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Weakly Supervised Learning of Objects, Attributes and their Associations

Examples of Learned Objects and Attributes

 Illustrating the inferred patch-annotation.

 Object and attributes are coloured, and multi-label annotation blends 
colours.

 Without explicit background modelling, MIML suffers greatly by trying to 

explain the background patches using the weak labels.

 For w-LDA, since object and attributes topics compete for the same 
patch, each patch is dominated by either an object or attribute topic.

Examples of Object-Attribute Query
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Objective

 People use combinations of nouns and adjectives to describe images, 

corresponding to objects and their attributes.

 Objective:

We model object-attribute associations from weakly labelled images 
(e.g. Flickr), where only image-level labels are given.

 Once learned, 

Limitations of Conventional approach:

 Requires strongly labelled data

 Model object and attribute separately

Our approach and contributions: 

 We jointly learn all object, attribute and background appearances, 

object-attribute association, and their locations from realistic 
weakly labelled images.

 We formulate a novel weakly supervised non-parametric Bayesian 
model by generalizing the Indian Buffet Process.

 From this weakly labelled data, we demonstrate various image 

description and query tasks, including challenging tasks relying on 
predicting strong object-attribute association. 

 Qualitative results on aPascal via the two most confident objects 

and their associated attributes. 

 False positive are shown in red. If the object prediction is 

wrong, all associated attributes are considered wrong (shaded).

 This is challenging data – even the strongly supervised 
approaches makes mistakes for both attribute and object 
prediction.

 WS-SIBP has more accurate prediction – it jointly and non-

competitively models objects and their attributes so object 
detection benefits from attribute detection and vice versa. 

 Other weakly supervised models are also more likely to 
mismatch attributes with objects.

Quantitative Results

Methodology
Preprocessing and Representation:

 Convert each image i to 𝑁𝑖 super-pixels/patches.

 Each segmented patch is represented using two types of normalized 
histogram features:

 colorSIFT: Fisher Vector + PCA for regular patchs.

 Colour: We convert the image to quantized LAB 8× 8 × 8.

Examples of Free Annotation

Free annotation w-SVM MIML w-LDA WS-SIBP DPM+s-SVM

aPascal (AP@2) 24.8 28.7 30.7 38.6 40.6

aPascal (AP@5) 21.2 22.4 24.0 28.9 30.3

ImageNet (AP@2) 46.3 46.6 48.4 58.5 65.9

ImageNet (AP@3) 41.1 43.2 43.1 51.8 60.7

Object-attribute query w-SVM MIML w-LDA WS-SIBP DPM+s-SVM

aPascal (MAR@O-A) 30.1 27.6 29.4 34.8 35.9

ImageNet (MAR@O-A) 26.3 26.1 24.1 38.2 --

ImageNet (MAR@O-A-A) 24.6 22.1 20.9 30.7 --

Datasets:   

 aPascal: 20 categories, 64 attributes. 

 ImageNet Attribute:  384 categories, 25 attributes.

 VOC07-20:  all 20 classes, each class contain all pose data.

Compared methods:

 Strongly supervised model: trained from fully supervised data.

 w-SVM:  [1] and [2] trained on the weak image-level labels.

 MIML [3]: Multi-instance multi-label learning method.  

 w-LDA [4]: continuous feature version of Latent Dirichlet Allocation.

Comparison with state-of-the-art:

 Free annotation: predict objects and their associated attributes.

 Object-attribute query: retrieve related images when given object-
attribute or object-(multiple attributes) association.

Conventional Approaches vs. Ours

 How would you describe following image ? 

“a person in white clothes and a brown horse”

Object (noun)

Attribute (adjectives)

personwhite brown horse

 More structured and semantic descriptions of images.

 Object-attribute retrieval

Conventional approach:

 Train: Images are strongly labelled with object bounding boxes and 

associated attributes, from which object detectors and attribute 

classifiers are trained.

 Test: Given a new image, object detectors find object locations, 

where attribute classifiers produce object descriptions.

 Object-attribute query: qualitative comparison

 Unlike previous methods, our method can query novel never-
previously-seen combinations.

 For w-SVM, we calibrate the SVM scores for objects and attributes as 

the state-of-the-art approach.

 The lack of object-attribute association and background modelling still 

causes problems for w-SVM.

 In ‘dog-black-white’ example, a black background caused an image 
with a white dog retrieved at rank 1 by w-SVM.
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Benefits of our model:

 Joint learning  By jointly learning multiple objects, attributes and 
background clutter in a single framework, ambiguity in each is 

explained away by knowledge of the other. 

 Infinite Latent Factors  The infinite number of factors provided by 
the non-parametric Bayesian framework allows structured background 
clutter of unbounded complexity to be explained away.

 Co-existence  Asparse binary latent representation of each patch 

allows an unlimited number of attributes to co-exist on one object. 

Model learning:

 Variational message passing (VMP)

 Truncation factor 𝑲𝒎𝒂𝒙 𝐾𝑚𝑎𝑥 should bigger than the number of 
factors need by both annotations (objects + attributes) and 
background clutter.       𝐾𝑚𝑎𝑥≫ 𝐾𝑜 + 𝐾𝑎+ 𝐾𝑏𝑔

Weakly Supervised Stacked Indian Buffet Process (WS-SIBP)


