
Introduction
Most existing methods assume that data will be labeled and available
beforehand to train the classification models.
It becomes infeasible and unrealistic to know all the labels beforehand
with the huge corpus of visual data being generated on a daily basis.
Adaptability of the models to the incoming data is crucial too for long-
term performance guarantees.

Main Contributions
The proposed active learning framework learns scene and object

classification models simultaneously.
Both scene and object classification models take advantage of the
interdependence between them to select the most informative samples with
the least manual labeling cost. To the best of our knowledge, any previous
work using active learning to classify scene and objects together is
unknown.
Leveraging upon the inter-relationships between scene and objects, we
propose a new information-theoretic sample selection strategy.

[Figure] This figure presents a pictorial representation of the proposed framework. 

Overview of Our Joint Active Learning Framework

Experimental Results
Proposed framework has been evaluated on four datasets MSRC, SUN, MIT-67 Indoor datasets.  

Summary
A novel active learning framework for joint scene and object classification is
presented by exploiting the interrelationships between them.
In this paper, we show that both scene and objects interact each other to select
the most informative samples in order to learn both of the recognition models.
Our approach significantly reduces the human effort in labeling samples.
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Question!!
Are all the samples equally important to manually label and 
learn a model ?

Motivation
Scene and objects

co-occur in an image.
Existing active
Learning methods
focus on individual
classification task
(either scene or object)

Can we exploit scene & object inter-relationships to select the most
informative samples in order to classify them?

Framework Overview
Scene and object samples are represented as nodes of a graph, and edges
delineate the inter-relationship between the samples
Selection of an image (or graph) that contains the most informative
samples (scene, objects)
Given an image, a sample (i.e., a node in the graph) is chosen in a way
that reduces the uncertainty on other samples.

Acknowledgement 
This work was supported by NSF grant IIS-1316934 and US ONR
contract N00014-15-C-5113 through Mayachitra, Inc.

[Figure] In this figure, we show the object detection performances on MSRC, SUN and MIT-67
Indoor (left to right). Plots (a, b, c) present the comparison of SOAL with other state-of-the-art
active learning methods. Plots (d, e, f) demonstrate comparison with different graphical relations.
Plots (g, h, i) present the comparison of other object detection methods. Plots (j, k, l) show the
detection performance by implementing our active learning framework either on scene or objects
and both.
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[Figure] Scene prediction and object detection performance on test image with updated
model learned from the data of 1st, 4th and 6th batch.
[Figure] Scene prediction and object detection performance on test image with updated
model learned from the data of 1st, 4th and 6th batch.
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Graphical Model Representation

Scene and Object Model
Scene Classification: CNN feature, SVM 
Classifier
Object Detection: R-CNN

Node Selection in a Graph

Subset Selection of Samples
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With newly labeled samples, 
classifier and graphical model 
have been updated


