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 There are many descriptive 
attributes in which works of 
art can be talked about

 Elements of Art: space, 
texture, form, shape, color, 
tone and line

 Principles of Art: movement, 
unity, harmony, variety, 
balance, contrast, proportion, 
and pattern

 Other topics may include: 
subject matter, brushstroke, 
meaning, and historical 
context

VISUAL LANGUAGE OF ART



 Can be as vague as “feeling” to specific as “use of color”
 Can be as personal as “childhood” or as public as “the 

empire state building”
 Which paintings communicate with each other?

WHAT INFLUENCE ARTISTS?



Which paintings are influential? 



Salvador Dalí – “Sacrament of the Last Supper”

http://pavlopoulos.files.wordpress.com/2011/02/dali-sacrament-of-the-last-supper-1955.jpg

http://pavlopoulos.files.wordpress.com/2011/02/dali-sacrament-of-the-last-supper-1955.jpg


http://avinasharora.com/art/starwars/new/star-wars-last-supper-mosaic-72dpi.jpg

Avinash Arora – Star Wars Movie Mosaic

http://avinasharora.com/art/starwars/new/star-wars-last-supper-mosaic-72dpi.jpg


 One important task for art historians is to find influences 
and connections between artists. 

 An artist might be inspired by one painting, a body of work, 
or even an entire style of art.

 Which paintings influence each other? Which artists 
influence each other? 

 Art historians are able to find which artists influence each 
other by examining the descriptive attributes of art (art 
elements and principles). 

WHAT IS ART INFLUENCE?



 Similarities are noted and inferences are suggested by 
READING paintings using the visual language of art

 Unless the artists themselves say it, making claims is 
SUBJECTIVE

HOW DO ART HISTORIANS DETERMINE 
INFLUENCE?

Diego Velázquez’s Portrait of Pope Innocent X (~1650) and Francis 
Bacon’s Study after Velázquez’s Portrait of Pope Innocent X  (1953) shows 
similar composition, pose, and subject matter but a different view of the 
work.



 Making claims about influence 
is both sensitive and subjective

 Is influence a task that a 
computer can measure? 

 Influence is a dif ficult task 
because of the broad criteria for 
what influence can mean

 Can we translate the visual 
language to a computer?

 Can we unearth hidden 
connections in art ?

WHAT DO COMPUTER SCIENTISTS KNOW 
ABOUT ART ANYWAY?

http://thisdreamcatcher.files.wordpress.com/2011/11/interconnected.png

http://thisdreamcatcher.files.wordpress.com/2011/11/interconnected.png


 Immanuel Kant, in his famous “Critique Of Aesthetic 
Judgment”, argued that the judgment of taste, which applies 
to a task such as artistic influence, is not cognitive, and not 
logical, but “aesthetic”, mainly subjective

 Are computers capable of making “aesthetic” judgments ?

 can “artistic influence discovery” benefit from being 
quantitative and objective



 If we determine influence by matching characteristics 
between paintings, the need for a good similarity measure 
becomes prominent

 We are not asserting truths, but instead making suggestions 
(recommendations) for art historian and artists to look at

 We are just scratching the surface of the problem

OUR FOCUS



 In Computer Vision: Considerable research done on object-
recognition in images, similarity between images 

 Limited research on automated classification of paintings
 Sablatnig et al 1998: used brush-strokes patterns to define structural 

signature to identify the artist style  
 Lombardi 2005: studied the use of low-level features (color, texture, 

shade edges) for painting classification
 Widjaja et al 2003: identifying painter from color profile
 Khan et al 2010: used a BoW approach with low–level features of color 

and shades to identify the painter among eight different artists 
 Rockmore et al 2010: painting similarity using low-level image statistics 
 Carneiro et al 2011: annotation and retrieval
 Cabral et al 2011: time and order estimation of paintings
 …

 Very l ittle research on influence
 Li et al 2012: brushstroke analysis to distinguish Van Gogh from 

contemporaries

PRIOR RESEARCH



 Find a good representation to use to measure similarity 
between painting  

 Measure similarity between paintings
 Measure similarity between artists

FRAMEWORK



 Artists can use symbols to express meaning
 Desired: both High-Level (meaning) and Low-Level (color, 

texture) semantics

WHAT KINDS OF SIMILARITIES ARE WE 
LOOKING FOR? 



 Challenge: what features to use to measure similarity between 
painting ? 

 Question: Do high-level features, with semantic representation 
power, have better performance for judging artistic influence ? 
Or low-level features are enough?

 Question: how to test such hypotheses given that the task of 
artistic influence is subjective anyway

 Use a proxy task: style classification 

 Painting Style Classification: 
 Classify a painting to one of several style classes: Renaissance, Baroque, 

Impressionism, Cubism, Abstract, etc.
 Can be easily formulated as a supervised machine learning problem
 Use style classification to learn the models and test it on influence 

discovery

REPRESENTATION



 1710 paintings, part of the Mark Harden's Artchive dataset
 66 artists
 13 styles (Renaissance, Baroque, Neoclassical, Romanticism, 

Impressionism, Post-Impressionism, Expressionism, Cubism, 
Surrealism, Symbolism, American Modernism, Pop, and 
Abstract Contemporary)

 Time period of 1412-1996

DATASET



 Previous study to answer this question: R. Arora and A. 
Elgammal “Towards Automated Classification of Fine-art 
Painting Style: a Comparative Study” ICPR’12

 Comparative study to evaluate dif ferent features and models 
for the task of style classification

 We defined a classification task between seven fine-art styles: 
Renaissance, Baroque, Impressionism, Cubism, Abstract, 
Expressionism, and Popart

STYLE CLASSIFICATION



 Discriminative vs Generative models – using Bag of visual words 
(BoW) methodology

 Discriminative models using semantic-level vs low & 
intermediate-level features



 Bag of visual words: Popular for object recognition; Inspired 
by text categorization literature
 Locating interest points in an image
 Representation of such points/regions using feature descriptors
 Codebook formation using K-Means clustering, to obtain a 

“dictionary” or a codebook of visual words.
 Generate an intermediate-level representations for each image using 

the codebook, in the form of a histogram

 Discriminative: train discriminative classifiers based on the 
BoW representation

 Generative: Learn a latent topic model using LDA [NG et al 
2003, Fei-Fei 2005]



 Low-level features: color histograms, texture banks, edges, 
etc.

 Intermediate-level features: BoW based on stable local 
features:
 SIFT [Lowe 2004]
 CSIFT [Abdel-Hakim et al 2006]
 OSIFT [van de Sande et al 2010]

 High-level semantic features: Classemes [Torresani et 2010]



 Classemes: [Torresani et al 2010]
 Classemes consists of the output of various pre-defined basic 

classifiers trained on a large number of object categories (2659 
categories - optimized), selected from a large term list. 

 These classifiers use a large number of low-level base features 
(GIST, HOG, Color-SIFT…) through multi -kernel learning.

 The Classifier functions of these pre-trained classifiers are then 
util ized to produce a feature vector for a given image (2659 
dimensions)

 Classemes form an intermediate semantic level representation



Overall Summarized Results
Discriminative 
Semantic Model

Discriminative 
BoW CSIFT

Discriminative 
BoW OSIFT

Generative BoW 
CSIFT

Generative BoW
OSIFT

65.4% 48.47% 56.7% 49% 50.3%
Std 4.8% Std 2.45% Std 3.26% Std 2.43% Std 2.46



ACCURACY(
%)

Ba Ab Re Po Ex Imp Cub

Baroque 87.5 0 14.3 0 5.3 17.8 1.78
Abstract 0 64 0 7.1 7.1 1.8 1.9
Renaissance 5.4 0 64.3 5.35 14.3 3.5 0
Popart 0 1.78 1.8 73.1 0 3.5 1.8
Expressionism 1.8 20.2 7.1 3.6 48.2 17.8 12.9
Impressionism 5.36 8 9 5.3 17.8 48.2 9.2
Cubism 0 6 3.5 5.3 7.1 7.1 72.4



 Conclusion of this study is that higher-level semantic 
descriptors of painting performed better for the task of style 
classification.

 What kind of painting similarity such features can capture?



PAINTING SIMILARITY

Vincent van Gogh's Old Vineyard with Peasant Woman 1890 (left) and Joan 
Miro's The Farm 1922 (Right). Similar objects and scenery but different 
moods and style.



PAINTING SIMILARITY



PAINTING SIMILARITY

Georges Braque's Man with a Violin 1912 (Left) and Pablo Picasso's Spanish Still 
Life: Sun and Shadow 1912 (Right)



Bazille’s Studio 9 Rue de la Condamine 1870 Rockwell’s  Shuffleton’s Barber Shop 1950





 Conclusion of this study is that higher-level semantic 
descriptors of painting performed better.

 Let’s dig deeper into the ingredient of classemes and discover 
what features are best to measure similarities between 
paintings.  



 Goal: study the use of metric learning in painting style 
classification

 Intuition: Metric learning will combine the best of the low-
level features to optimize the classification performance

 Features: we use the basic ingredient (base features) used in 
classeme:
 GIST [Oliva and Torralba 2001] 
 Designed for scene categorization6
 Global and local frequency analysis of images 

 HOG (Histogram of oriented gradient) [Dalal and Triggs 2005]:
 encodes the shape and local texture information. 

NEW STUDY: METRIC LEARNING 
APPROACH



 Goal: Learn a task-specific distance function given data + 
supervision [Kulis 2011]

 Generalizes the concept of Mahalanobis distance
 Feature weighting

METRIC LEARNING

 

dM
2 (x,y) = (x − y)T M(x − y)

= (x − y)T GTG(x − y)
= (Gx − Gy)T (Gx − Gy)

= (Gx − Gy) 2

 

min
M

L(M,D) + λR(M)

Loss function:
Supervision using 
Style labels

Regularizer



Approaches:
 Neighborhood Component Analysis (NCA) [Goldberger et al. 

2004] 
 Information-theoretic metric learning (ITML) [Davis et al 

2007]
 Metric learning for kernel regression (MLKR) [Weinberger 

2007]
 Large Margin Nearest Neighbors (LMNN) [Weinberger and Saul 

2009]
 Boost Metric (BM) [Shen et al. 2012]

METRIC LEARNING



STYLE CLASSIFICATION

• Metric Learning on the base features outperforms the classeme baseline
• Proper weighting of low-level features can outperform semantic-level 

features



INFLUENCE INFERENCE FRAMEWORK

In order for influence to be determined:

1. Influencing artist must either overlap time or have works 
prior to the influenced artist

2. Some degree of similarity must be present



 A set of Artists 

 A set of painting for artist al

 Temporal information: For each artist we have a ground truth 
time period where he/she performed their work, denoted by 

PROBLEM FORMULATION



 

A = {al ,l =1L Na}



 

Pl = {pi
l ,i =1L N l}

 

t l = [tstart
l ,tend

l ]



 Compute distance between artists based on a distance between 
their sets of painting

 Painting-to-artist distance

 Artist-Artist distance: set-distance:
 Minimum-link distance
 Central-link distance
 Maximum-link distance (Hausdorff distance)

 Percentile-based Hausdorff distance

 Varying the percentile q allows us to evaluate different settings 
ranging from a minimum distance, to a central tendency, to a 
maximum distance

ARTIST DISTANCE

 

Dq%(Pk,Pl ) = max
i

q%

d(pi
k,Pl )

 

d( pi
l ,Pk ) = min

j
dM (pi

l , p j
k )



 The artist asymmetric distance is used, in conjunction with 
the ground- truth time period to construct an influenced-by 
graph

 The influence graph is a directed graph where each artist is 
represented by a node

 A weighted directed edge between node i and node j indicates 
that artist i is potentially influenced by artist j ,  which is only 
possible if artist i succeed or is contemporary to artist j .

 The weight corresponds to the artist distance (dissimilarity)

ARTIST INFLUENCE GRAPH

 

wij =
Dq%(Pi,P j ) tend

i ≥ tstart
j

∞ o.w.

 
 
 



 Learn painting similarity metric using style labels: minimizing 
the distance between paintings of the same style

 Retrieve the most similar paintings to a query image from 
dif ferent styles.

RETRIEVAL ACROSS STYLES



Gustav Klimt’s Hope (Top Left) and nine most similar images across different styles based on Boost metric. Top 
row from left to right: “Princesse de Broglie” by Ingres; “Portrait, Evening (Madame Camus)” by Degas; “The birth of 
Venus-Detail of Face” by Botticelli; “Danae and the Shower of Gold” by Titian. Lower row from left to right: “The 
Burial of Count Orgasz” by El Greco; “Diana Callist” by Titian; “The Starry Night” by Van Gogh; “Baronesss Betty de 
Rothschild” by Ingres and “St Jerome in the Wilderness” by Durer.



Gustav Klimt’s Hope (Top Left) and nine most similar images across different styles based on LMNN metric. Top 
row from left to right: “Countess of Chinchon” by Goya; “Wing of a Roller” by Durer; “Nude with a Mirror” by Mira; 
“Jeremiah lamenting the destruction of Jerusalem” by Rembrandt. Lower row, from left to right: “Head of a 
Young Woman” by LeonardoDa Vinci; “Portrait of a condottiere” by Bellini; “Portrait of Old Women” by Goya and 
“La Schiavona” by Titian.



MOST SIMILAR PAINTINGS 
ACROSS STYLES

 Learn painting similarity metric using style labels: minimizing 
the distance between paintings of the same style

 Using the new metric, find the most similar pair of paintings, 
with dif ferent styles



Metric: LMNN
Top: “Girl in a Chemise” by Picasso (left) and “Madame Cezanne in Blue” by Cezanne (right)
Bottom: “The Burial of Count Orgasz; Detail of pointing boy” by El Greco (left) and “Young Girl with a 
Parrot” by Moriso



Metric: LMNN
Top: “Lady in a Green Jacket” by Macke (left) and “Two Young Peasant Women” by Pissaro (right)
Bottom: “The Feast of the Gods” by Bellini (left) and “Burial of the Sardine” by Goya (right)



Metric: Boost Metric
Top: “Portrait of a Lady” by Klimt (left); “Head of a Young Woman” by Da Vinci (right) 
Bottom: “Head” by Da Vinci (left) and “The Artist and his Wife” by Ingres (right)



Metric: BoostMetric
Top: “The Garden Terrace at Les Lauves” by Cezanne (left) and “View of Delft” by Vermer (right)
Bottom: “The Wire-drawing Mill” by Durer (left) and “Un village” by Morisot (right)



 We collected ground-truth artist influences for validation
 Measuring performance: 
 Consider the closest K artists in the influence graph, and if a known 

influence is detected, count as a hit
 Compute overall recall: correct influence detected/total known 

influences.
 Since ground truth is strict and subjective, many detected 

influences can be correct although not in our ground truth. 
So no meaning for precision.

 For sake of comparing of methods relatively

EVALUATION – INFLUENCE DISCOVERY



Artist Influenced by:
BAZILLE MANET MONET RENOIR SISLEY DELACROIX
BELLINI MANTEGNA
BLAKE RAPHAEL MICHELANGELO
BOTTICELLI
BRAQUE Picasso CEZANNE

Bacon Picasso VELAZQUEZ VAN_GOGH REMBRANDT
Beckmann CEZANNE Munch

CAILLEBOTTE DEGAS MONET
CAMPIN

CARAVAGGIO
CEZANNE PISSARRO
Chagall Picasso

DEGAS VELAZQUEZ DELACROIX

DELACROIX MICHELANGELO RUBENS EL_GRECO
DELAUNAY

DONATELLO GHIBERTI
DURER BELLINI MANTEGNA
EL_GRECO TITIAN MICHELANGELO

GERICAULT MICHELANGELO RUBENS



HD - q% 5 10 15 20 25

Manifold- 1% 26.3 51.3 73.7 85.5 89.5

1% 26.3 48.7 76.3 81.6 88.2

10% 26.3 54 73.7 81.6 85.5

50% 27.6 55.3 71 80.3 84.2

90% 23.7 52.6 68.4 75 79

RECALL

Recall based on different k-NN results and different Hausdorff percentile
Using classeme features



RECALL
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RECALL (METRIC LEARNING)

q=50%



q=50%



Recall for top 5 influences







MAP OF ARTIST

 The influence graph can be used to achieve a visualization of 
artists and their similarities

 We used ISOMAP [Tenenbaum 2000] to achieve a low-
dimensional embedding of the artist influence graph

 ISOMAP computes the shortest path on the graph between 
each two artists, and use that to achieve an embedding using 
multi-dimensional scaling



MAP OF ARTIST



MAP OF ARTIST





 We just scratched the surface of the problem of 
automated discovery of artist influence

 Pose the question of influence between painters as a 
knowledge discovery problem

 We studied the problem of paintings style classification, 
 We presented a comparative study of discriminative vs

generative methods, with different visual features
 We presented a comparative study of metric learning 

approaches for style classification
 Provide results of both qualitative and quantitative value
 The best method for style classification is not necessarily 

the best for influence recommendations

CONCLUSIONS



 Include additional measurements such as fine texture or 
brushstroke

 Learn artist-to-artist distance function based on ground-truth 
influence data

 Develop algorithms for explicitly model and quantify the 
elements of art (space, texture, form, shape, color, tone and 
line) and principles of art (movement, unity, harmony, variety, 
balance, contrast, proportion, and pattern) 

 Work more with art historians to validate our results

FUTURE WORK
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