
Abstra
tAug 16, 2006An important problem in statisti
al ma
hine learning is how toe�e
tively model the predi
tions of multiple related tasks, whi
his known as multi-task learning . Di�erent from single-task learn-ing where tasks are learned separately, multi-task learning aims tojointly model those tasks. The main bene�t of multi-task learning isthat it 
an more e�e
tively use training resour
es from all tasks anda
hieve better generalization performan
e when tasks are related.To be more spe
i�
, su

essfully addressing multi-task learning 
annot only allay the data pau
ity problem given many tasks, but alsogeneralize to future tasks by transferring knowledge learned fromexisting tasks. Multiple tasks naturally exist in many appli
ations,su
h as text 
lassi�
ation, email anti-spam �ltering, image 
lassi�-
ation, et
.We present a novel probabilisti
 framework for multi-task learn-ing where task relatedness is modeled using a shared stru
ture throughlatent variables. Within su
h a framework, we study a series ofimportant multi-task learning s
enarios and propose suitable mod-els a

ordingly, and show that the �exibility of the framework isa
hieved by allowing di�erent assumptions about latent variablesand the shared stru
ture. In parti
ular, we present sparsity modelswhi
h are parsimonious and suitable for high-dimensional tasks; wepropose the l1 ◦ lp regularization method whi
h is suitable for jointfeature sele
tion; we propose to use mixture models as the solutionof the 
lusters of tasks s
enario; we also extend our framework tounsupervised learning and show its 
onne
tion to existing topi
 mod-els. Furthermore, model sele
tion te
hniques for multi-task learningare investigated sin
e they play important roles in 
hoosing the bestjoint model and generalizing to future tasks. Experiments are 
on-du
ted to support our methods using both simulated datasets andreal datasets from text 
lassi�
ation, anti-spam �ltering, handwrit-ten letter re
ognition and 
ollaborative �ltering.1


