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Abstract

This paper presents a first attempt at explaining the rela-
tionship between the psychological and artificial intelli-
gence points of view of learning with a special focus on
social learning. A two dimensional classification method-
ology is proposed that classifies learning behaviors in in-
telligent agents on the basis of agent structure and of in-
formation acquisition modes. We make a fundamental
distinction between active and passive modes of learning,
depending on the agent’s ability to affect the information
source. A preliminary classification of learning behaviors
in this scheme is presented and areas of future work are
identified.

Introduction
There exists a mismatch in how psychologists and com-
puter scientists view learning. Traditionally computer
scientists classify learning into roughly three distinct ar-
eas of study: supervised learning, unsupervised learn-
ing and reinforcement learning. This classification ig-
nores issues like where the learner is situated and how
the training data is acquired. Psychologists on the other
hand consider learning as a social activity involving other
agents. Recently there has been interest in developing
agents and learning algorithms which take into consider-
ation these issues and can learn in multi-agent environ-
ments. This is referred to as imitation learning or more
generally social learning [?, ?, ?, ?, ?]. Unfortunately
even within the psychological community there is little
agreement as to what exactly constitutes imitation. In
this paper we aim to survey the various kinds of social
learning behaviors and present a computational view of
social learning. The benefit we seek is to generalize the
computational view while also considering the algorith-
mic requirements of social learning.

The task of designing self developing autonomous
agents such as robots or intelligent agent software re-
quires us to have a clear understanding how such agents
can learn by interacting with and observing other agents
and/or humans in their environments. More specifically,
it requires us to be able to classify the various kinds of
learning behavior that an agent like this can be expected
to exhibit, characterizing them in terms of their computa-
tional requirements. By computational we mean a char-
acterization in terms of the goal of the learning behavior,
and the type of the information source from which learn-
ing data is acquired.

This paper presents a first attempt at constructing a
taxonomy of learning in agents and relating it to exist-
ing literature on social learning in humans and animals.
We identify learning behaviors as tasks defined in terms
of the particular component of the agent that is modified
and the specific mode of information acquisition it uses
to do so. We identify behaviors for which implemen-
tation mechanisms are known and point out gaps which
need to filled in future research.

The rest of the paper is organized as follows. The
next section presents an overview of definitions and dis-
tinctions made in the psychological literature dealing
with learning in multi-agent environments. We begin
our analysis in the third section by defining an agent in
terms of its components. Section four presents the var-
ious modes of information acquisition and how they re-
late to various kinds of learning behaviors. Finally we
end with a discussion and ideas for future work.

Social Learning
Humans and animals learn continuously by interacting
and observing others around them. Learning in human
and animal societies is an extensively studied topic in
psychology, ethology and anthropology. Consequently
there are a number of definitions of social learning in
the literature. A modern definition which can be applied
to both psychological social learning and computational
one is provided by [?]:

Social learning is the phenomenon by means of
which a given agent (learner) updates its own
knowledge base (adding to, or removing from it a
given information, or modifying an existing rep-
resentation) by perceiving the positive or negative
effects of any given event undergone or actively
producedby another agenton a state of the world
which the learning agent has as a goal. [emphasis
added]

[?] makes a distinction between two major kinds of
social learning behaviors, namely social facilitation and
imitation. In social facilitation a learner’s acquisition of a
piece of information maybe caused by another agent but
that does not necessarily imply that information trans-
mission occurred from the mind of the latter to the for-
mer. Hence the learner need not attribute mental states



and goals to the agent he is observing. Contrast this
with the case of imitation, where the agent being imitated
has to be attributed intent as well as mental states. Thus
Conte distinguishes between the two learning behaviors
on the basis of nature of the information source.

[?], using the more specialized term “cultural learn-
ing”, distinguishes between three kinds of social learn-
ing behaviors by focusing on the relationship between
the learner and those around it. The authors differentiate
betweenimitative , instructive andcollaborative learn-
ing. Where the primary distinction is the direction of
information flow. Imitation has a unidirectional informa-
tion flow with no direct interaction between the demon-
strator and the learner. Instructive learning corresponds
to a student teacher relationship where the information
flow is bi-directional, but asymmetric with the instructor
being the primary source of information. Finally collab-
orative learning is the situation where none of the agents
involved have enough knowledge to complete the task
involved. Learning happens through mutual cooperation
and discovery and information flow is symmetrical and
b-directional.

Tomasello also points out that these learning behavior
are correlated with the developmental stages of a child.
Each stage embraces the previous one, that is, instruc-
tive learning employs imitative learning, and collabora-
tive learning employs both instructive and imitative.

While Tomasello and Conte choose to differentiate on
the basis of information sources and flow, [?] classifies
social learning on the basis ofwhat is learned. She
makes the distinction between non-imitative social learn-
ing, which corresponds to information acquisition about
objects in the environment, and imitative social learning,
which is behavior acquisition by observing conspecifics.

Thus, there are two ways in which existing approaches
categorize learning behaviors, on the basis of the source
of information (inputs) and on the basis of what part of
the agent is improved (output). We believe that these
two approaches represent an orthogonal characterization
of learning behaviors, and this is the approach we take in
the rest of the paper. The dual specification of a behavior
in terms of input and output allows for a more functional,
implementation-friendly view.

Structure of an Agent
Agent structure is the first dimension along which we
base our analysis, it is useful to parameterize our notion
of a self-developing agent. An agent is an entity charac-
terized by:

1. Input Selector Every agent has a set of sensors which
inform it about the external state of the environment
and its own internal states. But what really matters are
the inputs streams and features that the agent is de-
voting attention to at a given moment. Even though
it might be sensing a multitude of inputs from differ-
ent sources, it is using only a few for reasoning and
learning. Learning input selection then corresponds to
learning to choose a particular input stream to attend

to and/or learning to select particular features from an
input stream. Computationally this corresponds to the
task of signal detection and feature selection.

2. Knowledge BaseThis serves as a store of experiences
and factual knowledge about the environment and self.
It includes, for example, simple statements that in-
dicate qualitative properties of objects, and laws of
physics that hold true. Knowledge about the environ-
ment may be explicitly presented as preprogrammed
or learned rule bases or it may be implicitly repre-
sented inside other components, e.g. inside the deci-
sion function as constraints on output actions.

3. GoalsThe intent to perform a certain task or to achieve
a certain target is defined to be a goal of an agent. An
agent without intent will not do anything at all. It is
assumed that every agent starts out with a set of high-
level goals innate to it, which govern its overall be-
havior. As part of its learning the agent learns to de-
compose goals into subgoals or change the salience of
existing ones. The process of subgoaling is important
because it restricts the problem specification and con-
strains the search space, thereby converting the com-
plex problem corresponding to a high-level goal satis-
faction into pieces that can be solved more easily. The
exact structure of the goal is also of importance as it
decides what is the output of the learning process [?].

It is instructive here to compare our definition of a
Goal with an existing framework. The BDI frame-
work proposed by [?] views intelligent agents as ra-
tional agents with certain mental attitudes: Belief, De-
sire and Intentions (BDI). The three attitudes refer to
the informational, motivational and deliberative com-
ponents of the agent. The informational component is
what we refer to as knowledge base, the motivational
component is responsible for assigning values, payoffs
or priorities to tasks and the deliberative component is
responsible for defining the criterion for choosing the
best course of action, i.e. whether the agent should
maximize expected returns or minimize the likelihood
of errors.

Mathematically, goals translate into error functions
that need to be minimized, reward functions that need
to be maximized or first order predicate logic state-
ments that need to satisfied. Here the function that as-
signs values to the actions is the agent’s desire and the
exact form of the error function that should be mini-
mized, its intent.

4. Decision FunctionThis is the mapping from stimuli
to actions. It is assumed that the agent has a fixed set
of primitive actions that it can perform. One of the
tasks decision functions perform is constructing high-
level behavior by choosing a sequence of primitive ac-
tions for a given situation. Another task that they per-
form is reasoning and planning. [?] refer to this as the
programpart of an intelligent agent. Computationally



this corresponds to a classifier or a regression func-
tion, represented for example by a neural network or a
decision tree or a procedure which takes the map of a
maze and produces a possible path out of it.

5. Learning Method A learning agent possesses mech-
anisms by which it can construct new decision func-
tions, modify existing ones to satisfy new or modi-
fied goals or adapt to changing conditions in the envi-
ronment. Computationally this corresponds to various
kinds of Learning/Training algorithms.

Treating each of the above as a variable, an agent is
a particular instantiation of a combination of these vari-
ables. In general, traditional machine learning research
assumes all but one of the above variables is given and
attention is focused on learning the one which is left out.
Learning has a very narrow meaning and is restricted
to function induction in one form or another. However,
to construct agents which autonomously improve their
skills over time, one must allow for modifications or im-
provements to be made to more than one of these vari-
ables simultaneously.

The notion of learning for psychologists, however, is
a much more general one. They include acquisition of
variables 1-3 within the scope of learning. Hence psy-
chologists use the termlearnwhen an agent learns to fo-
cus its attention on particular objects in the environment
or acquires a new goal.

[?] distinguishes learning how to learn i.e. learning
new learning methods from other kinds of learning be-
haviors by referring to it as second order learning. In
the current paper we focus our attention on what Bate-
son refers to as first order learning, and do not deal with
acquisition of learning methods. This will be the subject
of future work.

Information Acquisition
The second dimension in learning is the source of infor-
mation and how it is acquired. We make a primary dis-
tinction between active and passive modes of information
acquisition based on the role of the learner in collecting
the training data.

Passive
Passive or observational information collecting modes
are characterized by a one-way transfer of information.
The learner collects information by observation and has
no control over the examples that it is exposed to. This is
a commonly occurring model of training set availability
in machine learning, where examples come from a fixed,
and in most cases an unknown distribution. A problem
with learning in this mode is that the data available may
be biased or skewed, resulting in models which are not
robust to noise in the inputs.

Environment Passive information collection from the
environment implies that an agent observes the environ-
ment without disturbing it. The agents learns about the
behavior of the various objects in the environment and

how to relate their behavior to events in the environment.
Both traditional supervised and unsupervised learning
techniques can be used to learn from data from the en-
vironment.

Agent-agent & agent-environment interaction Ob-
serving an agent interact with the environment and other
agents present therein, and using this information to ac-
quire new behavior, is commonly referred to as imitative
learning. Imitative learning is attractive due to a number
of reasons, it allows an agent to learn novel behaviors
without incurring the cost of making mistakes which it
would if it were to experiment by itself, an agent whose
explict role is that of a teacher is not required and finally
since the process is passive no interaction between the
learner and the teacher is needed [?]. Here it is important
to note that there is a large class of behaviors that are re-
ferred to as imitative, including acquisition of high-level
actions, attention, and new goals, which may not corre-
spond to some researchers’ definition oftrue imitation
learning. [?] present an analysis of three learning be-
haviors which have traditionally been attributed to imita-
tion but can be explained by a much simpler mechanism.
While the exact definition of true imitation learning re-
mains a subject of lively debate [?], for our purposes we
choose to follow Conte’s definition:

Imitation is a behavior ruled by the goal that a given
agentO ( which stands for observer) be-like or act-
like another agentM (which stands for model) as
long asM is (perceived as) a suitable model under
a given circumstance.

Notice that the above definition requires the learner
not only to learn from another agent, but to also evaluate
the suitability of that agent to serve as a model.

The principal characteristic that differentiates true im-
itation learning from other imitative behaviors is that the
agent learns to copy and perform a novel behavior which
is not part of its existing repertoire.

The existing research in computational mechanism of
imitation learning [?, ?, ?, ?, ?], is limited to acquiring
decision functions. We are not aware of work on com-
putational models of attention acquisition (stimulus en-
hancement) or goal acquisition without acquiring the re-
lated method of goal satisfaction (emulation).

Self An agent capable of inspecting its own internal
states can use this information to learn about itself and
its relationship with things around it. Introspection al-
lows the agent to reason about and make explicit facts
and deductions that might not be obvious to begin with.
The result of these deductions can then be stored for later
reference and use saving on time and effort. Mathemati-
cal theorem proving is an example of this kind of activ-
ity. Proving a theorem does not provide us with any new
knowledge which is not already contained in the system
of axioms that imply it, however keeping track of exist-
ing deductions allows us to reuse them in subsequent the-
orem proving tasks. Explanation based learning (EBL) is
an example of such learning behavior [?].



Active

Active/Interactive information collection modes are
characterized by two-way transfer of information, the
learner having some control over the process generating
the training data. The learner can ask questions from an
all-knowing oracle which could be a parent or a teacher,
or perform experiments to verify the hypothesis or mod-
els that he has constructed. Learning in such query mod-
els is much more robust and less susceptible to errors due
to noise in the inputs [?, ?]. Of course this model has its
own set of complications, since now the agent must also
possess the ability to generate queries based on what he
has learned and what he wants to learn.

Instead of lumping all agent-agent interactions in one
category we choose to make a finer distinction between
interaction with other agents such as parent-like agents
who are aware of the correct model and will answer the
learner’s questions truthfully, and interaction with sib-
ling like agents who may or may not be aware of the
correct answers or may choose not to reply truthfully.
This is similar to a distinction made by Tomasello, who
differentiates between instructive learning and collabora-
tive learning. An interesting consequence is that now the
agent needs to possess language skills to communicate
with its parents and peers.

Interaction with the environment Being able to ma-
nipulate objects allows an agent to learn all that it could
learn by simply observing them and more. Scientific dis-
covery is a prime example of learning in this mode. Re-
inforcement learning is one way mechanisms for learn-
ing from the environment can be implemented. Here the
agent tries to predict the result of his experiments, and
self-reinforces if the results of experiments agree with its
hypothesis.

Interaction with parent Interaction with parents is an
example of interaction with a trusted agent who has per-
fect or near perfect knowledge of how to perform a task
and is willing to share its knowledge. Information from
the parent can come in a number of ways. The parent
provide labels which tell the learner what is the correct
decision to make or just indicate whether the learner’s
action was right or wrong. The parent can also help the
learner by providing scaffolding in the form of break-
ing up the task into easier subtasks, allowing the learner
to decompose his original goal into subgoals. Most
forms of supervised and reinforcement learning would
fall within this category.

Interaction with sibling This is the case where two
of more agents are working together on a task but none
of them has enough knowledge or skill to perform it on
its own. Hence they work by sharing information and
working on each other’s suggestions. This introduces the
additional complication of the agent responses not being
reliable or complete anymore. Tomasello refers to this as
collaborative learning.

[?, ?] are examples of this kind of behavior in the field
of cooperative robotics. Parker uses the termintentional

cooperationfor this kind of behavior, distinguishing it
from swarm behavior.

Self Experimentation with self allows humans to con-
struct models of themselves and their physical abilities.
An example is babbling, where newborns start by utter-
ing gibberish in an attempt to construct forward models
of their speech system. Once acquired this model can
be used to reason and plan the control sequence that the
child needs to send to its muscles in order to utter a par-
ticular sound. e.g. a robot with a manipulator arm can
start out with no knowledge of how to plan and move its
arm to reach out to specific points in 3D space, but can
learn to do so by experimenting with its motors and using
self-reinforcement to indicate levels of success [?]

Discussion
Computer scientists while designing agents have the lux-
ury of picking a subset of human cognitive abilities and
implementing them without any physiological restric-
tions, e.g. natural language understanding. So while this
approach produces functioning applications, the agents
produced lack the ability to interact with the user and
adapt to his needs. Psychologists have no such luxury
and are constrained to explain human/animal behavior
“as it is”. Figure 1 presents an example of classifica-
tion of learning behaviors on the basis of our scheme. Its
important to note that none of the cells in the table ex-
ists in isolation, and there are close interactions between
behaviors along the same column and rows. The dotted
boxes in the figure correspond to what we believe are
gaps in our understanding of computational mechanisms
underlying these behaviors. We hope that future work in
machine learning will focus on these subject areas.

Conclusions
In this paper we have presented a characterization of
learning in intelligent agents, basing it on the two dimen-
sions of agent structure and information acquisition. We
pointed out classes of behavior for which computational
implementations exist and where there are gaps in our
understanding. Our classification also provides a way of
assessing the capabilities of an agent by looking at the
area covered by it on the table presented in Figure 1.
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