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ABSTRACT

With the advance of the Internet and the increasing accesglity of computing resources, humans and
computer systems are now brought together in powerful new y& In this paper, we propose a human-
centered computing framework to harness the essential chateristics of both humans and computers
for achieving collaborative image understanding (i.e., &ining large numbers of inter-related classi ers
collaboratively for automatic object and concept detectio from images), where groups of volunteers
may collaborate on: (a) giving their timely guidances for qaporting collaborative classi er training;

(b) using their personal computing resources such as PCs toaining large numbers of inter-related

classi ers collaboratively; and (c) assessing the corredss of learning results (classi ers and their

decision boundaries) and the e ectiveness of hypotheses &bassi er training.

Keywords: Social computing, collaborative image understanding, huem-centered computing, clas-

si er training and assessment.

1. Introduction

Enabling humans to e ciently transfer their knowledge and &ills to computer systems has inspired
decades of research, and computer systems with humankinteiligence at certain levels have become
pervasive within socio-physical contexts. For examplespgernment agencies and large companies have
used computer systems to replace human telephone operatorservices and automated transaction
machines (ATM) have already replaced many functions of bantellers. Even developing computer
systems with humankind intelligence has obtained some suiging successes over the decades, it still

su ers from many failings and it is still one of the greatest ltallenges in computer science. For



the task of automatic image understanding (automatic objeécand concept detection from images),
humans may signi cantly outperform computer systems [1-7]On the other hand, computer systems
have strong computational power and large storage memorydthey can be used to perform the tasks
that humans are inherently not good at (for example, extra@hg high-dimensional visual features from
large-scale images) [1-3]. Thus it is very attractive to delop human-centered multimedia computing
platforms that are able to harness the essential charactstics of both humans and computer systems.

We are witnessing the creation of richly interconnected wials where humans and computer systems
together demonstrate new forms of collaboration and emergentelligence, which were not previously
achievable by humans or computer systems along [13-14]. Extamples, large numbers of volunteers
collaboratively write encyclopedia articles of unprecedeed scope and scale [11], create open softwares
[12], and tag images/videos [8-10]. Human-centered commgi has become a central theme across
many research elds [4-7], but most existing systems have tsu ciently harnessed the essential
characteristics of both humans and computer systems. On tls¢her hand, most published techniques
for automatic image understanding and annotation [1-3] ar@rgeted on automatic machine learning
on a single PC, but they have not su ciently exploited both the computational power of millions of
unused computers worldwide and the speci c abilities of maiwe numbers of human participants for
training large numbers of inter-related classi ers collabratively. Thus it is very attractive to develop
human-centered multimedia computing platforms that can grcefully scale from a single user to a
collaborative environment and from a single PC to large nundrss of PCs on the Internet.

People may have strong collaboration motivations on supptong collaborative image understanding
(i.e., training large numbers of inter-related classi ergollaboratively for automatic object and concept
detection from images) because of the following reasons) {iey may deal with the same challenging
issue of automatic image understanding (automatic objectna concept detection from images) and
close collaboration can allow them to build a social group tehare their common interest and keep
track of the advances of collaborative image understanding2) they may not be able to solve the
challenging issue of automatic image understanding inddually because the number of object classes
and image concepts (that are needed to be detected) could berylarge; and (3) they may want to
collaborate and compete each other on their timely achievemts. By bringing humans and computer
systems together in powerful new ways, social computing mayovide multiple unique and innovative

ways to achieve collaborative image understanding.



In this paper, we propose a human-centered computing framesk to harness the essential char-
acteristics of both humans and computers and leverage largeale collaboratively-tagged images for
achieving collaborative image understanding. To harnessimans' strong capabilities on pattern recog-
nition and hypothesis making for collaborative image undstanding, we propose a human-centered
computing framework to leverage the speci c abilities of nssive numbers of human participants for
training large numbers of inter-related classi ers collatratively, where groups of volunteers can col-
laborate on: (a) giving their timely guidances for supportig collaborative classi er training; (b) using
their personal computing resources such as PCs for trainigrge numbers of inter-related classi-
ers collaboratively; and (c) assessing the correctness lefarning results (classi ers and their decision
boundaries) and the e ectiveness of hypotheses for classi training. To harness the computational
power of millions of unused computers worldwide for collabative image understanding, we propose a
collaborative computing framework to achieve more e ecte analysis of large-scale image collections
and gain deep insights quickly. By making humans' guidancesxd computers' achievements to be
transparent, our human-centered computing framework canllaw humans to communicate and col-
laborate more e ectively and enable computers to leveragaiman guidances for improving classi er

training, so that we can solve the challenging issue of autaic image understanding collaboratively.
2. Concept Network for Organizing Training Tasks and Volunt eer Collaborations

Collaborative image tagging [8-10] has become very popufar obtaining large-scale weakly-labeled
images by leveraging the collaborative e orts of a large pofation of Internet users. Large-scale
collaboratively-tagged images can provide multiple advéages: (1) they can characterize diverse visual
properties of object classes and image concepts more suwily; (2) they can be obtained easily
by leveraging the collaborative e orts of large numbers ofnternet users, our fundamental belief
is that a large group of Internet users with diverse backgrows can do better job than a small
team of professionals as illustrated by wikipedia [11]; (3)oth their tags and their visual properties
are diverse, thus they can give a real-world point of depante for achieving automatic object and
concept detection from images (i.e., automatic image und#anding). We have collected large-scale
collaboratively-tagged images from Flickr and we have alsteveloped multiple practical techniques to
make such collaboratively-tagged images to be useful foas$i er training [20-23].

In a collaborative image tagging space, people may use langecabulary of text terms for image

tagging, thus not all the social tags are meaningful for obge and concept interpretation, e.g., some
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Figure 1: Di erent views of our concept network by change of focus.

social tags may not have exact correspondences with the r@alrld object classes and image concepts.
To determine the social tags for object and concept interptaion, we rst partition the social tags
into two categories:tags of interestand tags of non-interest The tags of interest are used to construct
concept network because the corresponding real-world otifjelasses and image concepts are signi cant
and popular in large-scale collaboratively-tagged image®n the other hand, the tags of non-interest
are not used for concept network construction because thermsponding object classes and image
concepts are less popular. We do not claim that the less populobject classes and image concepts
are not important, but it could be hard to collect enough traning images for learning their classi ers
reliably.

For two given tags of interest (i.e., two popular object cleses or image conceptsf; and C;
and their image instances, their inter-concept visual sitarity context (Ci;C;) is determined by
cumulating the pairwise visual similarity contexts betwee their image instances [23]. In this work,
multiple criteria (both at and hierarchical contexts) are leveraged to achieve more precise charac-
terization of inter-concept semantic similarity contextsin a collaborative image tagging space. For
two given object classes or image concep® and C;, their inter-concept semantic similarity con-
text (Ci; Cj) consists of two components: (1)at inter-concept semantic similarity context because
of their co-occurrences in large-scale collaborativelggged images (e.g., higher co-occurrence proba-

bility corresponds to stronger inter-concept semantic simarity context) [20-21]; and (2) hierarchical
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inter-concept semantic similarity contextbecause of their inherent correlation de ned by WordNet

(e.g., closer on WordNet [19] corresponds to stronger inteoncept semantic similarity context).

For two given object classes or image concep@ and C;, a cross-modal similarity alignment

framework is developed to determine their cross-modal imteoncept similarity context' (C;; C;) by:

(a) treating the inter-concept semantic similarity contex (C;; C;) and the inter-concept visual sim-

ilarity context

' (Ci; Gj); (b) projecting both the inter-concept semantic similary context

(Ci; Cj) as two dierent views of the cross-modal inter-concept siifarity context

(Ci; Cj) and the inter-

concept visual similarity context (C;; Cj) onto a comparable space and nding the optimal projection

directions to make their correlations to be mutually maxinzed; and (c) aligning the inter-concept se-

mantic similarity context

(Ci; Cj) with the inter-concept visual similarity context (C;;C;) on the

optimal projection direction to obtain the cross-modal inér-concept similarity context' (C;; C;).

Aligning the inter-concept semantic similarity contexts wih the inter-concept visual similarity

contexts is still an unexplored issue, thus human perceptugactors may play an important role

in the design of such the cross-modal similarity alignmentdmeworks. Based on this observation,

a hyperbolic concept network visualization algorithm [1820] is incorporated to enable interactive

concept network exploration as shown in Fig. 1, so that usecan assess the correctness of such cross-

modal inter-concept similarity contexts interactively. The timely assessment feedbacks from users

can be leveraged for de ning more suitable forms to achieveome accurate alignment between the

inter-concept semantic similarity contexts and the intereoncept visual similarity contexts. Thus our

algorithm can leverage both the strong computational poweof computers and the strong pattern

recognition capabilities of humans for achieving more prise construction of the concept network.



After the concept network is constructed, it is then used to ientify inter-related learning tasks
automatically. As shown in Fig. 2, the rst-order nearest neghbors on our concept network are used
to determine the inter-related object classes and image amapts. It is worth noting that the classi ers
for such inter-related object classes and image concepts atrongly inter-related and they should
be trained jointly rather than independently. To achieve mee e ective training of such inter-related
classi ers, a pairwise approach is used for SVM classi er tiging and combination, e.g., each pairwise
SVM classi er focuses on distinguishing one particular paof such inter-related object classes and im-
age concepts. The task for training such pairwise SVM classr can be accomplished more e ectively
because the hypothesis space for one particular object/ampt pair may have smaller variance and less
uncertainty. Thus identifying the inter-related object chsses and image concepts and learning their
pairwise SVM classi ers jointly can bring more powerful infeence schemes to enhance the discrimina-
tion power of inter-related classi ers signi cantly. By incorporating our concept network for training
task organization, our pairwise approach for SVM classi erraining and combination can provide a
good environment to organize groups of volunteers and thaiollaborations and communications for

collaborative classi er training.

3. Collaborative Classi er Training

The object classes and image concepts are dependent and ntegre some common visual properties
(i.e., inter-concept visual similarity). Isolating such nter-related object classes and image concepts
and learning their classi ers independently may seriouslg ect their discrimination power. On the
other hand, the learning complexity for some object classesd image concepts could be very high,
we may need large numbers of training images to achieve réle training of their classiers. As a
result, it is very hard if not impossible to use a single PC totgre large numbers of training images and
train multiple inter-related classi ers jointly. Another drawback for most existing machine learning
techniques is that they have not su ciently leveraged humarguidances for improving classi er training
[1-3]. Without involving human beings to make more suitabléwypotheses and provide more precise
assessments, it is very hard for most existing machine learg techniques to achieve reliable classi er
training. Thus it is very attractive to develop new human-catered computing frameworks that are
able to harness groups of volunteers and their unused PCs aheir guidances to enable collaborative

classi er training.



Figure 3: The owchart for our collaborative classi er training framework

In this work, a concept network is generated for more than 100most popular object classes and
image concepts, where each object class and image conceptains more than 5000 image instances
for achieving more reliable classi er training. When the oject classes and image concepts are inter-
related on the concept network, the tasks for training theirclassi ers are strongly dependent, thus
their image instances should be integrated to train their ter-related classi ers jointly rather than
independently. As a result, it is very hard if not impossible ypusing a single PC to store all the relevant
image instances simultaneously in the memory and train migtie inter-related classi ers jointly.

To achieve collaborative training of more than 1000 interedated classi ers, a collaborative com-
puting framework is developed and it consists of the follong key components as shown in Fig. 3:

(a) The tasks for training more than 1000 inter-related clas ers are decomposed into groups of
inter-related learning tasks, where groups of volunteerseinvolved to jointly learn the inter-related
classi ers for the inter-related object classes and imagermcepts on the concept network. For a given
object class or image concept, we rst consider its rst-orer nearest neighbors on the concept network
to determine the inter-related learning tasks and some exantes are shown in Fig. 2.

(b) For each training group, all its inter-related learningtasks are distributed among a group of
volunteers and the relevant image instances are also distwied among their unused PCs. The concept
network is also used to organize the collaborations and coramcations. The inter-related classi ers,
which are trained collaboratively by groups of volunteers;an be integrated for supporting automatic

image understanding. For a given object class or image copt&; on our concept network, its rst-



























