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Motivation

Motivation

MOEAs: An arsenal of techniques an algorithms

@ Methods for assessing the quality of PS approximations.
@ Metrics for comparing the performance of algorithms.
@ Landscape analysis of MOPs.

@ Methods that capture and exploit dependencies between
variables and objectives.

@ How to exploit this repertoire of techniques beyond the
scope of multi-objective optimization?
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Motivation

Motivation

Can we apply MOEA analytical tools beyond MOEAs?

@ Multiple (dimensions, objectives, criteria).

@ High dimensional spaces.

@ Need to rank or select solutions according to multiple
(usually ill-defined) criteria.

@ Need to understand the inner organization or structure of
the domain.

@ Convenience of characterizing elements (or instances) of
the domain.
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Embedding spaces

Language representation problem

Word embbedings

@ Each word of a given corpus is encoded by a vector of real values.
@ Assumption: words that has a close vector representation share a linguistic

relationship.
@ Cosine distance is used

dixp) =1 — — 2tV 1)
VE ey L0
[ word [ x0 [ x1 [ x2 |

boy 080 | 1.1 | -1.13
amazing | -1.14 | -0.1 -0.92
honest 2.01 -0.5 1.42
good 0.75 1.8 | -0.09
bad -0.1 -2.1 1.34

Table: Examples of embeddings in three dimensions.
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Embedding spaces

Embedding spaces

Word embeddings

@ Word vectors can be used to capture semantic
relationships and make inference.

@ Examples of relationships: gender-inflections,
geographical relationships.

ot

Relationships captured by embeddings

o Letw represent the word-vector for word w.
o Example 1: boy — girl ~ mah — woman.
o Example 2: king — man + woman = queeh
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MOP approach to embedding spaces

Related work

Evolving algebraic operations on word-embeddings
@ Finding answers to the word analogy completion problem.

GP-based kernel evolution of word-vector embeddings

@ Sentiment analysis and translation editing effort estimation
(Roman et al (2019,2019a)).

Ij R. Santana.:2017
Reproducing and learning new algebraic operations on word embeddings using genetic programming.
arXiv:1702.05624. 2017
Ij I. Roman, R. Santana, A. Mendiburu, J. A. Lozano.:2019
Evolving Gaussian Process kernels for translation editing effort estimation.
Proceedings of Learning and Intelligent Optimization Conference (LION). 2019
Ij I. Roman, R. Santana, A. Mendiburu, J. A. Lozano.:2019a

Sentiment analysis with genetically evolved Gaussian kernels.
Proceedings of Genetic and Evolutionary Conference (GECCO). 2019
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MOP approach to embedding spaces

Pareto fronts of word embeddings

Objective functions

@ A set of reference words A = {ay,...,am} C Vis given.

@ One objective function f;(x) — R for each word a; in A.

® fi(x) = d(x, &).

@ Problem: Finding the set of non-dominated
word-embeddings for functions (fi, ..., fn).
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MOP approach to embedding spaces

Non-dominated

word-embeddings (four problems)
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MOP approach to embedding spaces

Non-dominated word-embeddings
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MOP approach to embedding spaces

Non-dominated word-embeddings
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MOP approach to embedding spaces

Applications

Pareto fronts of word embeddings

@ Conceptual blending.
@ Characterization of word-pair similarities from PF metrics.

@ Identification of gaps (significant segments without words)
in the Pareto front.

@ Filling gaps with algebraic methods and MOEAs.

@ Sensitivity analysis of embedding spaces (how PSs
change with embeddings spaces).
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MOP approach to embedding spaces

Conceptual blending

Problem

@ The process of taking two input mental spaces (representing concepts) and
mixing them together to make a blended mental space that is novel (Heath et
al:2015).

@ Useful for literary analysis and slogan creation.

@ Word-vectors in the central area of the PF offer interesting, usually unexpected
ways of conceptual blending.

Approach

@ Use transitions between extreme solutions of the PF as explanatory paths.
@ Central solution are often interesting, unexpected ways of conceptual blending.
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MOP approach to embedding spaces

Embedding spaces
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MOP approach to embedding spaces

Embedding spaces
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MOP approach to embedding spaces

Embedding spaces
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MOP approach to embedding spaces

Embedding spaces
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MOP approach to embedding spaces

Word-pair similarities from PF metrics

Problem: estimate word-pair semantic similarity

@ How to estimate the semantic similarity between two words?
@ Examples: (tiger,cat,7.35);(king,cabbage,0.23);(fertility,egg,6.69)

@ Usually, the distance between the words in the embedding space is taken as a
surrogate.

Measures of association between words (Turney and Littman:2003)

SOA(W) = Z Aw, w*) — Z Aw, w™) @)
wt e Pwords w— € Nwords
S0 = d(Wpean, W) — d(Wrean, W) (3)
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MOP approach to embedding spaces

Applications

Pareto word-embedding approach

@ Take the two words as references.

© Compute sets of non-dominated solutions.
© Use PF descriptors as surrogates.

PF Descriptors
@ Number of word-vectors in the PS.

@ Number of Pareto Fronts (depth of the embedding space).
@ Hypervolume.
@ Spacing.
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MOP approach to embedding spaces

Word-pair similarities from PF metrics

Correlation betwen |PF| and similarity for word-pairs

Similarity
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Solutions in the Pareto set
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MOP approach to embedding spaces

Word-pair similarities from PF metrics

Correlation betwen word-pair dist. and word-pair similarity
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MOP approach to embedding spaces

Applications

Stability of embedding spaces

@ Embedding space stability: Percent of overlapp between
nearest neighbors in an embedding space.

@ Embedding spaces are sensitive to many factors: vector
dimensionality, word corpus, learning algorithm, learning
parameters.

ot

Approach

@ Use PFs defined by the same set of words but in two or
more embedding spaces.

© Use methods for comparing PFs approximations (e.g.,
coverage) to evaluate changes in the embedding spaces.
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MOP approach to embedding spaces

Applications

Stability of embedding spaces

word 1 word 2 50 100 200 300
death row 12 10 8 8
good bad 5 2 2 2
strong weak & 3 2 2
active passive 7 3 2 2
big small 7 4 4 3
king queen 2 2 2 2
woman man 2 2 2 2
girl boy 2 2 2 2
sister brother 8 5 6 4
daughter son 2 2 2 2

Table: Number of solutions in the first PF for different dimensions of
glove vectors.
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MOP approach to embedding spaces

Applications

Stability of embedding spaces

word 1 word 2 50 100 200 300
death row 1912 1983 1877 1708
good bad 2538 2811 2605 2332
strong weak 2353 2602 2288 2075
active passive 1772 1882 1762 1645
big small 2321 2629 2491 2165
king queen 2304 2469 2259 2056
woman man 2831 3004 2639 2393
girl boy 3088 3362 2793 2605
sister brother 2188 2521 2197 2020
daughter son 2851 3114 2830 2576

Table: Number of PFs for different dimensions of glove vectors.
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MOP approach to embedding spaces

Applications

Identify and fill gaps in the PF

@ Problem: Identify isolated words in the PF where
surrounding PF areas are empty (gaps in the significants).

@ Approach: Use HV and other metrics to identify these
words.

@ Use MOEAs for populating these areas with
word-embeddings mapping to “ghost words”.
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Conclusions

Conclusions

Methods for assessing the quality of of PF approximations

@ Word embedding spaces can be analyzed from the
perspective of MOPs.

@ PF descriptors serve as semantic association surrogates
and for evaluating embedding spaces stability.

@ MOEAs can be used for populating word-vector spaces.
@ Analyzing PFs for more than two-words, and many words.

@ Analyzing variable-objectives interactions for disentangled
embeddings.

@ Is it possible to compute PFs for sentences?
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