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Flickr image tags as examples of social annotations
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Illustration of Flickr image tags and the mapping to 
different social tagging classification schemas

Sen et al.[7] Bischoff et al.[6] Examples
Topic Lake, plant life, water, sky
Ti 2007

Factual
Time 2007
Location Malaysia, Asia
Type Nikon, d50, landscape, 200mm 
Author/Owner N/A

Subjective Opinions/Qualities impressed beauty, vivid, an awesome shot

Personal
Usage context vacation, travel

Self reference
diamond class photographer, excellent 
photographer awardsp g p
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Objective: build models for the user-tagged image 
and achieve automatic image taggingand achieve automatic image tagging

• Manual image tagging is time‐Manual image tagging is time
consuming, laborious and expensive.

• User‐tagged images not only provide 
insight on correlation between imageinsight on correlation between image 
content and tags, but also provide 
valuable contextual information of 
users’ tagging preference which canusers  tagging preference which can 
be utilized to customize automatic 
image tagging for different users.

• Breakthroughs in automatic image• Breakthroughs in automatic image 
tagging will help to organize the 
massive amount of digital images, 
promote developing and studying ofpromote developing and studying of 
image storage and retrieval systems, 
and serve for other applications such 
as online image‐sharing. 

2011-10-18 5
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Proposed image representation frameworkProposed image representation framework
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Holistic Image Representation  - GIST Features 
(Si i d Itti 2007)(Siagian and Itti, 2007)

• The holistic image representation 
derived from the low resolution 
spatial layout not only provides a 
coarse context of image but also 
provides compact summarization of 
image’s statistics and semanticsimage s statistics and semantics.

• In practice, we extract the GIST 
features as a compactfeatures as a compact 
representation of image scene.  

• The total number of raw GIST• The total number of raw GIST 
features per image is 714 ( 34 
feature maps time 21 grids in a total 
of 3 scales).  We reduce the 
dimension using principal 
component analysis (PCA) to a 
more practical number 100 (still 
preserving most image variance)

2011-10-18 9(Siagian and Itti, 2007)
preserving most image variance).



Region Saliency Model - Maximally Stable Extremal 
Regions (MSER) Features (Matas et al 2002)Regions (MSER) Features (Matas et al. 2002)
 MSERs is a highly efficient region detector. The idea origins from 

thresholdings in image color/intensity space I. The thresholding yields a 
binary image Et as follows:

 An extremal region is maximally stable when the area (or the boundary g y ( y
length) of the segment changes the least with respect to the threshold.  

The set of MSERs is closed under 
continuous geometric 
transformations and is invariant to 
affine intensity changes.

2011-10-18 10
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Quantifying the image parts in a continuous space

• Image patches containing salient parts 
are rotated to canonical angle and 
adjust to uniform size (known as 
normalized patches).

• Principal component analysis (PCA) is 
performed on normalized patches to p p
obtain feature representation 

Adjusting image patches to 

Finally, the appearance of each patch (which is n × n 

j g g p
uniform size

matrix) is quantified as a feature vector of the first k 
(typically 20-50) principal components
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Point Saliency Model - Scale Invariant Feature 
T f (SIFT) F t (L 2004)Transform (SIFT) Features (Lowe, 2004)

• Image patches containing salient points are rotated to a canonical 
i t ti d di id d i t ll E h ll i t d 8orientation and divided into cells. Each cell is represented as an 8-

dimension feature vector according to the gradient magnitude in eight 
orientations.

• Compared to other descriptors, the SIFT descriptor is more robust and 
invariant to rotation and scale/luminance changes.

The SIFT descriptor of salient points (2×2

2011-10-18 12

The SIFT descriptor of salient points (2×2 
cells) (Lowe, 2004) 



Grouping similar local descriptors into visual wordsGrouping similar local descriptors into visual words

• Typically, the K-Mean clustering algorithm is used to cluster the 
descriptors of extracted image patches into visual words and 
establish a code book of visual words for a specific image collection. 










 

Code book of visual words (Sivic


Code book of visual words (Sivic, 
2003) and (Fei-Fei et al. 2005)

Each key‐point assigned 

2011-10-18 13
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Summary: image represented by salient 
points and regionspoints and regions 

• Represent image by SIFT descriptors and 
MSER f tMSER features

SIFT
(key points)(key‐points)

MSER
( )(parts)
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NotationsNotations

Word• Word
– Basic unit.
– Item from a vocabulary indexed by {1, . . . ,V}.

• Document
– Sequence of N words denoted by w = (w1 w2 wN)Sequence of N words, denoted by w  (w1,w2, . . . ,wN).

• Collection
A t t l f D d t d t d b C { 1 2 D}– A total of D documents, denoted by C = {w1,w2, . . . ,wD}.

• Topicp
– Denoted by z, the total number is K.
– Each topic has its unique word distribution p(w|z)

2011-10-18 16



Topic Modeling Topic Modeling -- IntuitiveIntuitivegg

Of all the sensory impressions proceeding to 
the brain, the visual experiences are the• Intuitive the brain, the visual experiences are the 
dominant ones. Our perception of the world 
around us is based essentially on the 
messages that reach the brain from our eyes. 
For a long time it was thought that the retinal

• Intuitive
– Assume the data we 

see is generated by For a long time it was thought that the retinal 
image was transmitted point by point to visual 
centers in the brain; the cerebral cortex was a 
movie screen, so to speak, upon which the 
image in the eye was projected. Through the 

sensory, brain, 
visual, perception, 

retinal, cerebral cortex,

see is generated by 
some parameterized 
random process. g y p j g

discoveries of Hubel and Wiesel we now 
know that behind the origin of the visual 
perception in the brain there is a considerably 
more complicated course of events. By 

, ,
eye, cell, optical 

nerve, image
Hubel, Wiesel

p
– Learn the parameters 

that best explain the p y
following the visual impulses along their path 
to the various cell layers of the optical cortex, 
Hubel and Wiesel have been able to 
demonstrate that the message about the 

Hubel, Wieselp
data.

– Use the model to g
image falling on the retina undergoes a step-
wise analysis in a system of nerve cells 
stored in columns. In this system each cell 
has its specific function and is responsible for 

predict (infer) new 
data, based on data 
seen so far

2011-10-18 17
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a specific detail in the pattern of the retinal 
image.

seen so far.



CorrLDA model (Blei, 2003) in modeling image and text

Needle-leaf forest is composed largely of 
straight trunked, conical tress with relatively 
short branches, and small, narrow, needlelike 

α
Corr-LDA 

Model

leaves. These tress are conifers. Where 
evergreen, the needleleaf forest provides 
continues and deep shade to the ground so 
that lower layers of vegetation are sparse or 
absent except for a thick carpet of mosses in 
many places Species are few and large tracts

z

w

y

v

θ D

many places. Species are few and large tracts 
of forest consist almost entirely of but one or 
two species. 
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Nonparametric Hierarchical Bayesian ModelNonparametric Hierarchical Bayesian Model
• In real-world applications, the number of semantic components in an 

i i t fi d f l i t f l bl k t d timage is not fixed, for example, a picture of clear blue sky tend to 
have less semantic components than an image showing crowd of 
people in the street. 

• The Hieratical Dirichlet Process (HDP) model (Teh, 2006), is a 
nonparametric extension of the Latent Dirichlet Allocation (LDA)-
based topic models, it enables modeling documents with countable 
infinite mixture components, thus provides the flexibility of modeling p p y g
images whose actual semantic component numbers are unknown

19



Dirichlet Process (DP) as a Non-Parametric Mixture Models
The Dirichlet Process (DP) is defined as a distribution of random probability measureThe Dirichlet Process (DP) is defined as a distribution of random probability measure 
G0 ~ DP(γ, H), in which γ is a concentration parameter and H is a base measure defined 
on a sample space Θ. By its definition, for any finite measurable partition of Θ: {A1, 
…,Ar}, (G0(A1),…,G0(Ar)) ~ Dirichlet(γ H(A1),…, γ H(Ar)). , r}, ( 0( 1), , 0( r)) (γ ( 1), , γ ( r))

( )G   



1

(1 ) ~ (1 )
k

Beta    


 
Dirichlet Process can also be constructed by stick-breaking construction as follows:

0
1

( )k k
k

G   


 
1

(1 ), ~ (1, )k k i k
i

Beta    


 
Dirichlet process Dirichlet process constructed by stick-breaking 
by its definition:

p y g
construction:

- Data sample xi drawn from a base distribution with associated parameters Θk

20
,in which 

The weights of mixture components β = {βk} (k=1,…,∞) are also refer to as β ~ GEM(γ).



Hierarchical Dirichlet Process (HDP)
The Hierarchical Dirichlet Process (HDP) considers G ~ DP(γ H) as a global probabilityThe Hierarchical Dirichlet Process (HDP) considers G0  DP(γ, H) as a global probability 
measure across the corpora and defines a set of child random probability measures Gj ~ 
DP(α0, G0) for each document j, which leads to different document-level distribution over 
semantic mixture components: (Gj(A1),…,Gj(Ar)) ~ Dirichlet(α0 G0 (A1),…, α0 G0 (Ar))semantic mixture components: (Gj(A1),…,Gj(Ar))  Dirichlet(α0 G0 (A1),…, α0 G0 (Ar)) 

Each Gj can also be constructed by stick-breaking construction as: 
1

( )j jk k
k

G   




 
1k

in whch πj={πjk} (k=1,…,∞) specifies the weights of mixture component indicator k.

Substitute the stick-breaking construction of G0 and Gj,
it follows that:

1 1

0 0,..., ~ ( ,..., )
r r

jk jk k k
k K k K k K k K

Dirichlet     
   

 
 
 
   

it follows that:

Based on the aggregation properties of Dirichlet distribution 
and its connection with Beta distribution, it shows that:

1k k    0 0
11

' (1 ' ), ' ~ , 1jk jk jl jk k l
ll

Beta       


      
  


It then follows that πj ~ DP(α0, β) Stick-breaking construction of 

21

hierarchical Dirichlet process



The extended HDP model

βα0 γα'0 β' γ• The HDP model can be 
extended to both image 
features and associated πj

βα0 γ

π'j

α 0 β γ

image tags. The extended 
HDP model enables us to 
represent image content

πj

zt
zjizjlsj

π j

represent image content 
with unbounded number of 
semantic components and 
establish correspondence J

rjl vjihj
Nj

vNj
r

t
Nj

t

jjj

Nj
h

establish correspondence 
between image tags and 
image features

μk
r σk

r φk
vφ'kt μk

h σk
h

K→∞K'→∞
φk

t

K

ξ vξ'tξt
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Topic perspective (TP) model (Lu 2010)Topic-perspective (TP) model (Lu, 2010)

Th i i (TP) d l i• The topic-perspective (TP) model is 
proposed to infer how both users’ 
perspective and the resource 
content relate to the generation of 
social annotations. 

• It separates the tag generationIt separates the tag generation 
process from the generation 
process of the resource content. 
While the resource content (suchWhile the resource content (such 
as text words) is only generated 
from resource topics, the social 
t t d b b thtags are generated by both 
resource topic and user 
perspective. 

2011-10-18 24



The perspective HDP (pHDP) model p p (p )

• We incorporate the users’• We incorporate the users  
perspective into the image 
tag generation process and 
introduce new latentintroduce new latent 
variables to determine if an 
image tag is generated from 

’ ti fuser’s perspective or from 
the image content. 

Th l f ( hi h t k l 0 2) i l d f lti i l di t ib tiThe value of x (which takes values 0-2) is sampled from a multinomial distribution 
λj (with a Dirichlet prior ζ). When the value of x equals 0 or 1, the topical indicator 
of tag t is draw uniformly from the semantic components learned from the image 
contents When x equals 2 a user perspective p will be sampled from thecontents. When x equals 2, a user perspective p will be sampled from the 
perspective distribution (θu) for user u, and tag t will be drawn from the tag 
distribution p of perspective p.

25



Datasets and Experimental SetupDatasets and Experimental Setup

W i i h f f h d HDP d l d• We investigate the performance of the proposed pHDP model and 
extended HDP model under an automatic image tagging experiment 
on the MIR-Flickr 25000 dataset (Huiskes and Lew, 2008).

• This dataset is composed of 25000 Flickr images contributed by a 
total of 9862 Flickr users and covers a wide spectrum of imagetotal of 9862 Flickr users and covers a wide spectrum of image 
categories. In the collection, there are a total of 64037 unique tags; 
and the average number of tags per image is 8.94. In our image 
t i i t 50% b t f th MIR Fli ktagging experiment, we use a 50% subset of the MIR-Flickr 
collection as training data and the other 50% as testing data (with 
tags removed). On constructing the two subsets, we ensure that 
tagged images from the same user are equally split to both subsets.

262011-10-18



Model Estimation and IllustrationModel Estimation and Illustration

• The estimation of the proposed models is achieved by performing p p y p g
Gibbs sampling on the training dataset until convergence .Once the 
model estimation is finished, we will be able to visualize the 
uncovered semantic components and user perspectivesuncovered semantic components and user perspectives.

Top tags Probability
i d

Top tags Probability
i d

Top tags Probability
l dindoor 0.0871

people 0.0852
female 0.050
male 0.0447

indoor 0.1015
structures 0.0483
chair 0.0194
book 0.0145

clouds 0.0363
lake 0.0331
sky 0.0297
sunset 0.0231

portrait 0.0345
selfportrait 0.0201
bw 0.0154
blackandwhite 0 0092

mug 0.0112
cushion 0.0097
casecubiche 0.0065
mushroom 0 0059

iceland 0.0198
pink 0.0145
blue 0.0132
eco 0 0099blackandwhite 0.0092

night 0.0072
mushroom 0.0059
cup 0.0048

eco 0.0099
explore 0.0048

Subset of uncovered semantic components
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Model Estimation and Illustration (continue)Model Estimation and Illustration (continue)

• Semantic components are derived from image features and indicate p g
the visual contents in images. The user perspectives , on the other 
hand, show user’s preferences and subjective feelings during image 
taggingtagging.  

Top tags Probability
baby 0 0894

Top tags Probability
nature 0.0654

Top tags Probability
beautiful 0 0773baby 0.0894

love 0.0671
pie 0.0447
heart 0.0335

nature 0.0654
nikond200 0.0577
autumn 0.0538
impressedbeauty 0.0462

beautiful 0.0773
joy 0.0483
argentina 0.0263
hair 0.0198

ring 0.0279
handbag 0.0224
gift 0.0112
sis 0 0097

spring 0.0423
leaves 0.0385
anawesomeshot 0.0308
supershot 0 0231

smile 0.0193
myself 0.0145
happy 0.0132
rare 0 0097

Subset of uncovered user perspectives

sis 0.0097
top 0.0056

supershot 0.0231
naturesfinest 0.0193

rare 0.0097
cute 0.0066

282011-10-18



Image Tagging ExperimentImage Tagging Experiment

• We calculate the probability• We calculate the probability 
of tagging an image j from 
user u with different tags. 
Tags with highestTags with highest 
probability are used for 
tagging. After that, the 

di t d t k d ipredicted top-ranked image 
tags are compared with the 
ground truth for validation. 

Top ranked tag Probability
canada 0.0606
ontario 0.0597
water 0 0523

Top ranked tag Probability
structures 0.0538
sky 0.0329
night 0 0265

• If a predicted tag finds exact 
match in the ground truth 
tags it will be considered as

water 0.0523
sky 0.0474
lake 0.0427
toronto 0.0322
clouds 0 0295

night 0.0265
clouds 0.0159
water 0.0096
sunset 0.0075
sea 0 0074tags, it will be considered as 

one hit. 
clouds 0.0295
outdoor 0.0257
structures 0.0232

sea 0.0074
buildings 0.0053
snow 0.0035

tags predicted by pHDP            tags predicted by extended HDP

292011-10-18



Image Tagging Experiment (continue)Image Tagging Experiment (continue)

• When tagging a new image• When tagging a new image 
from the same user, the 
pHDP model will smooth 
the document levelthe document-level 
predictive tag distribution 
with user’s perspective and 
ll f t i ithallow for tagging with 

location tags (‘ontario’, 
‘canada’) and topic tags 

Top ranked tag Probability
sky 0.0458
canada 0.0446
ontario 0 0439

Top ranked tag Probability
sky 0.0375
structures 0.0306
clouds 0 0300

(such as ‘clouds’, ‘lake’, 
‘night’, sky and ‘water’).

ontario 0.0439
structures 0.0395
clouds 0.0244
water 0.0226
toronto 0 0209

clouds 0.0300
water 0.0199
sunset 0.0173
sea 0.0167
flower 0 0162

tags predicted by pHDP            tags predicted by extended HDP

toronto 0.0209
sunset 0.0202
sea 0.0195

flower 0.0162
transport 0.0139
outdoor 0.0124
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Image Tagging Experiment (continue)Image Tagging Experiment (continue)

• Other user contextual• Other user contextual 
information is also captured 
in user’s perspectives. 
Thus the pHDP modelThus the pHDP model 
succeeds in tagging image 
with both location tags 
( h ‘ l i ’) d(such as ‘malaysia’) and 
type tags (camera settings, 
like ‘nikon’). Tags predicted 

Top ranked tag Probability
people 0.0631
female 0.0346
portrait 0 0305

Top ranked tag Probability
people 0.0518
female 0.0290
portrait 0 0283

by the pHDP model also 
involve subjective tag, like 
‘interestingness’.

portrait 0.0305
flower 0.0239
outdoor 0.0427
nikon 0.0238

l i 0 0227

portrait 0.0283
sky 0.0242
outdoor 0.0219
clouds 0.0213
t 0 0187g

tags predicted by pHDP            tags predicted by extended HDP

malaysia 0.0227
sky 0.0208
interestingness 0.0207

tree 0.0187
flower 0.0156
water 0.0134
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Automatic Image Tagging and EvaluationAutomatic Image Tagging and Evaluation

• The prediction of image tags for the testing images is achieved by p g g g g y
performing another Gibbs sampling on testing images to estimate 
the document-level distribution of switch variable and semantic 
components with a fixed set of semantic components and usercomponents, with a fixed set of semantic components and user 
perspectives estimated from the training dataset. On the 
convergence of Gibbs sampling, the probability of tagging an image j
from user u with tag t is:from user u with tag tj is:

( ) ( 0 1) ( | ) ( | )
K

j j j k kp t p x p t z p z j  
1

( ) ( 0,1) ( | ) ( | )

      ( 2) ( | ) ( | )

j jt j k test k
k

L

jt j l test l

p t p x p t z p z j

p x p t p p p u










1

( ) ( | ) ( | )jt j l test l
l

p p p p p
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Tag Perplexity ComparisonTag Perplexity Comparison

• The perplexity is a standard criterion for generative probabilistic p p y g p
models that evaluates how well the model predicts the testing data.  
The perplexity of a testing image dataset Dtest is:

1
log( ( ))

( ) exp
testD

j
p

perplexity D 
 
 
 jt

1

( ) exp
testtest D t

jj

perplexity D
N



 
 
 

• The perplexity score for a model is the lower the better.
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The perplexity comparison of the proposed models 
and baseline Corr-LDA model

Perplexity changing over iterations 352011-10-18



Perplexity of pHDP model (with different 
perspective number L)
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Comparison of average image tagging accuracyp g g gg g y

• The pHDP model, as it integrates the user perspective information, p , g p p ,
significantly outperforms both CorrLDA model and extended HDP 
model in predicting image tags for different users.

372011-10-18
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ConclusionsConclusions

Th ib i i f ld Fi l d h HDP d l b h• The contribution is twofold. Firstly, we extend the HDP model to both 
image features and associated image tags. Secondly, we 
incorporate the user’s perspectives into the image tag generation 
process and introduce new latent variables to determine if an image 
tag is generated from user’s perspectives or from the image content.

• Based on the proposed pHDP model, we achieve automatic image 
tagging with users’ perspective. Experimental results show that the 

d d l t l t f l i f ti b tproposed model not only generates useful information about 
semantic components and user perspectives from tagged images, 
but also achieves better performance in the task of automatic image 
tagging compared to CorrLDA model and extended HDP model.
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