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Compositionality

Multi-word

A sequence of two or more words describing a meaning together.
Compound Nouns

credit card
leather jacket

Phrasal Verbs
look up
get over

Idiomatic expressions
kick the bucket
spill the beans
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Compositionality

Compositionality

Given meanings of

couch

roast

potato

Can we interpret the meanings of

couch potato

roast potato
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Compositionality

Couch Potato
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Compositionality

Roast Potato
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Compositionality

Compositionality

Compositional Multi-words

m(“A B”) = m(A) ⊕ m(B)

e.g. water tank, post man, roast potato

caution: subjective task

cracking “⊕” is a miracle

Non-Compositional multi-words

think tank, smoking gun, apple polisher, couch potato
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Compositionality

Importance of compositionality detection

Dictionary Building: Lexicography and Terminology
A good dictionary

includes non-compositional multi-words
does not have redundant information

Machine Translation

goose egg 6= Gänseei

goose egg→ unwichtig

Compositionality detection in a given context. Much harder.

Word Tokenization

Search engines
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Goal of this work

Goal of this work

Goal: Identify compositional and non-compositional multi-words for a given
language

My focus is on compound nouns

A sequence of nouns is treated as a multi-word

Vast research on identifying multi-words but not on compositionality
detection

Unsupervised corpus-based approach

Huge corpora for many languages available in Sketch Engine

Sketch Engine provides additional resources like word sketches,
distributional thesaurus
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Background

Background: Semantics from corpus

Distributional Hypothesis (Harris, 1954)

Words that occur in similar contexts tend to have similar meanings

e.g. Tree and Plant, Tea and Coffee, Bus and Vehicle

Other variations: (Firth, 1957)

You shall know a word by the company it keeps

Bag of words hypothesis

Two documents tend to be similar if they have similar distribution of similar
words
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Background

Vector Space Models (VSMs) of Semantics

Interpret semantics using VSM
Backbone: Distributional Hypothesis

Text entity (we are interested in) as a Vector (point) in dimensional space.

Context of the entity as dimensions
Existing methods represent knowledge in VSMs mainly in three types
(Turney and Pantel, 2010)

term-document
term-context
pair-pattern
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Background Term-Document

Term-Document: (Salton et al., 1975)

1

d1: Human machine interface for Lab ABC computer applications

1Image courtesy: (Landauer et al., 1998)
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Background Term-Document

Term-Document: (Salton et al., 1975)

2

Document similarity can be found using Cosine similarity

sim(D1,D2) = D1.D2
‖D1‖‖D2‖

2Image courtesy: (Salton et al., 1975)
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Background Term-Context

Term-Context: Word Space Model

Words are represented as a vector build from context words

I rent a house.

I bought an apartment.

I booked a room.
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Background Compositional Models

Semantics of larger entities

How to interpret semantics of larger entities?

The distributional way

turn photon sign noise speed
Traffic 5 0 3 10 15
Light 2 15 3 4 20
TrafficLightDist 10 0 15 3 10

How to interpret semantics of larger entities from its constituents?

The Principle of Compositionality:(Partee et al., 1990)

The meaning of a compound expression is a function of, and only of, the
meaning of its parts and the way in which the parts are combined.

S. Reddy, S. Manandhar & D. McCarthy Compositionality Detection using Sketch Engine



Background Compositional Models

Semantics of larger entities

How to interpret semantics of larger entities?

The distributional way

turn photon sign noise speed
Traffic 5 0 3 10 15
Light 2 15 3 4 20
TrafficLightDist 10 0 15 3 10

How to interpret semantics of larger entities from its constituents?

The Principle of Compositionality:(Partee et al., 1990)

The meaning of a compound expression is a function of, and only of, the
meaning of its parts and the way in which the parts are combined.

S. Reddy, S. Manandhar & D. McCarthy Compositionality Detection using Sketch Engine



Background Compositional Models

Semantics of larger entities

How to interpret semantics of larger entities?

The distributional way

turn photon sign noise speed
Traffic 5 0 3 10 15
Light 2 15 3 4 20
TrafficLightDist 10 0 15 3 10

How to interpret semantics of larger entities from its constituents?

The Principle of Compositionality:(Partee et al., 1990)

The meaning of a compound expression is a function of, and only of, the
meaning of its parts and the way in which the parts are combined.

S. Reddy, S. Manandhar & D. McCarthy Compositionality Detection using Sketch Engine



Background Compositional Models

Semantics of larger entities

How to interpret semantics of larger entities?

The distributional way

turn photon sign noise speed
Traffic 5 0 3 10 15
Light 2 15 3 4 20
TrafficLightDist 10 0 15 3 10

How to interpret semantics of larger entities from its constituents?

The Principle of Compositionality:(Partee et al., 1990)

The meaning of a compound expression is a function of, and only of, the
meaning of its parts and the way in which the parts are combined.

S. Reddy, S. Manandhar & D. McCarthy Compositionality Detection using Sketch Engine



Background Compositional Models

Idea exploited by many:

Two ways of computing a multi-word’s meaning

Distributional way: The true meaning vector of the multi-word

Compositionality function: A way of estimating the meaning vector of the
multi-word from the meaning vectors of its parts

How similar are these two vectors?
If they are very close, i.e. meaning of the multi-word can be computed
from the meaning of the parts, the multi-word is compositional

else non-compositional

Bingo!!
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Background Compositional Models

Category 1: Katz and Giesbrecht (2006); Giesbrecht (2009)

Build
CouchPotatoDist

CouchPotatoComp i.e. Couch ⊕ Potato

sim (CouchPotatoDist , CouchPotatoComp)
if sim > thrsh: multi-word is compositional
else: multi-word is non-compositional

Pitfalls observed:
Threshold highly varies
48 % accuracy
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Background Compositional Models

Category 2: (Baldwin et al., 2003; Bannard et al., 2003)

Build distributional vectors of

CouchPotatoDist

Couch

Potato

sim(CouchPotatoDist ,Potato)

if sim > thrsh: multi-word is compositional

else: multi-word is non-compositional

Pitfalls Observed:

Was able to capture type-of relations only

Threshold highly varies

Moderate results: 51 % accuracy
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Background Compositional Models

Observations

Observations
Threshold highly varies. Reported by everyone

What might be the possible reasons?

Polysemy

Skewed nature of senses

RiverBankdist is not similar to Bankdist

Either of the above approaches fail

Focus of this presentation is to overcome this using Sketch Engine

Continuum (McCarthy et al., 2003)

There is no hard boundary to say if a multi-word is compositional
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Our Approach

Concordance of Sketch Engine as Term-Context Matrix

Much powerful than conventional Term-Context matrix
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Our Approach

Ignored fact: Words are polysemous

Current trend: Prototype Vectors

Currently most methods represent each word as a single vector i.e. a
prototype vector for each word.

Light occur in many contexts

Quantum theory, Optics, Bulbs and Traffic

Not all contexts are relevant for building compositional vectors.

Light is noisy =⇒ TrafficLightComp is noisy

Exemplars of Light

’interest-n’: 1.0, ’round-n’: 1.0, ’open-v’: 1.0
’business-n’: 1.0, ’bad-j’: 1.0, ’put-v’: 1.0
’framework-n’: 1.0, ’generation-n’: 1.0, ’technique-n’: 1.0, ’follow-v’: 1.0
’material-n’: 1.0, ’day-n’: 1.0, ’complete-j’: 1.0
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Our Approach

Proposed Solution

Prototype vectors are more noisy
A need for refined vectors

Exemplar-based Vector Space Model

Select (examples) exemplars of Light which have similar context of Traffic

Prunes out irrelevant exemplars

Use selected exemplars to build LightTraffic

Motivated from the work of Erk and Pado (2010)

How to select (examples) exemplars of Light which have similar
context of Traffic??
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Our Approach

First order co-occurences of traffic from Sketch Engine

Word Sketch of traffic to select exemplars of light
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Our Approach

Similar Words to Traffic from Sketch Engine

Not only context words of Traffic but also similar words to Traffic are
useful [courtesy: Diana]
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Our Approach

Exemplar-based Composition

Exemplars of LightTraffic

’speed-n’: 4.0, ’create-v’: 1.0, ’mass-n’: 1.0
’road-n’: 2.0, ’good-j’: 1.0, ’white-j’: 3.0
’street-n’: 1.0, ’road-n’: 2.0, ’limit-n’: 1.0, ’sign-n’: 1.0
’road-n’: 2.0, ’side-n’: 1.0, ’wrong-j’: 1.0, ’drive-v’: 1.0
’bright-j’: 15.0, ’day-n’: 15.0

Build vector of Light using the above exemplars: LightTraffic

Exemplar-based Composition

TrafficLightComp= TrafficLight ⊕ LightTraffic

S. Reddy, S. Manandhar & D. McCarthy Compositionality Detection using Sketch Engine



Our Approach

Exemplar-based Composition

Exemplars of LightTraffic

’speed-n’: 4.0, ’create-v’: 1.0, ’mass-n’: 1.0
’road-n’: 2.0, ’good-j’: 1.0, ’white-j’: 3.0
’street-n’: 1.0, ’road-n’: 2.0, ’limit-n’: 1.0, ’sign-n’: 1.0
’road-n’: 2.0, ’side-n’: 1.0, ’wrong-j’: 1.0, ’drive-v’: 1.0
’bright-j’: 15.0, ’day-n’: 15.0

Build vector of Light using the above exemplars: LightTraffic

Exemplar-based Composition

TrafficLightComp= TrafficLight ⊕ LightTraffic

S. Reddy, S. Manandhar & D. McCarthy Compositionality Detection using Sketch Engine
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Evaluation

Traffic Light: Evaluation

ukWaC in Sketch Engine

Traffic: 97492 examples

Light: 316133 examples

TrafficLightDist : 6730 examples

Prototype-based Model

sim(TrafficLightDist ,TrafficLightComp
Prt) = 0.434

Exemplar-based Model

TrafficLight : 1949 exemplars

LightTraffic : 6322 exemplars

Just 1% of the examples

sim(TrafficLightDist ,TrafficLightComp
Exm) = 0.509
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Evaluation

Couch Potato: Evaluation

Couch: 5103 examples

Potato: 23277 examples

CouchPotatoDist : 407 examples

Prototype-based Model

sim(CouchPotatoDist ,CouchPotatoComp
Prt) = 0.134

Exemplar-based Model

CouchPotato: 41 exemplars

PotatoCouch: 5 exemplars

sim(CouchPotatoDist ,CouchPotatoComp
Exm) = 0.005
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Evaluation

Observations and Evaluation

Observations
Exemplar-based composition using Sketch Engine

Rewards compositional multi-words

Penalizes non-compositional multi-words

This is what we want!!

Evaluation [along with Diana]

200 Mechanical turkers annotated 90 words for multi-word
compositionality

To be evaluated on this data

More findings about the Principle of Compositionality
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Evaluation

Other aspects

Compositionality function and its parameters

Parameter estimation

Principle of Compositionality: Its pitfalls

Anatomy aware model of compositionality detection
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Summary

Summary

Compositionality and its importance

Vector Space Models for Compositionality Detection

Polysemy is a major problem

Exemplar-based VSM using Sketch Engine
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