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Semantic Composition

= Principle of Compositionality

= The meanin? of a complex expression is determined by the
meanings of its constifuent expressions and the rules used to
combine them

= Compositional nature of natural language
= Go beyond words tfowards sentences

= Examples
= red car ->red + car
= not very good -> not + ( very + good )
= eat food -> eat + food




Recursive Neural Models (RNMs)

= Utllize the recursive structures of sentences to obtain the
semantic representations

= The vector representations are used as features and fed into a
softmax classifier to predict their labels

= Learn to recursively perform semantic compositions in
vector space

= One family of the popular deep learning models
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Semantic Composition with Matrix/Tensor

= The main difference among the
recursive neural models (RNMs) lies in v
semantic composition methods
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Problem: RNN and RNTN employ the same global composition
function for all pair of input vectors




Motivation of This Work

= Use different composition functions for different types of
compositions

= Negation: not good, not bad

= Infensification: very good, pretty bad

= Conftrast: the movie is good, but | love it

= Sentiment word + target/aspect: good movie, low price

= Model the composition as a distribution over multfiple
composition functions, and adaptively select them
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Adaptive Compositionality

= Use more than one composition functions and adaptively
select them depending on the input vectors
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Adaptive Compositionality

= Use more than one composition functions and adaptively
select them depending on the input vectors
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Adaptive Compositionality

= Use more than one composition functions and adaptively
select them depending on the input vectors
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Objective Function

not so good

= Minimize the cross-entropy error
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Parameter Estimation
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Stanford Sentiment Treebank

= 10,662 crific reviews in Roften Tomatoes
= 215,154 phrases from results of Stanford Parser

= The workers in Amazon Mechanical Turk annotate polarity
levels for all these phrases

= The sentiment scales are merged to five categories (very
negative, negative, neutral, positive, very positive)




Method Fine-grained Pos./Neg.

SVM 40.7 79.4
MNB 41.0 81.8
bi-MNB 41.9 83.1
VecAvg 32.7 80.1
MV-RNN 44 .4 82.9
RNN 43.2 82.4
Avg-AdaMC-RNN 434 84.9
Max-AdaMC-RNN 43.8 85.6
1ohted-AdaM N\ 45 £

RNTN 45.7 85.4

Avg-AdaMC-RNTN 45.7 86.3
Max-AdaMC-RNTN 45.6 86.6
Weighted-AdaMC-RNTN  46.3 88.4

AdaMC-RNTN

Results of evaluation on the Sentiment Treebank. The top three
methods are in bold. Our methods achieve best performances
when \beta is set to 2.
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Vector Representations

Word/Phrase

Neighboring Words/Phrases in the Vector Space

good cool, fantasy, classic, watchable, attractive

boring dull, bad, disappointing, horrible, annoying

ingenious extraordinary, inspirational, imaginative, thoughtful, creative
soundtrack execution, animation, cast, colors, scene

good actors

good ideas, good acting, good looks, good sense, great
cast

thought-provoking film

beautiful film, engaging film, lovely film, remarkable film,
riveting story

painfully bad

how bad, too bad, really bad, so bad, very bad

not a good movie

isn't much fun, isn’t very funny, nothing new, isn't as funny of
clichés
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Composition Pairs in the Composition Space

= For the composition pair (v, v,.), we use the distribution of the compaosition functions

lp(gllylr vr)

: ] to query its neighboring pairs
P(gclvy, vy)

Composition Pair Neighboring Composition Pairs

really bad very bad / only dull / much bad / extremely bad / (all that) bad
(is n'1) (is n't) (painfully bad) / not mean-spirited / not (too slow) / not
(necessarily bad) well-acted /

(have otherwise) (been bland)
great great (cinematic innovation) / great subject / great performance
(Broadway play) / energetic entertainment / great (comedy filmmaker)
(arty and) jazzy (Smart and) fun / (verve and) fun / (unique and) entertaining /

(gentle and) engrossing / (warmth and) humor




Visualization:
Composition Pairs
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= Best films

= Riveting story

= Solid cast

= Talented director
= Gorgeous visuals
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Future Work

= Use AdaMC for the other NLP tasks
= Utilize external information to adaptively select the
composition functions
= Part-of-speech tags
= Syntactic parsing results
= Mix different composition types together
= Linear combination approach (RNN)
= Tensor-based approach (RNTN)
= Multiplication approach
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