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Goalsand Contributions
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ÁGoals:
1. Enrich the computational aesthetics field, by accounting for 

the personal sphere 

2. Consider an aesthetical preference as a social signal, that can 
be captured and interpret by others

ÁContributions:

Personal Aesthetics: 

Å A new soft biometric trait

Å A new social signalfor PersonalityComputing

Collection of a personality-augmented image dataset of 
aesthetical preferences: PsychoFlickr



Outline

ÁPart I: 
ÅPersonal Aestheticsfor Soft Biometrics

ComputationalAesthetics(features)

A new soft biometric trait
Lasso Regressionapproach

Multiresolution Regressionapproach

ÁPart II:
ÅPersonal Aestheticsfor PersonalityComputing

Social SignalProcessing 

A new social signalfor PersonalityComputing
Multiple InstanceRegressionapproach

Convolutional Neural Network

ÁConclusionsand Future Works
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Computational Aesthetics
Definition

ComputationalAesthetics: aimsat
developing«computational methods that can 
make applicable aesthetic decisions in a 
similar fashion as humans can»

Ą personalaesthetics!
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ÁAesthetics: study of beauty and taste [HoneigȭΡΧɎ

Á Computational Aesthetics focuses mostly on 
capturing and modeling a general and shared 
ÓÅÎÓÅ ÏÆ ÂÅÁÕÔÙȣ ɍ!ÄÁÍÓ ȬΡΥɎ

Áȣ ÁÕÔÏÍÁÔÉÃÁÌÌÙ ÓÅÌÅÃÔ ÈÉÇÈ ÁÅÓÔÈÅÔÉÃ ÑÕÁÌÉÔÙ 
images from large image collections [DharÅÔ ÁÌȢ ȬΣΣɎ

Áȣ ÂÕÔ ÔÈÅ ÂÅÁÕÔÙ ÉÓ ÉÎ ÔÈÅ eye of the beholder! 
[BeidermanǪ 6ÅÓÓÅÌ ȬΡΥɎ



State of the art

ÁAesthetics -Psychology
VApplied mainly to paintings ɍ2Á×ÌÉÎÇÓ ȬΫΪɎ

VIt studies how individual preferences can be modeled, depending on 
the subject at hand [FurhamȬΡΣ]

VGuidelinesof appreciation

ÁComputational Aesthetics -Computer Vision
VApplied to digital images

VIt aims at finding a general sense of beauty 

VManyapplications: prediction of aestheticscore, recommender
systems, featuresengineering

VIt studies features which capture perceptual and content based 
features [BiedermanȭΡΨȟ FurhamȭΡΣȟ GirshickȬΣΡɎ

VRecently, it exploit the wisdom of crowds for learning common 
preferences (Flickr, etc) ɍ"ÁÃÕËÈÁÇÅȭΣΥȟ   DharȭΣΣȟ -ÕÒÒÁÙ ȬΣΤ]

6



7

Computational Aesthetics Features:
Lowlevelrepresentation



Personal Aesthetics for Soft Biometrics
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Soft Biometrics

Soft Biometrics:  physical, behavioral or HCI human characteristics, classifiable 
in pre-defined human compliant categories, for establishing the identity of an 
individual. 

Traits which accept this  definition include, but are not limited to:

ÁPhysical: skin color, eye color, hair color, presence of beard, presence 
of moustache, height, weight.

ÁBehavioral: gait, postures, gestures.

ÁAdhered human characteristics: clothes color, tattoos, accessories.

ÁHCI-based: use of Internet applications, chatting, browsing histories, 
mouse dynamics               personal aesthetics
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A New Soft Biometric Trait based on Personal Aesthetics
MIRapproach

ÁGoal: discriminate a single 
user  from all the other ones

ÁPersonal aesthetics is 
exploited into a biometric 
recognition/authentication 
system:

VEnrollment stage: the 
ȰÐÒÅÆÅÒÅÎÃÅ ÍÏÄÅÌȱ ÏÆ Á 
user is learned from a set of 
preferred images

VVerification/recognition 
phase, the user model is 
tested with an unseen set 
of favorites preferred by a 
probe subject.

[P. LovatoM. BicegoC. SegalinA. PerinaN. SebeM. Cristani. Faved! biometrics: tell me which image you like and Ill tell you who you are. 
IEEE Transactions on Information Forensics and Security 2014.]
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User 38

User 94
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User 134
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A New Soft Biometric Trait based on Personal Aesthetics
MIR approachïExamplesof usersô preferred pictures



A New Soft Biometric Trait based on Personal Aesthetics
MIRapproach- Enrollment

Learning of the loading isperformed by LASSO regressionasa 
binaryproblem on all the training set

where

subject to the sparsityconstraint
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A New Soft Biometric Trait based on Personal Aesthetics
MIRapproach- Resultofenrollment
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A New Soft Biometric Trait based on Personal Aesthetics
MIRapproach- Matchingscore

ÁGivenan image ὲof the unknown subjectὺ, the goal is to 
evaluatehow probably it ispreferred by a subjectό
(to checkifόand ὺdo match!)

ÁIntuitively, the expressivityof a single image is limited, so 
multiple test images (NTE) belonging to the samesubject
are taken into account, and the final matchingscore is
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A New Soft Biometric Trait based on Personal Aesthetics
MIRapproach- Resultsof Authentication(Verification)
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A New Soft Biometric Trait based on Personal Aesthetics
MIR approach- Resultsof Recognition(Identification)
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ÁGenerative model for feature extraction and information 
visualization[Perina& JojicCVPR 2011, under patenting]

ÁAn image ismodeledasan histogramof features

Mapping Image Preferences on a Counting Grid
Organizingandmakingsenseof Bag of Words

2D smooth
feature
manifold

eachlocation:
a combination
of features
values

Image
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Mapping Image Preferences on a Counting Grid
Embeddingmapofuseraestheticpreferences

ÁInferenceshavebeenusedto extract where the images of 
a userare, creatingusermaps

Á0ÅÏÐÌÅȭÓpreferencesare clusters in the grid! 

USER 1

USER 2

Χ
USER N

USER 1

USER 2

USER N
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Mapping Image Preferences on a Counting Grid
Embeddingmapofuseraestheticpreferences
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Statistical Generative MultiresolutionApproach
MRCGapproach- Initializationstep
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Statistical Generative MultiresolutionApproach
MRCGapproachïVisualizationofmutliresolutionCGs
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Statistical Generative MultiresolutionApproach
MRCGapproach- Enrollment
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Statistical Generative MultiresolutionApproach
MRCGapproach- Visualizationofembeddingmaps
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Statistical Generative MultiresolutionApproach
MRCGapproach- Identification/Verification



[C.Segalin, A.Perina, M.Cristani, Personal Aestheticsfor Soft Biometrics: A generative Multi-resolutionApproach, ICMI 2014] 28

Statistical Generative MultiresolutionApproach
MRCGapproachïIdentification/Verificationresults



[C.Segalin, A.Perina, M.Cristani, Personal Aestheticsfor Soft Biometrics: A generative Multi-resolutionApproach, ICMI 2014] 30

Statistical Generative MultiresolutionApproach
MRCGapproach- FeatureAnalysis
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Statistical Generative MultiresolutionApproach
MRCGapproach- Limitations

ÁRobustnessof features
ÁMisseddislikedasethetics
ÁLackof distinctiveness
ÁVariabilityof aesthetics
ÁNumberof images

FeatureLearning

PersonalityComputing

Future work



Computing Personality 

from 

Aesthetic Preferences
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Statement: Social Signal Processing
Motivationanddefinition

Social SignalProcessing: aimsat understanding
«social signals» i.e., 
Vimplicit, unconsciouscuesthat communicate
something, outside the verbalcontent
Vthat dependon implicit cognitive processes[Vinciarelli et al. 2009]

Social
Psychology

Pattern 
Recognition

Social Signal
processing

[Social  Signal Processing Survey of an Emerging Domain. Vinciarelli, Pantic, Bourlard, JIVC]
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The Big Five

ÁExtraversion: Active, Assertive, Energetic, Outgoing

ÁAgreeableness: Appreciative, Forgiving, Generous, Kind, 
Sympathetic, Trusting

ÁConscientiousness: Efficient, Organized, Reliable, 
Responsible, Thorough

ÁNeuroticism: Anxious, Self-pitying, Tense, Touchy, 
Unstable, Worrying

ÁOpenness: Artistic, Curious, Imaginative, Insightful

ώ{ŀǳŎƛŜǊΣ DƻƭŘōŜǊƎΣ ά¢ƘŜ [ŀƴƎǳŀƎŜ ƻŦ tŜǊǎƻƴŀƭƛǘȅΥ [ŜȄƛŎŀƭ tŜǊǎǇŜŎǘƛǾŜǎ ƻƴ ǘƘŜ CƛǾŜ-CŀŎǘƻǊ aƻŘŜƭέΣ ƛƴ ά¢ƘŜ 
Five-CŀŎǘƻǊ aƻŘŜƭ ƻŦ tŜǊǎƻƴŀƭƛǘȅέΣ ²ƛƎƎƛƴǎ όŜŘΦύΣ нм-50, 1996]
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State of the art

ÁImplicit cognitive processes:
VStudy the perception of profile pictures on social media ɍ&ÉÔÚÇÅÒÁÌÄ ȭΡΫɎ

VPerception of profile from all elements that can appear in a online profile 
ɍ'ÏÓÌÉÎÇ ȬΡΪɎ

VPrediction of favorite images [,ÏÖÁÔÏ ȬΣΤɎ
VEmotions through the characteristics of paintings [SebeȬΡΪɎ

ÁMain result:
VConfirm the action of the implicit cognitive processes  when using 

multimedia data
VIdentification of correlations between aesthetic preferences and 

personality
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State of the art

ÁAesthetics ɀPsychology
VBig Five personality traits are taken as individual characterization [RammstedtȬΡΩɎ

VHigh Openness correlates to liking pictures  with few elements[RawlingȬΫΪɎ

VHigh Openness correlates to liking pictures  with ``complex'' and 
``meaningful''  polygons [RawlingȬΫΪɎ

VExtrovert people prefer humanized landscape [AbelloȬΪΨɎ
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The Brunswick Lens Model
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Personality from aesthetic preferences
MIRapproachïDatasetCollection

Á300 Flickr professional users (the data producer)

ÁFor each user:

VTake 200 random favedimages, from which we extract
Á15 computational aesthetic features [DattaȭΡΨȟ -ÁÃÈÁÊÄÉÃËȭΣΡ]

Á14 objects, scenes [Felzenszwalbet al. ȭΣΡȟ/ÌÉÖÁ ÅÔ ÁÌȢ ȬΡΣ]

VLet him fill a personality questionary (the Big Five Inventory 10)
ÁIt gives 5 scores (-4...4) for the personality traits of Openness, Consciousness, Extraversion, 

Agreableness, Neuroticism

+

Ą the State
[C.Segalin, M.Cristani, A.Perina, A.Vinciarelli, A Multiple Instance Regression Approach for Mapping Aesthetic Preferences  into 
Personality Traits, IEEE on AffectiveComputing, 2014]
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Á12 assessors (the data consumer)

ÁFor each assessor:

VCheck the 200 favorites of each user

VFor each user, fill the BFI questionnaire, inferring how the user 
could be!

VWe check homogeneity in the scores and the average of the test 
was computed. 

+

ĄPerceived State

Personality from aesthetic preferences
MIR approachïDatasetcollection

41



ÁAt this point we want to:

1. Measure correlationsstate/perc. state,
state/feats, perc. state/feats

2. Given the faved pictures of a user

Áinfer the state

Áinfer the perceivedstate

1 1

22

Personality from aesthetic preferences
MIR approach- Goals
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state/feats perceived state/feats

Corr.state/perceived state 0.26

Personality from aesthetic preferences 
MIR approach- Statisticallysignificantcorrelations
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Extraversion
0.12 #People 0.52

0.12 Size People 0.40
0.16 # Faces 0.46

(perceived) High (perceived) Low

Personality from aesthetic preferences
MIR approachïVisualizationof correlations
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