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GoalaandContributions

A Goalls

1. Enrich the computational aesthetics field, byaccounting for
the personalsphere

2. Consider an aesthetical preferencas asocialsignal, that can
be captured and interpret byothers

A Contributions:

PersonalAesthetics
A A new soft biometric trait

A A new sociakignalfor PersonalityComputing

Collection ofa personalityaugmented image dataset of
aesthetical preferencesPsychoFlickr




Outline

APart I
A PersonalAestheticsfor Soft Biometrics

Computational Aesthetics(features)

A new softbiometric trait
LassoRegressiomapproach
Multiresolution Regressionapproach

APart II:

A PersonalAestheticsfor PersonalityComputing
SocialSignalProcessing

A new sociakignalfor PersonalityComputing
Multiple Instance Regressiorapproach
Convolutional Neural Network

A Conclusionsaand FutureWorks



Computational Aesthetics

Definition

Computational Aesthetics aimsat

make applicable aesthetic decisions in a
similar fashion as humans can

A Aesthetics study of beauty andtaste (Honeigs p x v

A Computational Aesthetics focuses mostly on 1
capturing and modeling ageneral and shared/
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State of the art

AAesthetics- Psychology
V Applied mainly to paintings 2 axi ei ¢co ovi v
V It studies how individual preferences can be modeled, depending on
the subject at handrumamop =
V Guidelinesof appreciation

AComputational Aesthetics- Computer Vision
V Appliedto digital images
V It aims at finding a general sense of beauty

V Many applications prediction of aestheticscore,recommender
systems features engineering

V It studies features which capture perceptual and content based
features [Biedermand P Mufhamé PGirshickd = P ¥

V Recently, it exploit the wisdom of crowds for learning common
preferences (Flickretc) s - Aaoeenpkas¥n -1000A0 65T



Computational Aesthetics Featu

Lowlevekepresentation

Category |Name L |Short Description
Use of light 1 |Average pixel intensity of V channel
HSV statistics 3 |Mean of S channel and standard deviation of S, V channels
Color Emotion-based 3 [Amount of Pleasure. Arousal. Dominance
Circular Variance 1 |Circular variance of the H channel in the IHLS color space
Colorfulness 1 |Colorfulness measure based on Earth Mover’s Distance (EMD)
; - Amount of Black, Blue, Brown, Green, Gray, Orange, Pink, Purple, Red,
Color Name 11 _
White, Yellow
Edges 1 |Total number of edge points, extracted with Canny
Level of detail 1 |Number of regions (after mean shift segmentation) \
C ... |Regions 1 |Average size of the regions (after mean shift segmentation)
omposition . : : .
Low depth of field 3 Amount of focus sharpness in the inner part of the image w.r.t. the overall
(DOF) ~ focus
Rule of thirds 2 [Mean of S.V channels in the inner rectangle of the image
Image parameters 1 |Size of the image
Entropy 1 {Image entropy
War . Level of spatial graininess measured with a three-level (L1,12,L3)
Navelet textures 12 . —
Texture Daubechies wavelet transform on the HSV channels
Tamura 3 [Amount of Coarseness, Contrast, Directionality
CLOM.fontures 19 Amount of Contrast, Correlation. Energy, Homogeneity for each HSV
channe
Objects detectors . in particular, here are the objects for which de-
Objects 98 tectors are available: people: pla'r‘ze: bike, bird, boat, bottle, bus, car, cat,
Content dog, table, horse, motorbike, chair. In all the cases we kept the number
of instances and their average bounding box size
Faces 2 [Number and size of faces after Viola-Jones face detection algorithm
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Soft Biometrics

Soft Biometrics physical,behavioralor HCI humarcharacteristics, classifiable
in pre-defined human compliantcategories,for establishing the identity of an
individual

Traitswhich acceptthis definitioninclude, but are not limited to

A Physicalskincolor, eyecolor, haircolor, presence of beard, presence
of moustache, height, weight.

A Behavioralgait, postures, gestures.
A Adheredhuman icharacteristicslothescolor, tattoos, accessories

A HCOlbased use of Internet applications, chatting, browsing histories,
mouse dynamics —, personal aesthetiés,

11



A New Soft Biometmait baseon Personal Aesthet
MIRapproach

200 X 2 |

e: . i .. i
A Goal:discriminate a single
user from all the otherones

A Personal aesthetics is
exploited into a biometric
recognition/authentication
systent

(P9

oy

)

Yy

)

V Enrollment stage: the |
OPOAAEAOAT AA |
user islearnedfrom a setof
preferredimages

V Verification/recognition
phase the usermodel is
tested with an unseen set

" of favorites preferred bya

w P probe subject.

(0 H - S

[P. LovatoM. BicegoC.SegalirA. PerinaN. SebeM. CristaniFaved biometrics: tell mewvhich imageyou like and Ill tell you who you are. 12
IEEE Transactions on Information ForersickSecurity2014]



A New Soft Biomeimait baseon Personal Aesthet
MIRapproachExamples f user so0 preferrec
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A Newsoft Biometric Trait based on Personal Aest
MIRapproach Enrollment

Learning of theloadingis performed by LASSQegressionasa
binary problem on all the training set

—p the feature vector
_ (WT
yn - W Xn .
N— —» the coefficientsvector
|\ITR 2
(U) | = A (u)
where E(W )_a ( - W Xn)
n=1

D
subjectto the sparsityconstraint a ‘W d‘ Ct

d=1
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A Newsoft Biometric Trait based on Personal Ae
MIRapproachResulbfenrollment
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A New Soft Biometric Trait based on Personal Ae
MIRapproach Matchingcore

I

A Givenan image¢ of the unknown subject0, the goalisto
evaluatehow probably it ispreferred by asubjecto
(to checkif 6 and v do match))

A Intuitively, the expressivityof a single imagés limited, so
multiple test images (Np belongingto the samesubject
aretakeninto account, and thefinal matching scoreis

brgu,v) — VV(u)TXE]v)

N
pluy) — 1 -TEb(u,v)
a b,

NTE n=1
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A New Soft Biometric Trait based on Paesbimetlic:
MIRapproachResult®fAuthenticatigqerification
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A New Soft Biometric Trait based on Personal A
MIRapproachResult®fRecognitiofidentificatipn
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Rank score
Protocol rank 1 | rank 5 | rank 20 | rank 100
I probe image 0.063 0.188 0.408 0.829
5 probe images 0.143 0.399 (.688 0.966
20 probe images 0.254 0.629 (.883 0.998
100 probe images 0.359 0.796 0.970 0.999 18




Mapping Image Preferences on a C@mding

Organizingndmakingenseof Bag of Words

A Generative model foffeature extraction and information
Visualization[Perina& JojicCVPR 2011, undeaitenting]

A An imageis modeled asan histogramof features

2D smooth
feature
manifold

eachloCation
acombination
of features
values
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Mapping Image Preferences on a C&mding

Embeddingapofuseraesthetipreferences

Alnferenceshavebeenusedto extract where the images of
auserare, creatingusermaps
B 2t 2kjiew,, ity

- ZtZkHEW’k Gkt
A0 AT Dprefetefzesare clusters in thegrid!

v(i)
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Mapping Image Preferences on a Counting

Embeddingapofuseraesthetipreferences




Statistical GeneratWeltiresolutidpproach

MRC@pproachlinitializatiostep

Training images y Multi-resolution
Bags of features . .
g counting grid
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Statistical GeneratWeltiresolutidypproach
MRC@Gpproach Visualizatiosf mutliresoluti®@iGs

20 25 35 40 4

%
res 35(S=10)
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Statistical Generatweltiresolutidpproach
MRC@pproachEnroliment

Multiple SVM

Gallery user X' Embedding maps training
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Statistical Generatweltiresolutidpproach

MRC@pproachVisualizatiasf embeddingnaps
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Statistical Generatwealtiresolutidypproach
MRCG@pproachldentificatioverification
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Probe user X : Multiple SVM
Embedding maps classification
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Statistical GeneratWeltiresolutidypproach

I\/IRCG,aeeroach |dentificatidverificatioresults
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[C.SegalimA.PerinaM.Cristanj Personafestheticdor SoftBiometrics A generative MultresolutionApproach ICMI 2014]
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Statistical Generatwealtiresolutiédypproach
MRCChEEroachFeaturé\nalysis
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Recognition rate
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A Robustnessf features =——p» Featureleantiing

A MisseddislikedasethetiCS —  Euture work

A Lackof distinctiveness

A Variabilityof aesthetics

A Numberof images

10
Rank score

PersonaittyComputiing

15
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Statement: Social Signal Processir

Motivatioanddefinition

SocialSignalProcessing almsatunderstandlng Seyeintogy

«social signalsi.e., s
Vimplicit, unconsmouscuesthat communicate "\ processing
something, outside the verbal content Pattern

Vthat dependon implicit cognitive procesSseSvincireliet al 2009] s

Social cues Example social behaviours Tech.

Emotion Personality Status Dominance Persuasion Regulation Rapport Speech analysis Computer vision Biometry

Physical appearance

Height o o Vv v
Attractiveness Vv v Vv 4 Vv Vv v
Body shape Y Vv Vv v
Gesture and posture

Hand gestures of of Vv v v v v
Posture v v v v v v v v %
Walking of v Y v
Face and eyes behaviour

Facial expressions Vv Vv Vv Vv Vv V4 v Vv v
Gaze behaviour v v Vv Vv A v o o

Focus of attention o v v Vv Vv v v Vv

Vocal behaviour

Prosody o o v v Vv Vv

Turn taking of of Y Vv Vv v v

Vocal outbursts o o v Vv v v v

Silence o v Vv Vv

Space and environment

Distance of of o v v v

Seating arrangement Vv v v Vv

35
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The Big Five

AExtraversion Active, Assertive, Energetic, Outgoing

AAgreeableness Appreciative, Forgiving, Generous, Kind,
Sympathetic, Trusting

A ConscientiousnessEfficient, Organized, Reliable,
Responsible, Thorough

ANeuroticismt Anxious, Selpitying, Tense, Touchy,
Unstable, Worrying

AOpenness Artistic, Curious, Imaginative, Insightful

2 35-C2 DR NNE=2RISH £ & ¢
22 2A33AYya OSRPUOXI H
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State of the art

A Implicit cognitive processes:
V Study the perception of profile pictures on social mediaeovcaoai 4 spvy

V Perception of profile from all elements that can appear in a online profile
f' 1T Ol ET ¢ OPI Y

V Prediction of favoriteimages;, i vaoi o6z1v

V Emotions through the characteristics of paintingSebesri v

A Main resuilt:
V Confirm the action of the implicit cognitive processes when using
multimedia data
V ldentification of correlations between aesthetic preferences and
personality

37



State of the art

A Aestheticsz Psychdlogy

V Big Five personality traits are taken as individual characterizati@@mstedatop afy

V High Openness correlates to liking pictures with few elememtsvingsvi v

V High Openness correlates to liking pictures with ~"compleahd
““meaningful" polygons rawingovi v

V Extrovert people prefer humanized landscap@oeiosi wy

38



The Brunswick Lens Model

Externalization Perception Attribution
APR <= Feature 1 > APP
/W Feature 2 —P%
M— Feature 3 m
/_ \ Perceptual
State transient
v, (physiological » _ JE(.jgmen
_:’" “,  conditions) Functional o
L "‘.... “‘.': A stable Vahdlty :
L (personality
measure traits)

Data
Producer

Consumer

_/ measure
Feature N-2 _/ Data
Feature N-1 /

I

Feature N

» Ecological _ Representation
Validity Validity
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Personality from aesthetic preferen

MIRapproach DataseCollection

A 300 Flickr professional users (thdata produce}
A For each user:

V Take 200 randonfavedimages, from which we extract
A 15 computationabesthetic featuresDattad PWAAEAEREAEB3 X P
A 14 objects, scenedelzenszwaltetal.d = PhA ® EAHIA8 OP X
V Let him fill a personality questionary (the Big Five Inventory 10)
A It gives5 scores(-4...4) for the personality traits ofOpenness, Consciousness, Extraversion,

Agreableness, Neuroticism A the State

[C.SegalinM.Cristanj A.PerinaA.VinciarelliA Multiple Instance Regression Approach for Mapping AestRegiferencesinto 40
Personality TraitdEEE oAffectiveComputing, 2014]



Personality from aesthetic preference
MIRapproadhDassetcollection ’

A 12 assessors (theéata consumey
A For each assessor:

V Check the200favorites of each user

V For each userfill the BFI questionnaireinferring how the user
could be!

VVWe check homogeneity in the scores and the average of the test
was computed. 4 Perceived State

41



Personality from aesthetic preference
MIRapproachGoals

A At this point we want to:

1. Measurecorrelationsstate/perc. state,
state/feats perc state/feats Ope(S)  Con(s)  EXUS)  AGNS)  Neus)

100 50

2. Given the faved pictures of a use s° 25

-4-2024 -4-2024 -42024 -4-2024 -4-2024

Ainfer the state Ope(A)  Con(A)  ~Ext(A)  Agr(A) A Neu(A)

Ainfer the perceivedstate Y m 20 H 20

4-2024 -4-2024 -4-2024 -4-2024 -4-20214

25
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Personality from aesthetic preference

MIRapproachStatisticallsignificardorrelations

Corr.state/perceived state 0.26

Externalization 014
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Personality from aesthetic preference
I\/IIRaeeroathisualizati(mfcorrelations

0.12  #People  0.52 f
Extraversion é 0.12  Size People 0.40 3 "
/ ﬂ;..}] )

0.16 # Faces 0.46

e [ LA o
% 8 e D, % = &N

-

(perceived) High (perceived) Low
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