
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