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Abstract

In this paper, we propose to measure the intelligence
of an agent by measuring how fast its knowledge lev-
el increases after learning related tasks. In this paper,
we propose a new Lifelong Machine Learning Test. An
agent can pass the test if it can learn unrestricted num-
ber of tasks over time and its knowledge level can in-
crease when new tasks are learned. In the proposed
test, both an agent’s current performance and its per-
formance growth rate are taking into account. We also
give a new theoretical requirement and a novel empiri-
cal evaluation metric for the proposed lifelong machine
learning test.

Introduction
In this paper, we propose a new Lifelong Machine Learning
(LML) Test. In LML, an agent receives unrestricted num-
ber of tasks over time. It can transfer knowledge to previous
tasks when learning a new task, and verse vice. Its knowl-
edge level will increase after learns more tasks. Take an
intelligent assistant as an example. Suppose you install an
intelligent assistant on your smartphone which learns your
behavior everyday. At beginning, it obtains some low lev-
el knowledge, such as when do you usually leave for work,
how long it takes to arrive your office, etc. Based on that, it
gives you departure time choices before you leave for work.
As time goes on, it learns more and more about you, such
as your favorite person, close friends, free time this week.
It will increase its knowledge level and give you more intel-
ligent suggestions, such as a carpool suggestion with your
close friends, a dinner suggestion if your favorite person is
nearby, or a travel plan with your friends at your free time.
The knowledge level of the intelligent assistant increases as
it learns to combine your preference (i.e. favorite departure
time and friendship) to give your more intelligent sugges-
tions (i.e. carpool with friends). In this paper, we propose
that an agent can only pass the Lifelong Machine Learn-
ing Test if it can grow and increase its knowledge level over
time.

We have two reasons to propose the above challenge.
First, transferring knowledge from one task to another is an
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inborn ability of human beings. An agent should have the
same ability to be called an intelligent machine. Second, in
the era of Big Data, an intelligent machine is required to
learn over a long time and cope with a large number of re-
lated tasks.

Problem Definition and Evaluation Metrics
In this section, we formally define our proposed new Tur-
ing test and the evaluation metrics. In this paper, we adopt
binary classification as the base learning task. Binary classi-
fication is the most important problem in machine learning.
In binary classification, an agent answers “yes” or “no” to
each question. For example, one can ask an agent “Is one of
my friends nearby?” The agent answers the question and its
answer is judged by an oracle, usually a human.

Definition 1 (Binary Classification) Suppose X ∈ Rn is an
n-dimension question space and Y = {“Y es′′, “No′′} is
an answer space. In binary classification, an agent should
answer “Yes” or “No” to questions drawn from X .

Definition 2 (Training) Given a training set D =
{(x1, y1), · · · , (xm, ym)} which consists of a set of question
and answer pairs, training is a process that an agent takes
the training set as input and learns to improve its answers
f : X → Y to future questions.

Definition 3 (Task Relativeness) Given two tasks
p and q. Their training sets are D(p) and D(q),
respectively. Task p is related to task q if the
best prediction function trained on D̃(q) =

{(
[
x
(q)
1 ; f (p)(x

(q)
1 )
]
, y

(q)
1 ), · · · , (

[
x
(q)
m ; f (p)(x

(q)
m )
]
, y

(q)
m )}

is better than the best prediction function trained on
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x
(q)
m ; f (p)(x

(q)
m )
]

is an augmented feature vector of x(q)
m .

The above definition states that task p is related to q if q’s
training can be improved when using p’s predictions as aux-
iliary features. Taking the intelligent assistant for example.
The two tasks, friendship prediction and dinner suggestion,
are related because dinner suggestions can be improved if
accurate friendship predictions are provided.

Definition 4 (Lifelong Machine Learning) In lifelong ma-
chine learning, an agent sequentially receives a set of



related tasks over time. At time stamp `, a LML re-
ceives a new Task ` and its training set D(`) =

{(x(`)
1 , y

(`)
1 ), · · · , (x(`)

m(`) , y
(`)

m(`))}. The LML is re-trained
with the new task and data. Its performance is evaluated
with respect to all tasks seen so far.

In this paper, we adopt classification accuracy as the base
evaluation metric. As an agent deals with more than one
tasks, we adopt macroaveraging accuracy (MA) to measure
its performance on all tasks. Macroaveraging gives a equal
weight to all tasks. Suppose an agent receives task ` at time
stamp `. The MA of the agent is defined as

MA(`) =
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wherem(`) is the training set size, y(`)i is the label of ith data
in task `, f (`)(·) is the prediction function of task `, and L
is a loss function. As a LML learns in a continuous manner,
we care about not only its current performance but also its
performance growth rate (∇MA). The growth rate at time
stamp ` is given by

∇MA(`) =MA(`) −MA(`−1) (2)
With the above definitions, we have the following new Life-
long Machine Learning Test.
Definition 5 (Lifelong Machine Learning Test) Suppose an
set of related tasks come sequentially. At time stamp `, a-
gents receives a new Task ` and its training set D(`). A base
learner B is the agent which learns tasks separately. We say
that an agentA passes the Lifelong Machine Learning Test if
its macroaveraging accuracy is better than the base learner
at every time stamp `, and the difference between two learn-
ers become larger and larger. The requirement can be for-
mulated as

∀` : MA(A(`)) > MA(B(`)) (3)

∇MA(A(`)) > ∇MA(B(`)) (4)
The task relativeness is defined in Definition 3. Equation 3
says that A is better than B all the time. Equation 4 says A
grows faster than B which results to a larger difference of
performance along time. Figure 1 gives an example of the
test. From the figure, one can find that the lifelong learner
is always better than the base learner, and the gap between
them increases as time goes on.

If an agent can pass the Lifelong Machine Learning Test,
we call it an intelligent machine (aka. lifelong machine
learner). In our intelligent assistant example. An agent can
be called an intelligent machine if it recognizes new human
preference (e.g. carpool with friends, dinner with favorite
person) better and faster than a base learner. If two agents
pass the test, we then compare their growth rate ∇MA to
figure out which one is more intelligent. A more intelligen-
t machine should learn faster than the other when given the
same task sequence. This criteria is different from the Turing
Test which measures the accuracy of agents only. An agent
will pass the Turning Test if it can “accurately” mimic hu-
man’s behavior. In the propose test, an agent is not required
to perfectly mimic human beings. Instead, it should grow
over time and transfer knowledge between tasks.

Figure 1: An illustration of lifelong machine learning test

Theoretical Requirement
In this section, we describe the theoretical requirement of a
lifelong machine learner. One of the most important topic
of statistical learning theory is to study the generalization
bounds which is given as follows (Bousquet, Boucheron,
and Lugosi 2004).
Theorem 1 Let ‖H‖ = k, and let any m, δ be fixed. Then
with probability at least 1− δ, we have that

ε(ĥ) ≤ min
h∈H

ε(h) + 2

√
1

2m
log
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δ
(5)

whereH is a hypothesis space and ε is an error function. As
discussed in previous sections, a LML should take advantage
of data from all tasks. From theoretically point of view, a
LML should have a tighter bound after learning more tasks.
We propose that an agent should have the following gener-
alization bound to be called a LML.
Theorem 2 Suppose ‖H‖ = k, K is the total number of
tasks seen so far, m(`) is the number of training data in task
`. Let any δ be fixed. Then with probability at least 1− δ, we
have that the following inequality to be hold for each task
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where α(·) ∈
(
0, 2
√

1
2m(`) log

2k
δ

]
is a monotonically in-

creasing function with respect to K,m(1),m(2), · · · ,m(K).
The new generalization bound has three parts. The first two
parts are the same as Equation 5. The third part measures
how much knowledge transferred after learning the previ-
ous `− 1 tasks. As α(·) monotonically increases over time,
the generalization bound of a LML becomes tighter after it
learns more tasks. This requirement matches the evaluation
metrics we proposed in the previous section.
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