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Abstract

This paper suggeststhat it may be easier to learn
several hard tasks at one time than to learn these
same tasks separately. In effect, the informa-
tion provided by the training signal for each task
serves as a domain-specific inductive biasfor the
other tasks. Frequently theworldgivesusclusters
of related taskstolearn. When it doesnot, it isof-
ten straightforwardto create additional tasks. For
many domains, acquiring inductive bias by col-
lecting additional teaching signal may be more
practical than the traditional approach of codify-
ing domain-specific biases acquired from human
expertise. Wecall thisapproach Multitask Learn-
ing (MTL). Since much of the power of an induc-
tive learner follows directly from its inductive
bias, multitask learning may yield more power-
ful learning. An empirical example of multitask
connectionist learning is presented where learn-
ing improves by training one network on severa
related tasks at the sametime. Multitask decision
tree induction is also outlined.

1 INTRODUCTION

Inductive bias is anything that causes an inductive learner
to prefer some hypotheses over other hypotheses. Bias-
free learning is impossible; in fact, much of the power of
an inductive learner follows directly from the power of its
inductive bias (Mitchell 1980). Though many different
sources of inductive bias have been used, these do not yet
appear to be powerful enough to enable machine learning to
develop inductivesystems that scale to complex real-world
tasks.

The standard methodology in machine learning is to break
large problemsinto small, reasonably independent subprob-
lems, learn the subproblems separately, and then recombine
the learned pieces (Waibel 1989). This paper suggests that
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part of this methodology may be wrong. The reductionist
method has caused usto attempt |earning on simpl e, isol ated
tasks before earnestly attempting learning on larger, richer
tasks. By adhering to this method we may be ignoring a
critical source of inductive bias for real-world problems:
the inductive biasinherent in the similarity of related tasks
drawn from the same domain. If an inductive learner is
given severa related tasks at the same time, these tasks
can be used as valuable sources of inductive bias for each
other. This may make learning faster or more accurate and
may allow hard tasksto be learned that are not learnablein
isolation. We call thisapproach Multitask Learning (MTL).

First we introduce multitask learning at an abstract level
and explain how related tasks can be used as sources of
mutual inductivebias. Then we present aconcrete example
of MTL applied to artificial neural networks. After this
demonstration we discuss multitask connectionist learning
inmoredetail. Then we briefly describe multitask decision-
tree learning. After this we discuss related work, most
notably that on giving hintsto networksand on transferring
knowledge between related tasks learned one a a time.
Finally, we summarizethe M TL methodol ogy and highlight
the research problemsthat will have to be tackled for MTL
to succeed on complex, real-world tasks.

2 MULTITASK LEARNING AND
INDUCTIVE BIAS

We learn embedded in aworld that simultaneously tasks us
to learn many related things. These things obey the same
physica laws, derive from the same human culture, are
preprocessed by the same sensory hardware, etc. Perhaps
it isthe similarity of the tasks we learn that enables us to
learn so much with so little experience.

A child trained from birth on a single, isolated, complex
task—and nothing else—would be unlikely to learn it. If
you were trained from birth to play tennis—and nothing
else—you would probably not learn tennis. Instead, you
learn to play tennisin aworld that tasks you to learn many
other things. You also learn to walk, to run, to jump, to ex-
ercise, to grasp, to throw, to swing, to recognize objects, to
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predict trajectories, to rest, totalk, to study, to practice, etc.
Thesetasks are not al the same: runningintennisisdiffer-
ent from running on atrack, yet they are related. Perhaps
the similarities between the thousands of tasks you learn
are what enable you to learn any one of them—including
tennis.

An artificial neura network (or a decision tree) trained
tabula rasa on a single, isolated, complex task is unlikely
tolearn it. For example, a neura network with a 1000 by
1000 pixel input retinawill beunlikely tolearn to recognize
complex objects in the rea world given the number of
training patterns and the amount of training time we likely
can afford. Instead, it may be better to embed theinductive
learner in an environment that simultaneoudly tasks it to
learn many related tasks. If these tasks share computed
subfeatures or |earnable subprocesses, the inductivelearner
may find that it is easier to learn them together than to
learn them in isolation. Thus if we simultaneoudly train
the neural network to recognize objectsand object outlines,
shapes, edges, regions, subregions, textures, reflections,
highlights, shadows, text, orientation, size, distance, etc., it
may be better able to |earn to recognize complex objectsin
thereal world. ThisisMultitask Learning (MTL).

MTL is predicated on the notion that tasks can serve as
mutual sources of inductive bias for each other. Inductive
bias is anything that causes an inductive learner to prefer
some hypotheses over others. MTL is one particular kind
of inductive bias. MTL uses the information contained
in the training signal of related tasks to bias the learner to
hypothesesthat benefit multipletasks. One doesnot usually
think of training data as a bias; but when the training data
contains the teaching signa for more than one task, it is
easy to see that, from the point of view of any one task,
the other tasks may serve as bias. For this multitask bias
to exist, theinductivelearner must also be biased (typically
viaasimplicity bias) to prefer hypotheses that have utility
across multipletasks.

Inductivebiasescan becategorized by their strength, explic-
itness, and domain specificity. The strength of the multitask
bias depends on how the tasks are related and how strongly
theinductivel earner isbhiased towardssharing | earned struc-
ture across the tasks. The multitask bias is explicit in that
the information provided in the teaching signal is explicit.
It can also beimplicit, however, because thesimplicity bias
it dependsonis, in many inductive systems, only implicitly
specified. The multitask biasisdomain specific if the tasks
are drawn from one domain. It is a knowledge-based in-
ductive bias because the training signal for the tasks can be
knowledgerich. That is, from the point of view of any one
task, theinformation contained in thetraining signal for the
other tasks can provide additiona domain knowledgetothe
learner that it would not have received if it were working
ononetask a atime,

Bias-free learning is impossible; much of the power of an
inductive learner follows directly from its inductive bias
(Mitchell 1980). Most inductive systems rely on weak
biases because there exist weak biases with broad applica
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bility that are easy to use on new problems (e.g., syntactic
simplicity). Stronginductivebiasesareusually domain spe-
cific. Unfortunately, domain-specific inductive biases are
often costly, typicaly requiring a domain theory manually
encoded by ahuman expert. MTL may providean effective
source of domain-specific, knowledge-rich, inductive bias
that requiresless effort from the domain expert.

3 AN EXAMPLE OF MULTITASK
CONNECTIONIST LEARNING

The smplest way to introduce multitask connectionist
learning is with an example. Consider the following four
boolean functions defined on 8 bit inputs:

Task 1 = Bl OR Parity(B2-B38)
Task 2 = B1 OR Parity(B2-B38)
Task 3 = Bl AND Parity(B2-B38)
Task 4 = Bl AND Parity(B2-B38)

where Bi represents the ith bit (leftmost bit is B1), and
Parity(B2-B8) is the parity (number of bits set, mod 2) of
bits2-8

For example, if the input pattern is 10001101 then
Task1(10001101) = 1 OR Parity(0001101) =1 OR 1 = 1.
Similarly Task4(10001101) = 0.

These four tasks are related in several ways. First, al the
tasks are defined on the same inputs: eight binary bits.
Second, each task is defined using a common computed
subfeature: the parity of bits 2 through 8. Third, on those
inputs where Task 1 must compute the parity of bits 2
through 8, Task 2 does not need to compute parity, and
viceversa. That is, if B1 =0, then Task 1 = Parity(B2-B8)
but Task 2 = 1 independent of the vaue of Parity(B2—
B8). Task 3 and Task 4 are related similarly: Task 3 needs
Parity(B2-B8) when B1 = 1, but Task 4 does not, €tc.

Backpropagation (Rumelhart et al. 1986) can be used to
trainartificial neura networkstolearnthesetasks. Figurel
showsthenetworksonewouldtypically use. Sincethetasks
are independent, a separate network is used for each task.
Thisissingletask learning (STL). But it isaso possible, as
shownin Figure 2, to use asingle network to learn the four
tasks at the same time. Thisis multitask learning (MTL).

Thefour graphsin Figure 3 show the generalization perfor-
mance for single and multitask networks trained on Tasks
1-4. Each graph containsthree generalization performance
curves, one for that task trained in isolation, one for that
task trained paired with another task (i.e.,, MTL with two
tasks), and one for that task when all four tasks are trained
together (i.e,, MTL with four tasks). To simplify the pre-
sentation of the two-task multitask data, we present curves
only for Tasks 1 and 2 trained together and for Tasks 3 and
4 trained together.

All runsuse fully connected feed-forward networks with 8
input units, 160 hidden units, and 1-4 output units. (Net-
workswith fewer than 20 hidden unitsare adequate for these

Caption Health Ex1022



- "

N85

OO0O0OO0O0O0OO0O0 OOOOOOOO

f f

INPUTS INPUTS

Task 3

///\ //\

NS NS

O0O0O0O000O0 OOOOOOOO

f f

INPUTS INPUTS

Task 4

Figure 1: Connectionist Single Task Learning (STL) of Four Functions Defined on the Same Inputs
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Figure2: Connectionist Multitask Learning (MTL) of Four
Related Functions Defined on the Same Inputs

tasks. The networks are large to minimize capacity effects
when different numbers of tasks aretrained on one network.
Other experiments we have run suggest that the generaliza-
tion performance on these tasksis not injured by the excess
capacity.) All networkswere trained with backpropagation
using MITRE Corporation’s Aspirin/MIGRAINES5.0 with
learning rate= 0.1, momentum = 0.9, and per-pattern updat-
ing. Thetraining setscontain 64 patterns selected randomly
from the 256 possible patterns. The remaining 192 patterns
are used as a cross-validation hold-out set to measure gen-
eralization performance. The training set was kept small
to make generaization challenging, to prevent a training
set from including most of the 128 possible examples of
the parity subfunction, and to insure that the hold-out set
is large enough to yield reliable generalization measures.
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Each plot isthe average of 20 runs.

Let's carefully examine the graphs in Figure 3. The first
graph shows the average generaization performance dur-
ing training for Task 1. The three curves represent the
performance for Task 1 when trained alone, when trained
with Task 2, and when trained with Tasks 2, 3, and 4. The
poorest performance occurswhen Task 1istrained by itself.
Thisissingle task neura network learning. Better gener-
alization performance on Task 1 is achieved when a single
network is trained on both Tasks 1 and 2 at the same time.
And even better generalization performance is achieved by
training al four tasks together on asingle network. Similar
results are found for the other tasks: for each task, better
performanceis achieved if that task istrained on a network
that istrained simultaneously on the other tasks. Note also
that better generalization performance is obtained without
the need for additional training passes. (In fact, the MTL
run is computationally more efficient than the four STL
runsit replaces.) To check theresults presented graphical ly
in Figure 3, an anaysis of variance (ANOVA) of the peak
generaization performances from each of the 20 training
runswas also performed. Thisanalysisconfirmsthat MTL
statistically outperforms STL at the .05 level.

Why iseach task learned better if it istrained in the context
of a network that is learning the other related tasks at the
same time? We have run experiments to verify that the
improved generalization performance of MTL isthe result
of multitask inductive bias. Specifically, we have done
experiments to rule out two effects that do not depend on
thetasks being related. The first effect is that adding noise
to neural net learning sometimes improves generalization
performance (Holmstrom & Koistinen 1992). To the extent
that the tasks are uncorrelated, their contribution to the
aggregate gradient (the gradient that sums the error fed
back from each layer’s outputs) will appear as noise for
other tasks. Thus the uncorrelatedness of the tasks might
improve generalization performance by acting as a source
of noise. To test for thiseffect we trained nets on the tasks
using random additional tasks. For example, we trained a
four output net on Task 1 and three different random tasks.
(Each random task was was held constant during trai ning—
the random tasks are true functions.)
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Figure 3: Generalization Performance of Single Task Learning and Multitask Learning on Tasks 1-4

The second effect wetested for isthe possibility that adding
tasks merely changes the weight updating dynamics to
somehow favor nets with more tasks. To test for this we
trained nets on four “replicated” tasks at one time. For
example, asingle net was trained on four copies of Task 1;
each of its four outputs received exactly the same training
signal. Inthisdegenerateformof MTL, each task correl ates
perfectly withthe othersand contributesno additional infor-
mation, thus cannot serve as a source of knowledge-based
inductive bias.

Figure 4 shows the generalization performance for Task 1
when it is multitask trained with three random functions.
The performance for Task 1 when it is trained aone, with
Task 2, and with Tasks 2—4 is shown for comparison. The
performance for Task 1 when it is trained on networks si-
multaneoudly trained on random functionsis similar to the
performancefor Task 1 trained a one. (Whentheother tasks
are multitasked with random functions their performance
actualy dropsalittle) We conclude that it is unlikely that
the MTL effect is due to the uncorrelatedness of the mul-
tiple tasks serving as a beneficia source of noise. (Torule
out the possibility that net capacity might artificialy limit
performance when learning random functions, we verified
that networks with as few as 20 hidden units are able to
train to 100 percent accuracy on onetask and three random
tasks.)

Figure 4 al so showsthe performance of netstrained on four
copies of Task 1. (The figure shows the performance for
one output selected at random.) Surprisingly, performance
is better than that for Task 1 trained in isolation. This
improvement is gained without any additiona information
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Figure 4: Performance of MTL Variantson Task 1

being given to the system. We can think of three explana-
tions: 1) theextracopiesmay increasetheeffectivelearning
rate on the weights from the input layer to the hidden layer
because their backpropagated error signals add; 2) the four
copies may provide a better signal-to-noise ratio early in
training when error signals are backpropagated throughini -
tially random wei ghts because there are four times as many
random weights backpropagating from the output layer to
the hidden layer; and 3) having more weights connected to
the same signal increases the odds that one of the weights
will be closeto a“good” value. We have yet to determine
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what mechanism accounts for the observed performance
increase. Fortunately, the replication effect is not large
enough to explainthe MTL performance increase observed
on Tasks 14 even if we assume it is somehow ableto con-
fer the same magnitude advantage for tasks as different as
Tasks 14.

One find comment is necessary here. Is the MTL bias
effect we observe large enough to be interesting? There
are severa answerstothis. First, performance increased as
the number of related tasks increased. In many domainsit
is surprisingly easy to add more tasks. The accumulated
benefit of MTL might be significant in some domains. Sec-
ond, parity is a hard function to learn, so hard that it is
rarely used in generalization studies. (Most studies using
parity try to learn parity by training on the complete set
of patterns.) The fact that we see improved generalization
on tasks that compute parity internally (but are not trained
on any explicit information about the parity function it-
salf) is remarkable. Third, the networks have not been
“told” that the tasks share a common computable subfea
ture. Moreover, the tasks differ significantly in how they
use this subfeature. This represents a challenging case for
MTL because the relationship between the tasks is deeply
buried. Yet measurable improvement does occur.

4 MULTITASK CONNECTIONIST
LEARNING IN MORE DETAIL

4.1 Advantagesand Disadvantages

What are the advantages and disadvantages of using one net
to learn several tasks compared with separate nets for each
task? Let’sbegin by examining the possible disadvantages:

1. The MTL net will probably need additiona capacity
if itistolearn all the tasks.

2. Becausethe M TL netisdoing several potentialy com-
peting jobs at the same time, the gradients computed
from the error signal for each task may interfere (i.e.,
cause the aggregate gradient to be flatter or less di-
rectional), so learning might be slower for some MTL
tasks.

3. TheMTL net may beginto overtrain on different tasks
at different times. If overtrainingis prevented by halt-
ing training when the cross-validation generalization
performance beginsto drop, there may be no one place
to stop training the MTL net to achieve peak general-
ization on all tasks.

4. MTL will sometimes requirethat new tasks be defined
and that training signal for these new tasks beacquired.
This places additional burden on the domain expert.

5. If thelearning parameters (e.g., learning rate, momen-
tum, initial weight ranges, etc.) must be set differently
for different tasks, there may be no one setting appro-
priateto all the tasks.
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The advantages of MTL stem from the possibility that, if
the tasks are related, information from the teaching signal
of onetask might aid learning the other tasks. If the benefit
from this mutua inductive bias is strong enough, most of
the disadvantages described above can be mitigated:

1. If thetaskscan shareweights, the M TL net, whilebig-
ger than any one net required for the individual tasks,
will be smaller than the individual nets combined.

2. Although the MTL aggregate gradient may be flatter,
it may beless susceptibleto noise. It may also pointin
better directions because early in search the gradients
will point in directions beneficia to severa tasks, i.e.,
towards more generally useful subfeatures.

3. Although tasks will overtrain at different times, this
is not really a problem. MTL requires that tasks are
trained in the context of other tasks, not that learning
produce a single net to use for al tasks. MTL can
produce separate nets for each task, each representing
the point where generalization performance peaked on
that task. (We did thisfor the ANOVA in Section 3.)

4. Devising new tasks and acquiring the training signa
will not aways be easy, but it will often be easier
than the alternative: acquiring and codifying domain-
specific inductive biases acquired from human exper-
tise. We conjecture that MTL provides a convenient
“pipe’ throughwhich to add domain-specificinductive
bias.

5. Where tasksrequiretweaking thelearning parameters,
it may beimpossibletotrainthetasksat onetime. This
may limit MTL's use in some domains.

4.2 How MTL Can Improve Generalization

Thereare several reasonswhy multitask netsmay generalize
better. MTL can provide a data amplification effect, can
allow tasksto “eavesdrop” on patterns discovered for other
tasks, and can bias the network towards representations
that might be overlooked if the tasks are learned separately.
Let’s examine each of these more closdly.

The data amplification effect is best explained using Tasks
1-4 from Section 3. Both Task 1 and 2 need to compute
the parity subfeature on haf of the patterns, but Task 1
needs parity only on those patterns for which Task 2 does
not, and vice versa. Thus the teaching signal for Task 1
provides information about parity haf of the time and the
teaching signal for Task 2 providesinformation about par-
ity the other half of thetime. A net trained on one of these
tasks receives information about the parity subfeature only
about half the time, whereas a net trained on both Tasks 1
and 2 getsinformation about the parity subfeature on every
training pattern. Both nets see exactly the same training
patterns, but the multitask net is getting more information
with each training pattern. This can increase the effective
sample size for a computed subfeature. To any one task,
the other tasks are providing an inductivebias, i.e., a pref-
erence for hypotheses that more accurately compute com-
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mon subfeatures. (This effect cannot explain al the MTL
performance observed on Tasks 1-4 because performance
incresses if Tasks 1 and 2 are trained with Tasks 3 and 4,
yet Tasks 1 and 2 already “require’ the parity subfeature for
all patterns.)

“Eavesdropping” will be a common benefit of MTL. If
tasks are related, it islikely that the computed subfeatures
needed by some tasks will sometimes be useful to other
tasks. These subfeatures may not be learnable by the tasks
that eavesdrop on them if they are trained separately, but
might prove val uable sources of information when they are
learned for other tasks.

At itsbest, MTL will bias netsto learn internal representa
tionsthey would not have learned if trained on thetasksin
isolation. Consider a set of 100 tasks for which there are
100 training patterns. Assume each task could benefit by
computing a function F of itsinputs. Further assume that
each task needs F for only one of the 100 training patterns
and that each task needs F for a different pattern. Nets
trained on thetasks one atimewill not learn F because they
receive insufficient information to recognize F exists. A
net trained on all 100 tasks, however, might learn F. MTL
may allow netsto discover internal representationsthat STL
netscould not. MTL may &l so bias netstowards one of sev-
eral different internal representations if one representation
benefits several tasks.

4.3 Where Multiple Tasks Come From

Tasks 1-4 were devised to be related in carefully chosen
ways. Where will the additional tasks MTL requires come
from for real-world problems? Often the real world gives
us related tasks to learn at the same time. For example, in
the Calendar Apprentice System (Dent et a. 1990) induc-
tive learning is used to predict the location, time of day,
day of theweek, and duration for the meetingsit schedul es.
These tasks are rel ated; they are functions of the same data
and probably share some common subfeatures. The Calen-
dar Apprentice currently learns these tasks independently.
(Actually, it learns the tasks in a specified order so it can
feed the output of one task as an input feature to the next.)
The MTL approach isto induce a single mode for al four
tasks at the same time. MTL does not need to define an
order for task induction to enable tasks to feed information
to each other.

Many real-world domains are “natural” multitask domains
if one avoids reductionism. But it is not essentia that
a domain “naturally” present multiple tasks to use MTL.
MTL is a means of adding domain-specific inductive bias
to an inductive system via additional teaching signal. For
many domains it is surprisingly easy to devise additional
related tasks. These might be semi-modular pieces of the
larger task (e.g., tasking a robot to predict the trgjectory of
aball when thefull task requiresthe robot to catch the ball)
or might be tasks that appear to require similar abilities as
the given task(s). Acquiring the additional training signal
is not trivial, but it is probably easier than asking domain
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expertsto provide other forms of domain-specificinductive
bias: domain experts excel a using their knowledge, but
usualy find codifying their knowledge difficult. Note that
MTL does not require that the training signalsbe available
a run time. The training signals are needed only during
trai ning because they are outputs—not inputs—of the M TL
net. Thusoneisfreeto specify any featureor task that might
be useful even if there will be no operational procedure to
computeit later.

5 MULTITASK DECISION TREES

MTL can be applied to other learning techniques, even to
techniques like decision trees that are not usually used for
multiple tasks. Typicaly, a leaf in a decision tree pro-
vides a single class assignment to the instances that reach
it. Sometimes leaf nodes refer to multiple classes within a
single task, e.g., by assigning probabilities for each class,
but separate decision trees are usualy built for different
tasks. This need not be the case. We can create multitask
decision trees containing nodes that assign membership for
all thetasksthe decisiontreeistrained on. That is, asingle
decision tree might have a leaf node that corresponds to
class A for Task 1, class C for Task 2, etc.

An example will clarify why one would do this. Suppose
we wish to learn severa related medica diagnosis tasks.
Task 1isto determineif the patient has retina degeneracy,
Task 2 isto determine if the patient has diabetes, Task 3
isto determine if the patient has reduced peripheral circu-
lation, and Task 4 is to determine if the patient has pul-
monary disease. These tasks are strongly related, but the
relationship between them is convoluted. Diabetes often
causes retina degeneration and reduced peripheral circul a
tion, and increases the risk of pulmonary disease. Retina
degeneration and reduced periphera flow are common first
symptoms of diabetes. Pulmonary disease, if it is linked
to diabetes, isusually along-term consegquence of diabetes,
not adiagnostically useful symptom. But any of these con-
ditions can aso derive from other dysfunctions and they
also often occur inisolation.

The web relating these conditionsis tangled. And we can
easily imagine a larger web that would bring in dozens of
other related symptoms and ailments. The classic decision
treeinduction approach (Quinlan 1986) isto induce a sepa-
rate decision tree for each maady. If it isknown that some
diagnoses might benefit from other diagnoses, we might
learn the decision trees in some order and use the outputs
from earlier treesasinput featuresto subsequent trees. This
isawkward given the number of tasks and the complex web
that relates them. The MTL approach isto grow a single
decision tree that predicts al the conditions at the same
time. To do thiswe must devise anew greedy splittingrule
so that multitask decision trees may be efficiently grownin
traditional top-down fashion. One such ruleisthe average
information gain (or entropy decrease) over dl the tasks.
Thiswill favor attribute splits high in the decision tree that
provide discrimination for several tasks. Thus early in its
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search the decision tree will be biased towards categoriza-
tions that have broad utility. Asin MTL networks, this
bias will cause learning to develop clusters that represent
more meaningful subgroups of the domain. In the diabetes
example, theMTL decisiontreewill be morelikely to learn
the class brittle diabetics because this class is useful to all
the tasks.

6 RELATED WORK

It iscommon to train neural nets with many outputs. Usu-
ally these outputs encode a single task. For example, in
classification tasksit is common to use one output for each
class, the output with the highest activation being theclassi-
fication. But usingonenet for afew strongly related tasksis
alsonot new. Theclassic NETtalk (Sginowski & Rosenberg
1986) application uses one net to learn both phonemes and
thelir stresses. This multitask approach is natura for prob-
lems like NETtalk because the goal of NETtak isto learn
to control a synthesizer that needs both phoneme and stress
commands at the same time for every input. NETtak isan
example of multitask learning. (Experiments are currently
underway to seeif STL NETtalk would perform worse than
MTL NETtalk.)

Transferring learned structure between related tasks is not
new. The main differences between this work and previ-
ous work on knowledge transfer are the emphasis here on
learning the tasks at the same time and the realization that
using many additional tasks might make learning substan-
tialy easier. These differences are significant. The work
ontransferring learned structurebetween neural netstrai ned
on similar tasks (Pratt et a. 1991)(Pratt 1992)(Sharkey &
Sharkey 1992) demonstrates one can use what islearned on
onetask asabiasfor another task. The problemwiththisis
that nets are trained on the tasks sequentially. The operator
must devise an appropriate training sequence. One aso
needs a means of causing the net to retain what it learned
beforewhilestill enablingit theflexibility to learn anew and
modify what was |earned before. Because of these difficul-
tiesit is unlikely this approach would scale to many tasks.
And even if it could, there is no opportunity for a system
that trains tasks one at a time to discover representations
apparent only when severa tasks are viewed together.

This work is most similar to that on providing hints
to networks (Abu-Mostafa 1989)(Suddarth & Kergosien
1990)(Suddarth & Holden 1991). The hints approach uses
additiona tasks that are semi-modular decompositions of
themaintask. Thisisdefinitely MTL. Thispaper advances
thework on hintsin four ways: 1) by recognizing that mul-
tiple tasks serve as mutua sources of inductive bias; 2) by
showing that tasks can berelated in morediverse waysthan
hints yet still yield beneficial bias; 3) by further exploring
theways in which tasks can bias each other; and 4) by sug-
gesting that creating new related tasks may be an efficient
way of providing domain-specific inductivebiastolearning
systems. The empirica results we present demonstrate the
first three of these contributions: Tasks 1-4 are not easily
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viewed as providing hintsfor each other, yet generalization
performance increases when they are trained together.

MTL decision trees are related to some conceptual cluster-
ing techniques, most notably COBWEB (Fisher 1987). In
fact, a ssimple modification to the indices in COBWEB's
probabilisticinformation metric yieldsa metric suitable for
judging multitask decision tree splits. COBWEB considers
all features as tasks to predict. MTL decision trees allow
the user to specify which signalsare features and which are
training signal, thus making it easier to create additional
tasks without committing to extra training information be-
ing available later at run time.

7 SUMMARY

Acquiring domain-specific inductive bias is subject to the
knowledgeacquisitionbottleneck. We suggest that domain-
specific inductive bias can more easily be acquired in some
domains by acquiring teaching signa for additional tasks
in that domain. We describe severa mechanisms by which
this teaching signa can serve as an inductive bias when
combined with a bias that prefers hypotheses that benefit
several tasks.

We introduce multitask learning (MTL) in connectionism
because there is an established methodology for training
artificial neural networks that have multiple outputs. In
fact, the classic NETtalk application and previous work on
supplying hintsto neural networks are instances of MTL in
connectionism. We providean empirical demonstrationthat
showsthat even when the similarity between multipletasks
is difficult to learn and recognize, MTL can still improve
generdization performance. We further demonstrate that
thisimprovement is not easily attributable to effects other
than a mutual inductive bias based on the similarity of the
tasks.

To show the generality of the M TL methodol ogy, we briefly
outlinehow to do top-down induction of multitask decision
trees. This is significant because decision trees are not
usualy used to learn multiple tasks. Doing this results
in a system that generalizes some conceptual clustering
techniques so as to make them more useful in domains
where the distinction between features (information that
will be available in the future) and classes (things that we
want to predict) must be retained.

Precisely what conditionsare required for MTL to succeed
are not yet known. Perhaps it will be sufficient to give
multipletasksto inductive systems and allow their existing
simplicity biases to exploit the relatedness. Or perhaps
we will have to devise new ways to help the inductive
systems recogni ze common substructure and then “coerce”
them to share representations for this substructure. Much
work remains to be done. We need more effective ways
to “open up” complex networks so that we can see what
isinside. In particular, we need to devise methods for
detecting when “ eavesdropping” isoccurring or when anew
(or modified) interna representation has been developed.
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We need to better understand how tasks should be related
for MTL to succeed and how to recognize these traits in
real-world tasks. We need to empiricaly demonstrate that
MTL can provide a strong enough inductive bias to be
useful in complex tasks. We need to evauate how hard
it will be to build useful additional tasks for domains of
interest (e.g., vision). We conjecturethat as the complexity
of thedomain scales, sotoowill the opportunity for creating
additiona related tasks. If thisistrue, MTL may provide
a practica method of acquiring domain-specific inductive
biasthat scales naturally with the complexity of the task.
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