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“Principle of Compositionality” 
as defined in Stanford Encyclopedia of Philosophy

 The meaning of a complex expression is 
determined by its structure and the meanings of 

its constituents.



“Principle of Compositionality” 

 The meaning of a complex expression is 
determined by grammar and the meanings of 

its constituents.



“Principle of Compositionality” 

 The meaning of a complex expression is 
determined by grammar and the meanings 

of the individual words.



“Principle of Compositionality” 

 The meaning of a complex expression is 
determined by grammar and  

lexical semantics.
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Outline
• Basic Lexical Semantics 

• Word Sense Disambiguation 

• Word Similarity 

• Lexical Entailment 

• Beyond Single Words 

• Semantic Role Labeling 

• Lexical Composition (if we have time)



Word Senses
A bank can hold the investments in a custodial account in the 

client’s name. 

But as agriculture burgeons on the east bank, the river will 
shrink even more.



A bank can hold the investments in a custodial account in the 
client’s name. 

But as agriculture burgeons on the east bank, the river will 
shrink even more.

Two different senses of the same word

Word Senses



Word Senses
Word sense:

A discrete representation of one aspect of the meaning of a 
word 
 

(Jurafsky and Martin, Chapter 19)

two senses of the same lexical item are called homonyms



WordNet



Word Sense Disambiguation

I play bass in a jazz band.

She was grilling a bass on the stove top.

musical_instrument

freshwater_fish



Supervised WSD
Task definition: 

Given a lexicon (e.g. WordNet), 
classify the sense of a word in context

feature function looking at the sense, word, context

p(sense | word, context) / exp� · f(sense,word, context)

Linear model:



Supervised WSD
Task definition: 

Given a lexicon (e.g. WordNet), 
classify the sense of a word in context

p(sense | word, context) / exp� · f(sense,word, context)

=

exp� · f(sense,word, context)X

sense0

exp� · f(sense0,word, context)

summing over all senses for the word (e.g. from WordNet)



Supervised WSD
Task definition: 

Given a lexicon (e.g. WordNet), 
classify the sense of a word in context

p(sense | word, context) / expDNN(sense,word, context)

word sense context

non-linear 
hidden 
layer

linear layer



Supervised WSD



Unsupervised WSD
Task definition:

Induce the number of senses of each word and classify the 
sense for each word in context 

1. For each word in context, compute a bunch of features  
 
2. Cluster each such instance using a clustering algorithm  
 
3. Cluster labels correspond to word senses  
 
Self study: section 20.10 of J&M  
 



WSD -> Lexical Substitution
Task definition:

Does word1 mean the same thing as word2 in context c? 
I.e. can treat sense as latent 

In this world, one’s word is a 
promise

vow (1), utterance (1), tongue (1), 
speech (1)

Silverplate: code word for the 
historic mission that would end 
World War II.

phrase (3), term (2), verbiage(1), 
utterance (1), name (1) …

I think she only heard the last 
words of my speech.

bit (3), verbiage (2), part 
(2), vocabulary (1), terminology (1) 
…

CoInCo. Kremer et al., 2014



Thoughts?  
Questions?  
Comments?



Word Similarity
Task Definition:

Predicting how similar two words are.

The Distributional Hypothesis: 
You shall know a word by the company it keeps!  

(Firth, 1957)



Word Similarity
A bottle of Tesgüino is on the table.

Jurafsky and Martin, 20.7

Everybody likes tesgüino.
Tesgüino makes you drunk.

We make tesgüino out of corn.

occurs before drunk
occurs after bottle

is the direct object of likes
…..



Word Similarity
A bottle of Tesgüino is on the table.

Jurafsky and Martin, 20.7

Everybody likes tesgüino.
Tesgüino makes you drunk.

We make tesgüino out of corn.

occurs before drunk
occurs after bottle

is the direct object of likes
…..

similar to beer, wine, 
whiskey and so forth



Word Similarity
~w = (f1, f2, f3, . . . , fn)

representation for a word
binary features indicating presence of the 

ith word in a vocabulary in the word’s context

e.g.
~

Tesgüino = (1, 1, 0, . . . )

bottle drunk matrix



Word Similarity
~

Tesgüino = (1, 1, 0, . . . )

~beer = (1, 1, 0, . . . )

Similarity between words can be measured using vector 
distance metrics



Vector-Space Models

• Words (or word senses) represented by a real-
valued vector 

• departure from word sense being represented as 
discrete label 

• Both type and token representations explored by 
the research area



Vector-Space Models

son
wife

woman

man

miss
lady

room
house

2-D projection of word vectors learned from Pride and Prejudice 
(http://www.ghostweather.com/files/word2vecpride/)

http://www.ghostweather.com/files/word2vecpride/


Modern Word Vector Models 
• word2vec

• Open-source package for learning word vectors 
from raw text 

• widely used across academia/industry 

• two models: 

• Skip-gram 

• CBOW



The Skip-Gram Model
Given:
Corpus of words
And their contexts

w
c

Consider the conditional probability p(c|w)
Goal:

Maximize the corpus probability
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word2vec Explained: Deriving Mikolov et al.’s

Negative-Sampling Word-Embedding Method

Yoav Goldberg and Omer Levy
{yoav.goldberg,omerlevy}@gmail.com

February 14, 2014

The word2vec software of Tomas Mikolov and colleagues1 has gained a lot
of traction lately, and provides state-of-the-art word embeddings. The learning
models behind the software are described in two research papers [1, 2]. We
found the description of the models in these papers to be somewhat cryptic
and hard to follow. While the motivations and presentation may be obvious to
the neural-networks language-modeling crowd, we had to struggle quite a bit to
figure out the rationale behind the equations.

This note is an attempt to explain equation (4) (negative sampling) in “Dis-
tributed Representations of Words and Phrases and their Compositionality” by
Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg Corrado and Jeffrey Dean [2].

1 The skip-gram model

The departure point of the paper is the skip-gram model. In this model we are
given a corpus of words w and their contexts c. We consider the conditional
probabilities p(c|w), and given a corpus Text, the goal is to set the parameters
θ of p(c|w; θ) so as to maximize the corpus probability:

argmax
θ

∏

w∈Text

⎡

⎣

∏

c∈C(w)

p(c|w; θ)

⎤

⎦ (1)

in this equation, C(w) is the set of contexts of word w. Alternatively:

argmax
θ

∏

(w,c)∈D

p(c|w; θ) (2)

here D is the set of all word and context pairs we extract from the text.

1https://code.google.com/p/word2vec/

1

Full corpus
model parameters



The Skip-Gram Model1.1 Parameterization of the skip-gram model

One approach for parameterizing the skip-grammodel follows the neural-network
language models literature, and models the conditional probability p(c|w; θ) us-
ing soft-max:

p(c|w; θ) =
evc·vw

!

c′∈C evc′ ·vw
(3)

where vc and vw ∈ Rd are vector representations for c and w respectively, and
C is the set of all available contexts.2 The parameters θ are vci , vwi for w ∈ V ,
c ∈ C, i ∈ 1, · · · , d (a total of |C| × |V | × d parameters). We would like to set
the parameters such that the product (2) is maximized.

Now will be a good time to take the log and switch from product to sum:

argmax
θ

"

(w,c)∈D

log p(c|w) =
"

(w,c)∈D

(log evc·vw − log
"

c′

evc′ ·vw) (4)

An assumption underlying the embedding process is the following:

Assumption maximizing objective 4 will result in good embeddings vw ∀ w ∈ V ,
in the sense that similar words will have similar vectors.

It is not clear to us at this point why this assumption holds.
While objective (4) can be computed, it is computationally expensive to do

so, because the term p(c|w; θ) is very expensive to compute due to the summa-
tion

!

c′∈C evc′ ·vw over all the contexts c′ (there can be hundreds of thousands
of them). One way of making the computation more tractable is to replace the
softmax with an hierarchical softmax. We will not elaborate on this direction.

2 Negative Sampling

Mikolov et al. [2] present the negative-sampling approach as a more efficient
way of deriving word embeddings. While negative-sampling is based on the
skip-gram model, it is in fact optimizing a different objective. What follows is
the derivation of the negative-sampling objective.

Consider a pair (w, c) of word and context. Did this pair come from the
training data? Let’s denote by p(D = 1|w, c) the probability that (w, c) came
from the corpus data. Correspondingly, p(D = 0|w, c) = 1− p(D = 1|w, c) will
be the probability that (w, c) did not come from the corpus data. As before,
assume there are parameters θ controlling the distribution: p(D = 1|w, c; θ).

2Throughout this note, we assume that the words and the contexts come from distinct
vocabularies, so that, for example, the vector associated with the word dog will be different
from the vector associated with the context dog. This assumption follows the literature, where
it is not motivated. One motivation for making this assumption is the following: consider the
case where both the word dog and the context dog share the same vector v. Words hardly
appear in the contexts of themselves, and so the model should assign a low probability to
p(dog|dog), which entails assigning a low value to v · v which is impossible.

2

vector representation of word
vector representation 

of context

all possible contexts for word w

number of parameters in   :  ✓ d x |V | + d x |C |

Expensive!



Negative Sampling
Efficient way of deriving word embeddings

Consider a word-context pair: (w, c)

Let the probability that this pair was 
observed in a corpus be: 

1.1 Parameterization of the skip-gram model

One approach for parameterizing the skip-grammodel follows the neural-network
language models literature, and models the conditional probability p(c|w; θ) us-
ing soft-max:

p(c|w; θ) =
evc·vw

!

c′∈C evc′ ·vw
(3)

where vc and vw ∈ Rd are vector representations for c and w respectively, and
C is the set of all available contexts.2 The parameters θ are vci , vwi for w ∈ V ,
c ∈ C, i ∈ 1, · · · , d (a total of |C| × |V | × d parameters). We would like to set
the parameters such that the product (2) is maximized.

Now will be a good time to take the log and switch from product to sum:

argmax
θ

"

(w,c)∈D

log p(c|w) =
"

(w,c)∈D

(log evc·vw − log
"

c′

evc′ ·vw) (4)

An assumption underlying the embedding process is the following:

Assumption maximizing objective 4 will result in good embeddings vw ∀ w ∈ V ,
in the sense that similar words will have similar vectors.

It is not clear to us at this point why this assumption holds.
While objective (4) can be computed, it is computationally expensive to do

so, because the term p(c|w; θ) is very expensive to compute due to the summa-
tion

!

c′∈C evc′ ·vw over all the contexts c′ (there can be hundreds of thousands
of them). One way of making the computation more tractable is to replace the
softmax with an hierarchical softmax. We will not elaborate on this direction.

2 Negative Sampling

Mikolov et al. [2] present the negative-sampling approach as a more efficient
way of deriving word embeddings. While negative-sampling is based on the
skip-gram model, it is in fact optimizing a different objective. What follows is
the derivation of the negative-sampling objective.

Consider a pair (w, c) of word and context. Did this pair come from the
training data? Let’s denote by p(D = 1|w, c) the probability that (w, c) came
from the corpus data. Correspondingly, p(D = 0|w, c) = 1− p(D = 1|w, c) will
be the probability that (w, c) did not come from the corpus data. As before,
assume there are parameters θ controlling the distribution: p(D = 1|w, c; θ).

2Throughout this note, we assume that the words and the contexts come from distinct
vocabularies, so that, for example, the vector associated with the word dog will be different
from the vector associated with the context dog. This assumption follows the literature, where
it is not motivated. One motivation for making this assumption is the following: consider the
case where both the word dog and the context dog share the same vector v. Words hardly
appear in the contexts of themselves, and so the model should assign a low probability to
p(dog|dog), which entails assigning a low value to v · v which is impossible.

2

Hence, the probability that the pair was not observed is: 

1.1 Parameterization of the skip-gram model

One approach for parameterizing the skip-grammodel follows the neural-network
language models literature, and models the conditional probability p(c|w; θ) us-
ing soft-max:

p(c|w; θ) =
evc·vw

!

c′∈C evc′ ·vw
(3)

where vc and vw ∈ Rd are vector representations for c and w respectively, and
C is the set of all available contexts.2 The parameters θ are vci , vwi for w ∈ V ,
c ∈ C, i ∈ 1, · · · , d (a total of |C| × |V | × d parameters). We would like to set
the parameters such that the product (2) is maximized.

Now will be a good time to take the log and switch from product to sum:

argmax
θ
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(w,c)∈D

log p(c|w) =
"

(w,c)∈D

(log evc·vw − log
"

c′

evc′ ·vw) (4)

An assumption underlying the embedding process is the following:

Assumption maximizing objective 4 will result in good embeddings vw ∀ w ∈ V ,
in the sense that similar words will have similar vectors.

It is not clear to us at this point why this assumption holds.
While objective (4) can be computed, it is computationally expensive to do

so, because the term p(c|w; θ) is very expensive to compute due to the summa-
tion

!

c′∈C evc′ ·vw over all the contexts c′ (there can be hundreds of thousands
of them). One way of making the computation more tractable is to replace the
softmax with an hierarchical softmax. We will not elaborate on this direction.

2 Negative Sampling

Mikolov et al. [2] present the negative-sampling approach as a more efficient
way of deriving word embeddings. While negative-sampling is based on the
skip-gram model, it is in fact optimizing a different objective. What follows is
the derivation of the negative-sampling objective.

Consider a pair (w, c) of word and context. Did this pair come from the
training data? Let’s denote by p(D = 1|w, c) the probability that (w, c) came
from the corpus data. Correspondingly, p(D = 0|w, c) = 1− p(D = 1|w, c) will
be the probability that (w, c) did not come from the corpus data. As before,
assume there are parameters θ controlling the distribution: p(D = 1|w, c; θ).

2Throughout this note, we assume that the words and the contexts come from distinct
vocabularies, so that, for example, the vector associated with the word dog will be different
from the vector associated with the context dog. This assumption follows the literature, where
it is not motivated. One motivation for making this assumption is the following: consider the
case where both the word dog and the context dog share the same vector v. Words hardly
appear in the contexts of themselves, and so the model should assign a low probability to
p(dog|dog), which entails assigning a low value to v · v which is impossible.

2



Negative Sampling

Our goal is now to find parameters to maximize the probabilities that all of the
observations indeed came from the data:

argmax
θ

!

(w,c)∈D

p(D = 1|w, c; θ)

= argmax
θ

log
!

(w,c)∈D

p(D = 1|w, c; θ)

= argmax
θ

"

(w,c)∈D

log p(D = 1|w, c; θ)

The quantity p(D = 1|c, w; θ) can be defined using softmax:

p(D = 1|w, c; θ) =
1

1 + e−vc·vw

Leading to the objective:

argmax
θ

"

(w,c)∈D

log
1

1 + e−vc·vw

This objective has a trivial solution if we set θ such that p(D = 1|w, c; θ) = 1
for every pair (w, c). This can be easily achieved by setting θ such that vc = vw
and vc · vw = K for all vc, vw, where K is large enough number (practically, we
get a probability of 1 as soon as K ≈ 40).

We need a mechanism that prevents all the vectors from having the same
value, by disallowing some (w, c) combinations. One way to do so, is to present
the model with some (w, c) pairs for which p(D = 1|w, c; θ) must be low, i.e.
pairs which are not in the data. This is achieved by generating the set D′

of random (w, c) pairs, assuming they are all incorrect (the name “negative-
sampling” stems from the set D′ of randomly sampled negative examples). The
optimization objective now becomes:

argmax
θ

!

(w,c)∈D

p(D = 1|c, w; θ)
!

(w,c)∈D′

p(D = 0|c, w; θ)

= argmax
θ

!

(w,c)∈D

p(D = 1|c, w; θ)
!

(w,c)∈D′

(1− p(D = 1|c, w; θ))

= argmax
θ

"

(w,c)∈D

log p(D = 1|c, w; θ) +
"

(w,c)∈D′

log(1 − p(D = 1|w, c; θ))

= argmax
θ

"

(w,c)∈D

log
1

1 + e−vc·vw
+

"

(w,c)∈D′

log(1−
1

1 + e−vc·vw
)

= argmax
θ

"

(w,c)∈D

log
1

1 + e−vc·vw
+

"

(w,c)∈D′

log(
1

1 + evc·vw
)

3

Parameterization:

Learning objective:

Our goal is now to find parameters to maximize the probabilities that all of the
observations indeed came from the data:

argmax
θ

!

(w,c)∈D

p(D = 1|w, c; θ)

= argmax
θ

log
!

(w,c)∈D

p(D = 1|w, c; θ)

= argmax
θ

"

(w,c)∈D

log p(D = 1|w, c; θ)

The quantity p(D = 1|c, w; θ) can be defined using softmax:

p(D = 1|w, c; θ) =
1

1 + e−vc·vw

Leading to the objective:

argmax
θ

"

(w,c)∈D

log
1

1 + e−vc·vw

This objective has a trivial solution if we set θ such that p(D = 1|w, c; θ) = 1
for every pair (w, c). This can be easily achieved by setting θ such that vc = vw
and vc · vw = K for all vc, vw, where K is large enough number (practically, we
get a probability of 1 as soon as K ≈ 40).

We need a mechanism that prevents all the vectors from having the same
value, by disallowing some (w, c) combinations. One way to do so, is to present
the model with some (w, c) pairs for which p(D = 1|w, c; θ) must be low, i.e.
pairs which are not in the data. This is achieved by generating the set D′

of random (w, c) pairs, assuming they are all incorrect (the name “negative-
sampling” stems from the set D′ of randomly sampled negative examples). The
optimization objective now becomes:

argmax
θ

!

(w,c)∈D

p(D = 1|c, w; θ)
!

(w,c)∈D′

p(D = 0|c, w; θ)

= argmax
θ

!

(w,c)∈D

p(D = 1|c, w; θ)
!

(w,c)∈D′

(1− p(D = 1|c, w; θ))

= argmax
θ

"

(w,c)∈D

log p(D = 1|c, w; θ) +
"

(w,c)∈D′

log(1 − p(D = 1|w, c; θ))

= argmax
θ

"

(w,c)∈D

log
1

1 + e−vc·vw
+

"

(w,c)∈D′

log(1−
1

1 + e−vc·vw
)

= argmax
θ

"

(w,c)∈D

log
1

1 + e−vc·vw
+

"

(w,c)∈D′

log(
1

1 + evc·vw
)

3

 negative word-context pairs sampled randomly



CBOW

• Further reading: 

• Another variant of the model: CBOW  
 
Efficient Estimation of Word Representations 
in Vector Space  
Mikolov, Chen, Corrado and Dean  
http://arxiv.org/pdf/1301.3781.pdf

http://arxiv.org/pdf/1301.3781.pdf


Structured Contexts
Australian scientist discovers star with telescope



Structured Contexts
Australian scientist discovers star with telescope

Skip-Gram contexts with n=2

Levy and Goldberg, 2014



Structured Contexts

Australian scientist discovers star with telescope

Levy and Goldberg, 2014

amod nsubj
dobj

prep

pobj

collapsing “prep” links

Australian scientist discovers star with telescope

amod nsubj
dobj

prep_with



Structured Contexts

Australian scientist discovers star with telescope

Levy and Goldberg, 2014

amod nsubj
dobj

prep

pobj

collapsing “prep” links

Australian scientist discovers star with telescope

amod nsubj
dobj

prep_with

scientist/nsubj star/dobj telescope/prep_with



Qualitative Comparison

Levy and Goldberg, 2014

All embeddings were trained on English
Wikipedia. For DEPS, the corpus was tagged
with parts-of-speech using the Stanford tagger
(Toutanova et al., 2003) and parsed into labeled
Stanford dependencies (de Marneffe and Man-
ning, 2008) using an implementation of the parser
described in (Goldberg and Nivre, 2012). All to-
kens were converted to lowercase, and words and
contexts that appeared less than 100 times were
filtered. This resulted in a vocabulary of about
175,000 words, with over 900,000 distinct syntac-
tic contexts. We report results for 300 dimension
embeddings, though similar trends were also ob-
served with 600 dimensions.

4.1 Qualitative Evaluation

Our first evaluation is qualitative: we manually in-
spect the 5 most similar words (by cosine similar-
ity) to a given set of target words (Table 1).

The first target word, Batman, results in similar
sets across the different setups. This is the case for
many target words. However, other target words
show clear differences between embeddings.

In Hogwarts - the school of magic from the
fictional Harry Potter series - it is evident that
BOW contexts reflect the domain aspect, whereas
DEPS yield a list of famous schools, capturing
the semantic type of the target word. This ob-
servation holds for Turing3 and many other nouns
as well; BOW find words that associate with w,
while DEPS find words that behave like w. Turney
(2012) described this distinction as domain simi-
larity versus functional similarity.

The Florida example presents an ontologi-
cal difference; bag-of-words contexts generate
meronyms (counties or cities within Florida),
while dependency-based contexts provide cohy-
ponyms (other US states). We observed the same
behavior with other geographical locations, partic-
ularly with countries (though not all of them).

The next two examples demonstrate that simi-
larities induced from DEPS share a syntactic func-
tion (adjectives and gerunds), while similarities
based on BOW are more diverse. Finally, we ob-
serve that while both BOW5 and BOW2 yield top-
ical similarities, the larger window size result in
more topicality, as expected.

3DEPS generated a list of scientists whose name ends with
“ing”. This is may be a result of occasional POS-tagging
errors. Still, the embedding does a remarkable job and re-
trieves scientists, despite the noisy POS. The list contains
more mathematicians without “ing” further down.

Target Word BOW5 BOW2 DEPS

batman

nightwing superman superman
aquaman superboy superboy
catwoman aquaman supergirl
superman catwoman catwoman
manhunter batgirl aquaman

hogwarts

dumbledore evernight sunnydale
hallows sunnydale collinwood
half-blood garderobe calarts
malfoy blandings greendale
snape collinwood millfield

turing

nondeterministic non-deterministic pauling
non-deterministic finite-state hotelling
computability nondeterministic heting
deterministic buchi lessing
finite-state primality hamming

florida

gainesville fla texas
fla alabama louisiana
jacksonville gainesville georgia
tampa tallahassee california
lauderdale texas carolina

object-oriented

aspect-oriented aspect-oriented event-driven
smalltalk event-driven domain-specific
event-driven objective-c rule-based
prolog dataflow data-driven
domain-specific 4gl human-centered

dancing

singing singing singing
dance dance rapping
dances dances breakdancing
dancers breakdancing miming
tap-dancing clowning busking

Table 1: Target words and their 5 most similar words, as in-
duced by different embeddings.

We also tried using the subsampling option
(Mikolov et al., 2013b) with BOW contexts (not
shown). Since word2vec removes the subsam-
pled words from the corpus before creating the
window contexts, this option effectively increases
the window size, resulting in greater topicality.

4.2 Quantitative Evaluation

We supplement the examples in Table 1 with
quantitative evaluation to show that the qualita-
tive differences pointed out in the previous sec-
tion are indeed widespread. To that end, we use
the WordSim353 dataset (Finkelstein et al., 2002;
Agirre et al., 2009). This dataset contains pairs of
similar words that reflect either relatedness (top-
ical similarity) or similarity (functional similar-
ity) relations.4 We use the embeddings in a re-
trieval/ranking setup, where the task is to rank the
similar pairs in the dataset above the related ones.

The pairs are ranked according to cosine sim-
ilarities between the embedded words. We then
draw a recall-precision curve that describes the
embedding’s affinity towards one subset (“sim-
ilarity”) over another (“relatedness”). We ex-
pect DEPS’s curve to be higher than BOW2’s
curve, which in turn is expected to be higher than

4Some word pairs are judged to exhibit both types of sim-
ilarity, and were ignored in this experiment.
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son
wife

woman

man

miss
lady

room
house

2-D projection of word vectors learned from Pride and Prejudice 
(http://www.ghostweather.com/files/word2vecpride/)

Lexical Entailment

http://www.ghostweather.com/files/word2vecpride/


Related concept II: synonymy
words representing identical or nearly identical* meanings

*controversial definition

couch/sofa

vomit/throw up

car/automobile

Lexical Entailment



Related concept II: antonymy
words representing opposite* meanings

long/short

big/little

cold/hot

*controversial definition

Lexical Entailment



Related concept III: hyponymy
one sense is more specific than another

car/vehicle

mango/fruit

chair/furniture

Lexical Entailment
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…converted from classical work to abstract 
expressionism after hearing Russian composer Igor 

Stravinsky's "Rite of Spring”… 

…South African contemporary artist, with abstract 
expressionism work featuring key aesthetics of the 

most sought after artists…

Lin and Pantel, 2001 (Alberta) 
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Bilingual Translational Similarity
 Bannard and Callison-Burch, 2005 (Edinburgh) 

Kok and Brockett, 2010 (MSR) 
Ganitkevitch et al., 2013 (Hopkins)
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…the directive include the 
extension to the period of 

protection for composers… 

…to favour the position of 
artists who have to travel 

throughout the 
community…

…la directive comprennent 
la prolongation de la durée 

de protection pour les 
artistes… 

…favoriser la position des 
artistes qui doivent voyager 
à travers la communauté…

Bilingual Translational Similarity
 Bannard and Callison-Burch, 2005 (Edinburgh) 

Kok and Brockett, 2010 (MSR) 
Ganitkevitch et al., 2013 (Hopkins)
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 Hearst, 1992 (Berkeley) 
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“Hearst Patterns”
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How do composers and other artists survive and 
work in today's musical theatre scene? 

As Luciano Berio did in his “Recital for Cathy”, 
creative artists such as composers, theatre 

directors, choreographs, video artists or even 
circus ...

 Hearst, 1992 (Berkeley) 
Snow et al., 2006 (Stanford) 

Movshovitz-Attias and Cohen, 2015 (CMU)
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Improving Hypernymy Detection with an Integrated Path-based  
and Distributional Method. Schwarz et al. 2016.
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Semantic Roles
Some word senses (aka predicates) in text represent events

Events have participants or roles (instantiated as arguments)

Predicate-argument structure at the type level can be stored in 
a lexicon



Semantic Roles



What will the weather be like tomorrow?

Can you remind me to text Cassie after work?

Tell Steve I am running a bit late.

Don’t let me forget to pick up milk on the way home.

Will it be nice out in the evening?

Text my mom and tell her happy birthday.

Do I need an umbrella?
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What will the weather be like tomorrow?

Can you remind me to text Cassie after work?

Tell Steve I am running a bit late.

Don’t let me forget to pick up milk on the way home.

Will it be nice out in the evening?

Text my mom and tell her happy birthday.

Do I need an umbrella?

Send Text

Check Weather

Set Reminder

Check Weather

Send Text

Set Reminder

Check Weather
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Send Text Check Weather Set Reminder

Semantic Roles



Send Text Check Weather Set Reminder

required Recipient

required Message

required Location

required Day

optional Time

required Date

required Time

required Message

optional Recurrence

Semantic Roles



Semantic Roles

https://framenet.icsi.berkeley.edu

https://framenet.icsi.berkeley.edu
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i want a ticket from new york to 
philly on wednesday morning
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i want a ticket from new york to 
philly on wednesday morning

location date time

from

to date time

Semantic Roles
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i want a ticket from new york to philly on wednesday morning
from to date time

I need to get to Chicago from Detroit sometime tomorrow.

i want a baltimore-charlotte train in the evening on fri.

Show trips to Atlanta from Miami anytime Saturday afternoon.

from

from

from

to

to

to

date

date

date

time

time

time
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i want a ticket from new 
york to philly on 

wednesday anytime.

I need to get to Detroit 
from Chicago the 

morning of the 24th.
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i want a ticket from new 
york to philly on 

wednesday anytime.

I need to get to Detroit 
from Chicago the 

morning of the 24th.

Semantic Roles

can come from a linear 
model or a neural network
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Lexical Composition
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Problems with Non-
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artist

American composer 
composer 

Problems with Non-
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artist

American composer 
1950s American 
jazz composer

composer 

Problems with Non-
Compositional Semantics



⟦modifier1 modifier2 … modifierk noun⟧ 

Problems with Non-
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Problems with Non-
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American jazz composer

~270,000,000,000,000

O(NMk)
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American jazz composer

~270,000,000,000,000

O(NMk)

Problem #1: scalability

Problems with Non-
Compositional Semantics
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“1950s American jazz composer”

Problems with Non-
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“1950s American jazz composer”

Problem #2: sparsity

Problems with Non-
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Compositional Semantics

Intrinsic  
Meaning
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American 
composer

Compositional Semantics

American

Class-Instance 
Identification

composer 



American 1 1 1 1 1 3 1 1 1 1

French 1 0 1 1 2 3 2 1 3 1

composer 1 6 1 0 1 3 1 2 1 2

pianist 3 0 1 0 1 5 2 0 1 0

Compositional Distributional 
Semantics

Nouns are vectors, adjectives are matrices: Representing adjective-noun  
constructions in semantic space. Baroni and Zamparelli 2010.
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composer 1 0 1 1 2 3 2 1 3 1

Compositional Distributional 
Semantics

Nouns are vectors, adjectives are matrices: Representing adjective-noun  
constructions in semantic space. Baroni and Zamparelli 2010.



American 1 1 1 1 1 3 1 1 1 1

composer 1 0 1 1 2 3 2 1 3 1

American 
composer 2 1 2 2 3 6 3 2 4 2

Compositional Distributional 
Semantics

Nouns are vectors, adjectives are matrices: Representing adjective-noun  
constructions in semantic space. Baroni and Zamparelli 2010.
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Compositional Distributional 
Semantics

American 
composer 

Nouns are vectors, adjectives are matrices: Representing adjective-noun  
constructions in semantic space. Baroni and Zamparelli 2010.

⊗

American 
composer =



American
French

Compositional Distributional 
Semantics



pianist

composer

Compositional Distributional 
Semantics



American composer

French pianist

Compositional Distributional 
Semantics



American composer

French pianist

Compositional Distributional 
Semantics

French composer
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Summary
• Word Sense Disambiguation 

• Supervised/Unsupervised? 

• Word Similarity/Lexical Entailment 

• Are “hot” and “cold” similar? What about “hot” and summer”? 

• Semantic Role Labeling 

• Never enough labeled data… 

• Lexical Composition 

• Distributional, symbolic, or some of both?
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Thank you!


