
ÅThe web contains a vast quantity of images that 

can potentially be used for vision datasets and 

experiments [2,3].

ÅInaccurate labeling creates difficulties and 

prohibits wider use of the web as an image 

dataset [8].

ÅWe propose a technique for semi-supervised 

visual concept learning from noisy web search 

results; we experiment with novel probabilistic 

graphical models composed of both directed and 

undirected  elements.

ÅWe use our approach to learn visual object and 

scene categories from images and text, robustly 

accounting for noisy retrieval results returned 

by search engines.

ÅWeb images belonging to the learned categories 

are suitable for building large image datasets 

with improved labeling accuracy.

Semi-Supervised Visual Scene and Object 

Analysis from Web Images and Text

Defining a Category

ÅThe tradeoffs between generative and

discriminative probabilistic modeling have

receivedattentionrecently[4,1].

ÅWe experiment with mixed

generative/discriminativemodels for different

featuremodalities.

ÅOur features include sift descriptors, color

histograms, filenames, words and word n-

grams (from the associatedhtml document),

andregularexpressionsover text.
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Summary

The Challenge of Web Datasets

ÅSuppose we wish to learn the visual scene 
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ÅGoogle indexes over 100,000,000 images 

labeled as city, yet most of them are  visually 

unrelated to the scene category.

ÅThe unrelated images returned by the query are 

not random.  We exploit this and model the 
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each object or scene category.

A Mixed Directed and Undirected Model for 
Multi -Modal Web Data

Results
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Procedure 

ÅQuery searchenginesfor a given category

label; fetchthousandsof image/textpairs.

ÅSelect a small training set of positive

examples(5-10).

ÅDenselyrandomlysampleSIFT descriptors

from the images. This method has been

shownto outperformkeypointdetection[6].

ÅQuantize the descriptors into a visual

vocabularyusing the hierarchicalapproach

of [5,7]. Usebothinternalandleafnodes.

ÅApply information-gain pruning to the

visual vocabularyandto the text dictionary

of wordsextractedfrom thewebpages.

ÅLearn the model by applying semi-

supervisediterative updateswith the small

trainingsetanda largeunlabeledset.

ÅBias the resulting classifier toward higher

precision. With millions of searchresults

available,recall is lessimportant.

Semi-Supervised Learning

ÅIn this example the generative portion of the 

model factorizes as a series of Naïve Bayes

classifiers.

ÅFor visual words we use a conditional random 

field:

ÅGiven labeled training data we may estimate 

each model component separately.  The full 

model is specified by:

Åh: class label

ÅW: text words

ÅX: visual words

Åa: image URL match

Åg: html URL match 

ÅC: color histogram words

We apply the following steps in our analysis:

ÅSample results for city scene category

Selection of images classified as city
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City dataset

ÅWe wish to label as few training samples as we 

can. Ideally we could use the first few search 

results as positive training examples, but this 

does not always work well in practice.

ÅWe include unlabeled training examples and 

work with the marginal:

Selection of images classified as background

ÅQuerywordsusedin webimagesearchoften

havemorethanonevisualinterpretation.

ÅThis presentsa further challengeto vision

researchwith webdata: we wish to learnone

visual concept from a set of semantically

relatedconcepts.

city street scene? city skyline? city map?

ÅWe avoid this issue by choosinga small

training set by hand. Automatically

learningthesetof conceptsis an interesting

researchproblem.
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