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Abstract

Deep neural networkstrained on large-scaledataset can learn transferablefeatures
that promotelearning multipletasksfor inductivetransfer and labeling mitigation.
Asdeep featureseventually transition from general to specific along thenetwork,
a fundamental problem ishow to exploit therelationship structureacrossdifferent
taskswhileaccounting for the featuretransferability in the task-specific layers. In
thiswork, weproposeanovel Deep Relationship Network (DRN) architecturefor
multi-task learning by discoveringcorrelated tasksbased on multipletask-specific
layersof a deep convolutional neural network. DRN models the task relationship
by imposing matrix normal priorsover thenetwork parametersof all task-specific
layers, including higher feature layersand classifier layer that arenot transferable
safely. By jointly learning thetransferablefeaturesand task relationships, DRN is
able to alleviate the dilemma of negative-transfer in the feature layers and under-
transfer in theclassifier layer. Empirical evidenceshowsthat DRN yieldsstate-of-
the-art classification resultson standard multi-domain object recognition datasets.

1 Introduction

Supervised learningmachinestrainedwith limited labeledsampleswill beproneto overfitting, while
manual labeling of sufficient training data for emerging application domains is usually prohibitive.
Therefore, it is imperative to establish effective algorithms for reducing the labeling cost, typically
by leveraging off-the-shelf labeled datafrom relevant learning tasks. Multi-task learning isbased on
the ideathat theperformancecan be improved using related tasksasan inductivebias [1]. Knowing
thetask relationship should enable the transfer of shared knowledgefrom relevant tasksso that only
task-specific featuresneed to be learned. This fundamental ideahasmotivated avariety of methods,
including multi-task feature learning that learns a shared feature representation [2, 3, 4, 5, 6], and
multi-task relationship learning that modelstheinherent task relationship [7, 8, 9, 10, 11, 12, 13, 14].

Learning theinherent task relatednessisahardproblem, sincethetrainingdataof different tasksmay
besampled from different probability distributions, and may befitted by different inductivemodels.
In the absence of prior knowledge on the task relatedness, the distribution shift may pose a major
bottleneck in transferring knowledgeacross different tasks. Unfortunately, if cross-task knowledge
transfer is impossible, then wewill overfit each task dueto limited amount of labeled data. Oneway
to circumvent this dilemma is to use an external data source, e.g. ImageNet, to extract transferable
features through which the shift in the inductivebiasescan bereduced so that different taskscan be
correlated moreeffectively. This ideahasmotivated some latest deep learning methodsfor learning
multipletasks[15, 16, 17, 18], which learn ashared representation in thefeaturelayersand multiple
independent classifiers in the classifier layer but without inferring the task relationships. However,
this may result in under-transfer in the classifier layer as knowledge can not be transferred across
different classifiers. Furthermore, the literature’s latest findings reveal that deep featureseventually
transition from general to specific along the network, and feature transferability dropssignificantly
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in higher layerswith increasing task discrepancy [19, 20], hencethesharing of all featurelayersmay
berisky to negative-transfer. It remainsan open problem how to exploit the task relationship across
different taskswhileaccounting for the feature transferability in task-specific layersof thenetwork.

In thiswork, weproposeanew Deep Relationship Network (DRN) architecturefor learningmultiple
tasks, which discoversthe inherent task relationship based on multipletask-specific layersof adeep
convolutional neural network. DRN models the task relationship by imposing matrix normal priors
[21] over network parametersof all task-specific layers, includinghigher featurelayersand classifier
layer that are not transferable safely. In each layer, the task relationship is shared by all categories,
which can naturally handlemulti-classproblemsand can learn thetask relationship moreaccurately
when category-wisedata isscarce. We further imposea Gaussian prior with a task mean parameter
to capture the common task component, which is particularly effective for those transferable lower
layersof the deep networks. By jointly learning the transferable featuresand the task relationships,
DRN isable to alleviate the dilemmaof negative-transfer in the feature layersand under-transfer in
theclassifier layer. Sincedeep modelspre-trainedwith large-scalerepositoriessuch asImageNet are
representativefor general-purposetasks[19, 22], theproposed DRN model is trained by fine-tuning
from the AlexNet model pre-trained on ImageNet [23]. Extensiveempirical study shows that DRN
yieldsstate-of-the-art classification resultson thestandard multi-domainobject recognitiondatasets.

2 Related Work

Multi-task learning (MTL) [1] isan important learning paradigmthat jointly learnsmultipletasksby
exploiting shared structural representation and improvesgeneralization by using related tasks as an
inductivebias. Multi-task learning is to mitigate theeffort of manual labeling for machine learning,
computer vision, natural language processing, and computational biology. There are generally two
categories of approaches to multi-task learning: multi-task feature learning, which learns a shared
featurerepresentation such that thedataset biasacrossdifferent taskscan bereduced [2, 3, 4] or the
outlier taskscan beidentified [5, 6]; andmulti-task relationship learning, whichexplicitly modelsthe
task relationship in theformsof task grouping [7, 8, 9] or task covariance[10, 11, 12, 13, 14]. While
these methodshave been shown to produce state-of-the-art performance, they may be restricted by
their shallow learning architecturethat cannot suppresstask-specific variationsfor task correlation.

Deep neural networkslearn nonlinear representationsthat disentangleand hidedifferent explanatory
factorsof variationbehind samples[24, 23]. Thelearneddeep representationscan manifest invariant
factors underlying different populationsand are transferableacross similar tasks [19]. Hence, deep
neural networks have been explored for domain adaptation [25, 20], multimodal learning [26, 27]
and multi-task learning [15, 16, 17, 18], where significant performance gains have been obtained.
Based on the assumption that deep neural networks can learn transferable representations across
different tasks, most prior multi-task deep learningmethodsfor natural languageprocessing [15] and
computer vision [17, 18] learn ashared representation in thefeaturelayersand multipleindependent
classifiers in theclassifier layer without inferring thetask relationships. However, thismay result in
under-transfer in theclassifier layer asknowledgecan not beadaptively propagated acrossdifferent
classifiers. To address this issue, Srivastava et al. [16] proposed tree-based priors to the weights in
theclassifier layer, which learnsto organizetheclassesinto atreehierarchy and transfersknowledge
to infrequent classes for label-scarcity mitigation. While their method is specifically designed for
multi-classclassification instead of multi-task learning, the sharing of all feature layersmay still be
vulnerableto negative-transfer, as thehigher layersof deep networksaretailored to fit specific tasks
and may not be safely transferable [19]. We proposea deep relationship network that jointly learns
transferable featuresand task relationships to circumvent both under-transfer and negative-transfer.

3 Deep Relationship Networks

In thiswork, welearn multipletasksby jointly modeling transferablefeaturesand task relationships.
Given T supervised learning tasks with data {Xt,yt}Tt=1, whereXt ∈ R

D0×Nt and yt ∈ R
Nt are

thedesign matrix and label vector of the t-th task, respectively drawn fromD0-dimensional feature
space and C-cardinality label space, i.e. each training examplext

n ∈ R
D0 and ytn ∈ {1, . . . , C}.

Our goal is to construct a deep neural network for multiple tasks ytn = ft(x
t
n) that is able to learn

transferablefeaturesand adaptivetask relationshipsto bridgedifferent taskseffectively and robustly.
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Figure1: TheproposedDRN architecturefor learningmultipletasks. Sincedeep featureseventually
transition fromgeneral to specificalong thenetwork [19]: (1) convolutional layersconv1–conv5 can
learn transferablefeatures, hencetheir parameters{Fℓ}5ℓ=1 areshared among themultipletasks; (2)
fully connected layers fc6–fc8 are tailored to fit task-specific variations, hence their task-specific
parameters{Fℓ

t }
8
ℓ=6 arejointly modeled viamatrix normal priorsfor learning thetask relationships.

3.1 Model

Westart with thedeepconvolutional neural network (CNN) [23], astrong model to learn transferable
featuresthat arewell adaptiveto multipletasks[18, 19, 22]. Themain challengeis that in multi-task
learning, each task is provided with only a limited amount of labeled data, which is insufficient to
build reliable classifiers without overfitting. In this sense, it is vital to model the task relationships
through which each pair of taskscan help with each other if they are related in theparameter space,
and can remain independent if they are unrelated to mitigate negative-transfer. With this principle,
wedesign aDeep Relationship Network (DRN) that can exploit both featuretransferability and task
relationship to enablemulti-task learning. Figure1 givesan illustration of theproposedDRN model.

We extend the AlexNet architecture [23], which is comprised of five convolutional layers (conv1–
conv5) and three fully connected layers (fc6–fc8). Each fc layer ℓ learns a nonlinear mapping
hℓ
n = aℓ

(

Wℓhℓ−1
n + bℓ

)

, wherehℓ
n is theℓ-th layer hidden representation of point xn, Wℓ andbℓ

aretheweight andbiasparametersof theℓ-th layer, andaℓ istheactivation function, takenasrectifier
units (ReLU) aℓ(x) = max(0,x) for hidden layersor softmax unitsaℓ (x) = ex/

∑|x|
j=1 e

xj for the
output layer. Denote by Fℓ

t = {Wℓ
t ,b

ℓ
t} the network parameters of the t-th task in the ℓ-th layer,

andFt = {Fℓ
t }

8
ℓ=1 theset of network parameters for the t-th task. Theempirical error of CNN is

min
ft∈Ft

∑Nt

n=1
J
(

ft
(

xt
n

)

, ytn
)

, (1)

whereJ is the cross-entropy loss function, and ft (x
t
n) is the conditional probability that the CNN

assignsxt
n to label ytn. Wewill not describehow to computetheconvolutional layersasthese layers

can learn transferablefeatures[19] and wewill simply sharetheir parameters{Fℓ
t = Fℓ}5ℓ=1 across

different tasks, without modeling the task relationships in these layers. To benefit from pre-training
and fine-tuning, wecopy theselayersfrom amodel pre-trained from ImageNet 2012 [19, 28], freeze
conv1–conv3 and fine-tuneconv4–conv5, which can preservetheefficacy of fragileco-adaptation.

Asrevealedby thelatest literaturefindings[19], thedeep featuresin standard CNNsmust eventually
transition from general to specific along thenetwork, and the feature transferability decreaseswhile
the task discrepancy increases, making the features in higher layers fc6–fc8 unsafely transferable
across different tasks. In other words, thefc layersare tailored to their original task at the expense
of degradedperformanceon thetarget task, which may deterioratemulti-task learning based on deep
neural networks. Most previousmethodsgenerally assumethat themultipletasksarewell correlated
given theshared representation learned by the feature layersconv1–fc7 of thedeep neural network
[15, 16, 17, 18]. However, it may be vulnerable if different tasksare not well correlated in the deep
features, which is common as higher layers are not safely transferable and tasks may be dissimilar.
Another issuenot well studied ishow to exploremulti-classtask relationshipsin multi-task learning.

In this work, we model feature transferability and task relationship based on multiple task-specific
layersand multipleclass-shared covariancesin aBayesian framework. Denoteby {Xt} = {X}Tt=1,
{yt} = {y}Tt=1 thedataof T tasks, by wℓ

t,c thenetwork parameter associated with thec-th unit (c-th
class for output layer) of the t-th task in the ℓ-th layer, by

{

Wℓ
t

}

=
{

Wℓ
t : 1 6 t 6 T, 1 6 ℓ 6 L

}
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the set of network parameters for all T tasks, where Wℓ
t ,

[

wℓ
t,1 . . .w

ℓ
t,Cℓ

]

∈ R
Dℓ×Cℓ is the

network parameter of thet-th task in theℓ-th layer,Dℓ andCℓ arethenumber of units in layersℓ−1
and ℓ, respectively. Note that, D0 is the input dimension and C8 = C is the label set cardinality.
TheMaximum aPosteriori (MAP) estimation of the model parametersgiven data is formalized as

p
(

{

Wℓ
t

}ℓ

t

∣

∣

∣
{Xt} , {yt}

)

= p
(

{

Wℓ
c

}ℓ

c

)

× p
(

{yt}
∣

∣

∣
{Xt} ,

{

Wℓ
c

}ℓ

c

)

=
L
∏

ℓ=L0

Cℓ
∏

c=1

p
(

Wℓ
c

)

×
T
∏

t=1

Nt
∏

n=1

p
(

ytn

∣

∣

∣
xt
n,
{

Wℓ
t

}ℓ
)

,
(2)

where Wℓ
c ,

[

wℓ
1,c . . .w

ℓ
T,c

]

∈ R
Dℓ×T is the network parameter of all T tasks associated with

the c-th unit in the ℓ-th layer (again, will be the c-th category if it is the output layer), and note that
{

Wℓ
t

}ℓ

t
=
{

Wℓ
c

}ℓ

c
=
{

Wℓ
c : 1 6 c 6 Cℓ, 1 6 ℓ 6 L

}

. Here we adopt the category-wise network
parameter Wℓ

c instead of the task-wisenetwork parameter Wℓ
t because it is technically moreviable

to model the task relationship with Wℓ
c as it contains the category-wiseparameters for all T tasks.

An important assumption of multi-class classification is that different categories are independent,
which iswhy multi-classproblemscan bebroken into one-vs-rest binary-classproblems. Wefurther

assumethat for theparameter prior p
(

{

Wℓ
c

}ℓ

c

)

, thenetwork parameter of each layer is independent

on thenetwork parametersof theother layers, which isacommon assumption madeby most neural
network methods [24]. Finally, we assume when the parameter is sampled from the prior, all tasks
are independent. These threeassumptions lead to the factorization of the posteriori in Equation (2).

The maximum likelihood estimation (MLE) part in Equation (2) will be modeled by the deep CNN
in Equation (1), which can learn transferablefeatures in its lower-layers(conv1–conv5) to enhance
multi-task learning. Using thisproperty, weopt to sharethenetwork parametersof all theselayersby
Wℓ

t = Wℓ, 1 6 ℓ < L0, whereL0 = 6, and a different value of L0 is also possible, depending on
the sample sizes and the number of task parameters. Thisparameter sharing strategy is a relaxation
of existing methods [16, 17, 18], which share all lower-layersexcept for the classifier layer. We do
not share task-specific layers (fc6–fc8) so as to potentially mitigate the negative-transfer [19, 20].

Theprior part in Equation (2) iscrucial as it should beableto model thetask relationship adaptively.
In thispaper, wedefinethefollowing prior based on Gaussian and matrix normal distributions[21]:

p
(

Wℓ
c

)

=

(

T
∏

t=1

NDℓ

(

wℓ
t,c

∣

∣mℓ
c, ǫ

2IDℓ

)

)

MNDℓ×T

(

Wℓ
c

∣

∣ 0Dℓ×T , IDℓ
,Ωℓ

)

, (3)

wheremℓ
c ∈ R

Dℓ is themean parameter of theisotropic Gaussian distribution, andΩℓ is thecovari-
ance parameter of the matrix normal distribution, which is defined asMND×T (W|M,Σ,Ω) =
exp(− 1

2
tr(Σ−1(W−M)Ω−1(W−M)T))
(2π)DT/2|Σ|T/2|Ω|D/2 . Thefirst term of theprior onWℓ

c is to penalizethecomplexity

of each centered columnwℓ
t,c−mℓ

c separately, and thesecond term is to model thestructureof Wℓ
c.

Specifically, in the Gaussian prior, the mean vector mℓ
c models the common component shared by

multiple tasks; and in the matrix normal prior, the row covariance matrix IDℓ
models the relation-

shipsbetween features, and thecolumn covariancematrix Ωℓ modelstherelationshipsbetween task

parameters
{

wℓ
t,c

}T

t=1
. Both parametersare learned from data to build adaptive task relationships.

Integrating Equations (1) and (3) and taking the negative logarithm of Equation (2), we obtain the
MAP estimation of {Wℓ

t}
ℓ
t and theMLE estimation of {bℓ

t}
ℓ
t by solving theoptimization problem:

min
f∈F ,Ω∈C

T
∑

t=1

Nt
∑

n=1

J
(

ft
(

xt
n

)

, ytn
)

+

L
∑

ℓ=L0

Cℓ
∑

c=1

tr
(

Wℓ
c

(

Ω̄ℓ + λL
)

Wℓ
c

T
)

, (4)

wherethepenalty parameter λ = 1/ǫ2, Ω̄ℓ ,
(

Ωℓ
)−1

is the inversecovariancematrix for modeling
thetask relationship, andL is thegraph Laplacianmatrix for modeling thecommontask component,
with Ltt′ = 1 − 1/T if t = t′ and Ltt′ = −1/T otherwise. Note that we should jointly minimize
theconcavecomplexity penalty for Ωℓ, i.e.

∑L
ℓ=L0

ln
∣

∣Ωℓ
∣

∣. We takesimilar strategy as [11, 13] and

minimizeitsconvex upper bound
∑L

ℓ=L0

(

tr
(

Ωℓ
)

− T
)

, which isreduced to theconvex constraint:

C ,
{

Ωℓ : Ωℓ ∈ R
T×T ,Ωℓ � 0, tr

(

Ωℓ
)

= 1, L0 6 ℓ 6 L
}

. (5)
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Our work contrastsfrom previousmulti-task deep learning [15, 16, 17, 18] and relationship learning
methods [11, 12, 13] in several important aspects: (1) We define the prior on multiple task-specific
layersL0 6 ℓ 6 L, whilepreviousdeep learning methodsdo not definetheprior and merely rely on
thebet that theshared deep featuresaregood enough for multi-task learning (which may not betrue
due to Yosinski et al. [19]), and previous relationship learning methods are not designed in a deep
architecture (which cannot learn transferable features for multi-task learning); (2) We define the
prior by a task covariancematrix Ωℓ shared by all categories (which can learn the task relationship
more accurately when category-wise data is scarce), while previous relationship learning methods
definetheprior for binary or regressionproblems; (3) Wedefinetheprior with atask meanparameter
mℓ

c that capturesthecommontask component of multipletasks, whilepreviousrelationship learning
methodsdefine the prior with zero-mean Gaussian that cannot model the common task component.
Hencetheproposed DRN model ismoreeffectivefor multi-task learning and robust to outlier tasks.

3.2 Algor ithm

Astheoptimizationproblem(4) isjointly non-convexwith respect to thenetwork parameters{Wℓ
t}

ℓ
t

and task covariances{Ωℓ}ℓ, weadopt an alternating method that optimizesoneset of variableswith
theothersfixed. Wefirst updateWℓ

t , which needsreformulationof objective(4) in termsof {Wℓ
t}

ℓ
t :

O =

T
∑

t=1

Nt
∑

n=1

J
(

ft
(

xt
n

)

, ytn
)

+

L
∑

ℓ=L0

T
∑

t=1

T
∑

t′=1

(

Ω̄ℓ
tt′ + λLtt′

)

tr
(

Wℓ
tW

ℓ
t′
T
)

. (6)

WhenwetraindeepCNN by mini-batchstochasticgradient descent (SGD), weonly need to consider
thegradient of objective(6) corresponding to each datapoint (xt

n, y
t
n), which can becomputed as

∂O (xt
n, y

t
n)

∂Wℓ
t

=
∂J (ft (x

t
n) , y

t
n)

∂Wℓ
t

+ 2

T
∑

t′=1

(

Ω̄ℓ
tt′ + λLtt′

)

Wℓ
t′ . (7)

Such a mini-batch SGD can be easily implemented via the Caffe framework for CNNs [28]. Since
training a deep CNN requires a large amount of labeled data, which is prohibitive for many multi-
task learning problems, wefine-tunefrom an AlexNet model pre-trained on ImageNet 2012 as [19].
In each epoch of SGD, with theupdated {Wℓ

t}
ℓ
t, wecan update{Ωℓ}ℓ by a close-form solution as

Ωℓ =
(Aℓ)

1/2

tr
(

(Aℓ)
1/2
) , whereAℓ

tt′ = tr
(

Wℓ
tW

ℓ
t′
T
)

, and Ω̄ℓ ,
(

Ωℓ
)−1

. (8)

Though the derivation is similar to [11], our method learns the task relationship Ωℓ from multiple
classes, while[11] learnsthetask relationshipΩℓ from binaryclasses. When thelabeled dataisvery
limited for each category, thebinary-classmethod [11] may not infer thetask relationshipaccurately.

TheDRN algorithm scales linearly to thesamplesize. For each iteration, the timecost of all convo-
lutional layers isO(

∑Lcv

ℓ=1 NFℓ−1S
2
ℓ · FℓM

2
ℓ ), whereLcv is thenumber of convolutional layers, Fℓ

is thenumber of filters in theℓ-th layer,Sℓ is thespatial sizeof thefilter, andMℓ is thesizeof output
feature map; and the time cost of all fully connected layers isO(

∑L
ℓ=Lcv+1 N(D2

ℓCℓ + TDℓCℓ)).

Finally, the timecomplexity for updating task relationship matrices isO(
∑L

ℓ=L0
(T 2D2

ℓCℓ + T 3)).

3.3 Discussion

Weconsider afine-grainedtask relationshipwheredifferent tasksmay becorrelated in different ways
for different categories. Thismay bebeneficial when thetraining set for each classis relatively large
so that class-wise task relationship can be learned accurately, and theclass-conditional distributions
arevery different acrosstasks. Thisleadsto aDRN variant for learningclass-wisetask relationships:

min
f∈F ,Ω∈C

T
∑

t=1

Nt
∑

n=1

J
(

ft
(

xt
n

)

, ytn
)

+

L
∑

ℓ=L0

Cℓ
∑

c=1

tr
(

Wℓ
c

(

Ω̄ℓ
c + λL

)

Wℓ
c

T
)

, (9)

whereΩℓ
c is the class-wise task relationship, which decouplesEquation (9) for different categories,

i.e. equivalent toC one-vs-rest binary problems, but trainingC deep networks ismoredemanding.
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Learning shared features by exploiting feature covariance has been extensively studied for multi-
task feature learning [2, 3, 5, 4, 6]. We generalize DRN to handle the case that both the tasks and
features are correlated by modifying the matrix normal prior asMNDℓ×T

(

Wℓ
c

∣

∣0Dℓ×T ,Σ
ℓ,Ωℓ

)

in Equation (3), which leads to anew DRN variant for learning both featureand task relationships:

min
f,Σ,Ω

T
∑

t=1

Nt
∑

n=1

J
(

ft
(

xt
n

)

, ytn
)

+

L
∑

ℓ=L0

Cℓ
∑

c=1

tr
(

Σ̄ℓWℓ
c

(

Ω̄ℓ + λL
)

Wℓ
c

T
)

, (10)

whereΣℓ is the featurecovariancematrix for encoding thefeaturerelationship and Σ̄ℓ is its inverse.
Notethat deep networkscan implicitly learn fromthefeaturecovarianceviathenetwork parameters.

4 Exper iments

We compare the DRN model with state-of-the-art multi-task learning methodson real-world object
recognition datasets, and verify theefficacy of themulti-layer and multi-class relationship learning.
Different from most methods that use multi-task datasets whereeach task isbinary classification or
univariateregression, weevaluateonmulti-task datasetswhereeach task ismulti-classclassification.

4.1 Setup

Office-Caltech [29, 30] Thisdataset isthestandardbenchmark for multi-task learningand transfer
learning. TheOfficepart [29] consistsof 4,652 imagesin 31 categoriescollected from threedistinct
domains (tasks): Amazon (A), which contains images downloaded from amazon.com, Webcam
(W) and DSLR (D), which are imagestaken by Web cameraand digital SLR cameraunder different
environmental variations. This dataset is organized by selecting the 10 common categories shared
by theOfficedataset and theCaltech-256 (C) dataset [30], henceit consistsof four domains(tasks).

ImageCLEF-DA1 This dataset is the benchmark for ImageCLEF domain adaptation challenge.
It is organized by selecting the 12 common categories shared by the following four public datasets
(tasks): Caltech-256 (C), ImageNet ILSVRC 2012 (I ), Pascal VOC 2012 (P), and Bing (B). The12
common categoriesare: aeroplane, bike, bird, boat, bottle, bus, car, dog, horse, monitor, motorbike,
and people. For space limitation, we omit the dataset details that can beparsed from the Web. Both
datasetsareevaluated viaSURF featuresfor shallow methodsand original imagesfor deep methods.

We compare with a variety of methods: Single-Task Softmax Regression (STSR), Multi-Task Fea-
ture Learning (MTFL ) [3], Robust Multi-Task Learning (RMTL ) [5], Multi-Task Relationship
Learning (MTRL ) [11, 13], and Multi-Task Deep Convolutional Neural Network (MTCNN) [18].
Specifically, LR is performed on each task separately, without modeling the shared structure across
tasks. MTFL learns the covariance structure of features and different tasks are independent given
the covariancestructure. RMTL is an extension to MTFL that captures the task relationshipsusing
a low-rank structure, and simultaneously identifies the outlier tasks using a group-sparse structure.
MTRL infers the task relationships by the task covariance matrix, hence it can be adaptive to the
transferability between tasks and circumvent the negative-transfer problem. The original MTCNN
isapplied to heterogeneoustasks(e.g. facelandmark detection and head poseestimation) by sharing
all the feature layersand learning multiple task classifiers, whileweapply it to homogeneoustasks.

To study theefficacy of jointly learning transferablefeaturesand task relationships, weevaluatesev-
eral variantsof DRN: (1) DRN using only onenetwork layer, i.e. layer fc8 for relationship learning,
termed DRN8; (2) DRN using one-vs-rest binary classifier for relationship learning, termed DRNbi ;
(3) DRN without enforcing the task mean in isotropic Gaussian prior, termed DRNm. While using
binary classifier for multi-classproblems is less effectivedue to unbalanced classes, and inefficient
for largenumber of categories, most existing methods[3, 5, 11] generally follow thisparadigm. The
plausiblereason isthat it may benot easy to extend thesemethodsto natural multi-classformulation.

Wemainly follow standardevaluationprotocol for multi-task learningandrandomly select 5%, 10%,
and 20% samples from each task as the training set and utilize the rest of the samplesas the test set
[11, 13, 5]. Note that the sample sizes may be imbalanced across different tasks, e.g. C and A are
largedomainswith thousandsof exampleswhileW and D aresmall domainswith only hundredsof

1
http://imageclef.org/2014/adaptation
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Table 1: Multi-classaccuracy on the Office-Caltech dataset with standard evaluation protocol [11].

Method 5% 10% 20%
A W D C Avg A W D C Avg A W D C Avg

STSR 45.0 50.8 39.2 32.1 41.8 51.9 65.0 46.6 35.4 49.7 59.6 70.4 57.8 39.9 56.0
MTFL 45.5 45.6 43.0 34.0 42.0 51.2 64.3 47.0 33.9 49.1 60.4 73.7 64.3 39.1 59.4
RMTL 47.0 43.9 43.9 27.5 40.6 50.9 58.5 48.3 32.9 47.6 55.0 74.3 59.5 39.8 57.1
MTRL 43.2 50.4 41.2 28.3 40.8 51.8 67.2 51.1 33.8 50.9 61.3 76.8 67.7 39.0 59.9

MTCNN 74.2 87.1 82.9 75.1 79.8 89.0 91.9 87.4 82.8 87.8 92.6 95.4 90.0 86.9 91.2
DRN8 92.2 96.9 97.4 87.0 93.4 93.2 97.6 97.8 87.1 93.9 93.7 97.4 99.9 88.3 94.9
DRNbi 91.6 96.8 97.9 86.6 93.2 93.0 98.2 97.1 87.2 93.9 92.4 97.1 96.4 90.5 94.1
DRNm 92.4 96.1 98.6 87.3 93.6 93.7 97.9 97.9 86.5 94.0 93.5 97.9 98.7 89.8 95.0
DRN 92.5 97.5 97.9 87.5 93.8 93.6 98.6 98.6 87.3 94.5 94.4 98.3 99.9 89.1 95.5

Table2: Multi-classaccuracy on the ImageCLEF-DA dataset with standard evaluationprotocol [11].

Method 5% 10% 20%
C I P B Avg C I P B Avg C I P B Avg

STSR 48.6 28.8 20.8 20.6 29.7 54.1 31.2 21.5 23.1 32.5 62.2 36.5 25.4 25.1 37.3
MTFL 44.6 27.3 19.6 20.0 27.9 53.2 30.4 23.0 22.5 32.3 62.5 37.0 24.7 24.6 37.2
RMTL 44.2 27.5 23.8 21.4 29.2 54.2 31.3 23.7 23.0 33.1 60.8 36.3 24.7 27.4 37.3
MTRL 51.6 31.0 23.9 17.0 30.9 61.3 31.9 25.2 28.9 36.8 63.8 41.0 28.0 31.5 41.0

MTCNN 84.9 67.0 55.1 31.1 59.5 89.1 76.1 55.7 45.0 66.5 91.7 80.0 60.2 51.1 70.7
DRN8 87.0 74.4 59.8 45.6 66.7 89.1 82.2 60.4 49.3 70.2 91.1 84.1 65.7 54.1 73.7
DRNbi 89.1 76.7 60.5 45.1 67.8 88.9 80.9 61.5 50.7 70.5 91.1 83.5 65.7 55.7 74.0
DRNm 88.4 75.8 60.2 38.6 65.7 89.3 80.7 60.7 49.4 70.0 91.7 83.5 61.1 52.8 72.3
DRN 89.1 77.9 61.9 47.0 69.0 88.7 81.9 62.3 51.3 71.0 91.3 84.4 66.3 53.3 73.8

examples. In this regard, the evaluation protocol can naturally reflect the performanceof multi-task
learning with different samplesizes. We comparetheaveragesof accuracy for all tasksbased on 10
random experiments, whilestandard errorsare insignificant and are not listed. We perform parame-
ter selection for all methodsusing five-fold cross-validation on the training set, which is consistent
with thebaselinemethods[3, 5, 11]. For CNN-based methods, weadopt thefine-tuning architecture
[19], however, due to limited training examples in our datasets, we fix convolutional layers conv1–
conv3 that were copied from pre-trained model, fine-tuneconv4–conv5 and fully connected layers
fc6–fc7, and train classifier layer fc8, both via back propagation. As the classifier is trained from
scratch, we set its learning rate to be 10 times that of the lower layers. We use stochastic gradient
descent (SGD) with 0.9 momentum and the learning rate annealing strategy implemented in Caffe
[28], and cross-validatethelearning ratebetween 10−5 and 10−2 by amultiplicativestep-size100.5.

4.2 Resultsand Discussion

Themulti-task classification resultson themulti-classdatasetsOffice-Caltech and ImageCLEF-DA
based on 5%, 10%, and 20% sampled training data are shown in Tables 1 and 2, respectively. We
can observethat theproposed DRN model significantly outperformsthecomparison methodson all
multi-task problems. Thesubstantial performanceboost verifiesthat our deep relationship networks
viamulti-layer and multi-class relationship learning isable to learn both safely transferablefeatures
andadaptivetask relationships, whichestablishesmoreeffectiveandrobust multi-task deep learning.

From the experimental results, we can make the following observations. (1) Conventional shallow
multi-task learning methods MTFL, RMTL, and MTRL generally outperform single-task learning
method STSR, which confirmsthemotivation of jointly learning multipletasksby exploiting shared
structures. Among theshallow multi-task methods, MTRL givesthebest performance, showing that
exploiting task relationship ismoreeffectivethan extracting shallow featuresubspacefor multi-task
learning. (2) Current state-of-the-art multi-task deep learning method MTCNN further outperforms
conventional shallow multi-task learning methods by a very large margin, which certifies the vital
importanceof learningdeep transferablefeaturesto enableknowledgetransfer acrossdifferent tasks.
However, MTCNN assumessharednetwork parametersfor all featurelayers(conv1–fc7) and learns
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Figure2: Hinton diagram of task relationship (a)(b) and t-SNE embedding of deep features(c)(d).

theclassifier layer fc8 independently without inducing thetask relationship. Thisresultsinnegative-
transfer in the feature layers[19] and under-transfer in theclassifier layer. A defensefor MTCNN is
that it isdesigned for heterogeneousmulti-task learning wheretask relationship isdifficult to model.

To divedeeper into DRN, wepresent theresultsof threevariantsof DRN: DRN8, DRNbi and DRNm,
all significantly outperformMTCNN but generally underperformDRN, which verify our motivation
that jointly learning transferable features and adaptive task relationships can bridge multiple tasks
moreeffectively. (1) Thedisadvantageof DRN8 isthat it doesnot learn theadaptivetask relationship
in the lower fully connected layers fc6–fc7, which are not completely transferable and may result
in negative-transfer [19]. (2) Theshortcoming of DRNbi is that it doesnot learn thetask relationship
based on multiplecategories, hencetheinferredclass-wisetask relationshipmay beinaccuratewhen
labeled data is very limited, however, its performancewill catch up with DRN when the class-wise
training data grows large. (3) The weakness of DRNm is that it does not capture the common
task component, hence it may result in under-transfer if the common task component really exists,
especially for thelower featurelayersof thedeep network that aremoresafely transferable[19]. The
proposed DRN model takesfull advantagesof all thesefactorsand establishesthebest performance.

4.3 Visualization Analysis

We first show that DRN can better learn adaptive task relationshipswith deep features than MTRL
with shallow features, by visualizing the task covariancematricesΩ learned by MTRL and DRN in
Figures2(a) and 2(b), respectively. Prior knowledgeon task similarity in the Office-Caltech dataset
[29] describes that tasks A, W and D are more similar with each other while they are significantly
dissimilar to task C. DRN successfully capturesthisprior task relationship and further enhancestask
correlation acrossdissimilar tasks, which establishesstronger transferability for multi-task learning.
Furthermore, all tasks are positively correlated (green color) in DRN, implying that all tasks can
better reinforceeach other. However, someof the tasks (D and C) arestill negatively correlated (red
color) in MTRL, implying thesetasksshould bedrawn far apart and cannot improvewith each other.

To demonstratethe transferability of DRN features, we follow [28, 20] and visualize in Figures2(c)
and 2(d) the t-SNE embeddingsof the images in the Office-Caltech dataset with MTCNN features
and DRN features, respectively. We observe that compared with MTCNN features, the data points
with DRN featuresare discriminated better acrossdifferent categories, i.e. each category has small
intra-class variance and large inter-class margin; and the data points are also aligned better across
different tasks, i.e. theembeddingsof different tasksoverlap well, which impliesthat different tasks
can reinforceeach other effectively and improvecategory discrimination performance. Thisverifies
that with joint relationship discovery, DRN learnsmoretransferablefeaturesfor multi-task learning.

5 Conclusion

We proposed a deep relationship network (DRN) model that integrates standard neural networks
with matrix normal priorsover the network parametersof all task-specific layers. The priorsdefine
the covariancestructure over tasks and enable inductive transfer across related tasks. We devised a
learning algorithm that fine-tunes from a pre-trained deep network and learns transferable features
and task relationshipsjointly. Experimentsshow that themodel achievessuperior resultson standard
object recognitiondatasets. Futurework includesdata-dependent priorsfor multi-task deep learning.
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