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Agents Section 2.1 Agents and Environments 55
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Figure 2.1 Agents interact with environments through sensors and actuators.

We can imagine tabulating the agent function that describes any given agent; for most
agents, this would be a very large table—infinite, in fact, unless we place a bound on the
length of percept sequences we want to consider. Given an agent to experiment with, we can,
in principle, construct this table by trying out all possible percept sequences and recording
which actions the agent does in response.1 The table is, of course, an external characterization
of the agent. Internally, the agent function for an artificial agent will be implemented by an
agent program. It is important to keep these two ideas distinct. The agent function is an Agent program

abstract mathematical description; the agent program is a concrete implementation, running
within some physical system.

To illustrate these ideas, we use a simple example—the vacuum-cleaner world, which
consists of a robotic vacuum-cleaning agent in a world consisting of squares that can be
either dirty or clean. Figure 2.2 shows a configuration with just two squares, A and B. The
vacuum agent perceives which square it is in and whether there is dirt in the square. The
agent starts in square A. The available actions are to move to the right, move to the left, suck
up the dirt, or do nothing.2 One very simple agent function is the following: if the current
square is dirty, then suck; otherwise, move to the other square. A partial tabulation of this
agent function is shown in Figure 2.3 and an agent program that implements it appears in
Figure 2.8 on page 67.

Looking at Figure 2.3, we see that various vacuum-world agents can be defined simply
by filling in the right-hand column in various ways. The obvious question, then, is this: What J
is the right way to fill out the table? In other words, what makes an agent good or bad,
intelligent or stupid? We answer these questions in the next section.

1 If the agent uses some randomization to choose its actions, then we would have to try each sequence many
times to identify the probability of each action. One might imagine that acting randomly is rather silly, but we
show later in this chapter that it can be very intelligent.
2 In a real robot, it would be unlikely to have an actions like “move right” and “move left.” Instead the actions
would be “spin wheels forward” and “spin wheels backward.” We have chosen the actions to be easier to follow
on the page, not for ease of implementation in an actual robot.
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Agent Functions
An agent function is an external tabulation of the agent’s behavior.56 Chapter 2 Intelligent Agents

A B

Figure 2.2 A vacuum-cleaner world with just two locations. Each location can be clean or
dirty, and the agent can move left or right and can clean the square that it occupies. Different
versions of the vacuum world allow for different rules about what the agent can perceive,
whether its actions always succeed, and so on.

Percept sequence Action

[A,Clean] Right
[A,Dirty] Suck
[B,Clean] Left
[B,Dirty] Suck
[A,Clean], [A,Clean] Right
[A,Clean], [A,Dirty] Suck
...

...
[A,Clean], [A,Clean], [A,Clean] Right
[A,Clean], [A,Clean], [A,Dirty] Suck
...

...

Figure 2.3 Partial tabulation of a simple agent function for the vacuum-cleaner world shown
in Figure 2.2. The agent cleans the current square if it is dirty, otherwise it moves to the other
square. Note that the table is of unbounded size unless there is a restriction on the length of
possible percept sequences.

Before closing this section, we should emphasize that the notion of an agent is meant to
be a tool for analyzing systems, not an absolute characterization that divides the world into
agents and non-agents. One could view a hand-held calculator as an agent that chooses the
action of displaying “4” when given the percept sequence “2 + 2 =,” but such an analysis
would hardly aid our understanding of the calculator. In a sense, all areas of engineering can
be seen as designing artifacts that interact with the world; AI operates at (what the authors
consider to be) the most interesting end of the spectrum, where the artifacts have significant
computational resources and the task environment requires nontrivial decision making.
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Intelligent Agents

An intelligent agent is rational. Rationality . . .
▶ is consequentialist.

▶ We judge behavior as rational if it leads to desirable consequences.
▶ needs an external performance measure to make this judgment.

Beware of the Genie effect.
▶ Example: what if our performance measure is “amount of dirt sucked up?”

Performance measures should specify desired states of the environment, not preconceived
notions of what the agent’s behavior should be.
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Rationality

Judgment of rationality depends on:
▶ The performance measure that defines the criterion of success.
▶ The agent’s prior knowledge of the environment.
▶ The actions that the agent can perform.
▶ The agent’s percept sequence to date.

Now we can define rational agent:

For each possible percept sequence, a rational agent should select an action that is
expected to maximize its performance measure, given the evidence provided by the
percept sequence and whatever built-in knowledge the agent has.

Note that the performance measure is external to the agent, representing a general notion of
“success” within an environment that applies to any agent in the environment.
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Omniscience, Rationality, Learning and Autonomy

Omniscience: for a given state and action, agent knows the result state exactly.
▶ Omniscience is impossible in practice
▶ Rationality means choosing the best action given what you know, i.e., the percept sequence to

date.
Key idea: how to maximize the usefulness of the agent’s percept sequence.
▶ Information gathering, exploration.
▶ Learning makes use of exploration.
▶ Prior knowledge.

The more an agent is able to learn, the more autonomy it has.
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Task Environments

The concept of an environment is both general and limited. In AI we are usually interested in a
particular task within an environment. We call these task environments and they represent the
“problems” that an intelligent agent “solves.”
Task environment specification: PEAS
▶ Performance measure
▶ Environment dynamics – what is the result of applying an action
▶ Actuators to modify the environment
▶ Sensors to perceive the environment

Notice that there is a blurring of the line between what we intuitively consider an agent versus the
environment in which it acts.
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Taxi Task Environment
Section 2.3 The Nature of Environments 61

Agent Type Performance
Measure

Environment Actuators Sensors

Taxi driver Safe, fast,
legal,
comfortable
trip, maximize
profits,
minimize
impact on
other road
users

Roads, other
traffic, police,
pedestrians,
customers,
weather

Steering,
accelerator,
brake, signal,
horn, display,
speech

Cameras, radar,
speedometer, GPS, engine
sensors, accelerometer,
microphones, touchscreen

Figure 2.4 PEAS description of the task environment for an automated taxi driver.

The actuators for an automated taxi include those available to a human driver: control
over the engine through the accelerator and control over steering and braking. In addition, it
will need output to a display screen or voice synthesizer to talk back to the passengers, and
perhaps some way to communicate with other vehicles, politely or otherwise.

The basic sensors for the taxi will include one or more video cameras so that it can see, as
well as lidar and ultrasound sensors to detect distances to other cars and obstacles. To avoid
speeding tickets, the taxi should have a speedometer, and to control the vehicle properly,
especially on curves, it should have an accelerometer. To determine the mechanical state of
the vehicle, it will need the usual array of engine, fuel, and electrical system sensors. Like
many human drivers, it might want to access GPS signals so that it doesn’t get lost. Finally,
it will need touchscreen or voice input for the passenger to request a destination.

In Figure 2.5, we have sketched the basic PEAS elements for a number of additional
agent types. Further examples appear in Exercise 2.PEAS. The examples include physical
as well as virtual environments. Note that virtual task environments can be just as complex
as the “real” world: for example, a software agent (or software robot or softbot) that trades Software agent

Softboton auction and reselling Web sites deals with millions of other users and billions of objects,
many with real images.

2.3.2 Properties of task environments

The range of task environments that might arise in AI is obviously vast. We can, however,
identify a fairly small number of dimensions along which task environments can be catego-
rized. These dimensions determine, to a large extent, the appropriate agent design and the
applicability of each of the principal families of techniques for agent implementation. First
we list the dimensions, then we analyze several task environments to illustrate the ideas. The
definitions here are informal; later chapters provide more precise statements and examples of
each kind of environment.

Fully observable vs. partially observable: If an agent’s sensors give it access to the Fully observable

Partially observablecomplete state of the environment at each point in time, then we say that the task environ-
ment is fully observable. A task environment is effectively fully observable if the sensors
detect all aspects that are relevant to the choice of action; relevance, in turn, depends on the
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Example Agent Types and Their PEAS Descriptions
62 Chapter 2 Intelligent Agents

Agent Type Performance
Measure

Environment Actuators Sensors

Medical
diagnosis system

Healthy patient,
reduced costs

Patient, hospital,
staff

Display of
questions, tests,
diagnoses,
treatments

Touchscreen/voice
entry of
symptoms and
findings

Satellite image
analysis system

Correct
categorization of
objects, terrain

Orbiting satellite,
downlink,
weather

Display of scene
categorization

High-resolution
digital camera

Part-picking
robot

Percentage of
parts in correct
bins

Conveyor belt
with parts; bins

Jointed arm and
hand

Camera, tactile
and joint angle
sensors

Refinery
controller

Purity, yield,
safety

Refinery, raw
materials,
operators

Valves, pumps,
heaters, stirrers,
displays

Temperature,
pressure, flow,
chemical sensors

Interactive
English tutor

Student’s score
on test

Set of students,
testing agency

Display of
exercises,
feedback, speech

Keyboard entry,
voice

Figure 2.5 Examples of agent types and their PEAS descriptions.

performance measure. Fully observable environments are convenient because the agent need
not maintain any internal state to keep track of the world. An environment might be partially
observable because of noisy and inaccurate sensors or because parts of the state are simply
missing from the sensor data—for example, a vacuum agent with only a local dirt sensor
cannot tell whether there is dirt in other squares, and an automated taxi cannot see what other
drivers are thinking. If the agent has no sensors at all then the environment is unobserv-
able. One might think that in such cases the agent’s plight is hopeless, but, as we discuss inUnobservable

Chapter 4, the agent’s goals may still be achievable, sometimes with certainty.
Single-agent vs. multiagent: The distinction between single-agent and multiagent en-Single-agent

Multiagent vironments may seem simple enough. For example, an agent solving a crossword puzzle by
itself is clearly in a single-agent environment, whereas an agent playing chess is in a two-
agent environment. However, there are some subtle issues. First, we have described how an
entity may be viewed as an agent, but we have not explained which entities must be viewed
as agents. Does an agent A (the taxi driver for example) have to treat an object B (another
vehicle) as an agent, or can it be treated merely as an object behaving according to the laws of
physics, analogous to waves at the beach or leaves blowing in the wind? The key distinction
is whether B’s behavior is best described as maximizing a performance measure whose value
depends on agent A’s behavior.
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Task Environment Design Space

▶ Fully vs. partially observable
▶ Single agent vs. multi-agent

▶ Competitive vs. cooperative
▶ Deterministic vs. nondeterministic

▶ Stochastic is a specific kind of nondeterminism in which we assign probabilities to outcomes
▶ Episodic vs. sequential

▶ Episodic: current action independent of previous decisions and future decisions
▶ Sequential: current action may affect all future actions

▶ Static vs. dynamic Can the environment change while agent is deliberating?
▶ Discrete vs. continuous
▶ Known vs. unknown

▶ Does the agent know the “physics” of the environment?
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Task Environment Examples Section 2.4 The Structure of Agents 65

Task Environment Observable Agents Deterministic Episodic Static Discrete

Crossword puzzle Fully Single Deterministic Sequential Static Discrete
Chess with a clock Fully Multi Deterministic Sequential Semi Discrete

Poker Partially Multi Stochastic Sequential Static Discrete
Backgammon Fully Multi Stochastic Sequential Static Discrete

Taxi driving Partially Multi Stochastic Sequential Dynamic Continuous
Medical diagnosis Partially Single Stochastic Sequential Dynamic Continuous

Image analysis Fully Single Deterministic Episodic Semi Continuous
Part-picking robot Partially Single Stochastic Episodic Dynamic Continuous

Refinery controller Partially Single Stochastic Sequential Dynamic Continuous
English tutor Partially Multi Stochastic Sequential Dynamic Discrete

Figure 2.6 Examples of task environments and their characteristics.

We have not included a “known/unknown” column because, as explained earlier, this is
not strictly a property of the environment. For some environments, such as chess and poker,
it is quite easy to supply the agent with full knowledge of the rules, but it is nonetheless
interesting to consider how an agent might learn to play these games without such knowledge.

The code repository associated with this book (aima.cs.berkeley.edu) includes mul-
tiple environment implementations, together with a general-purpose environment simulator
for evaluating an agent’s performance. Experiments are often carried out not for a single
environment but for many environments drawn from an environment class. For example, to Environment class

evaluate a taxi driver in simulated traffic, we would want to run many simulations with dif-
ferent traffic, lighting, and weather conditions. We are then interested in the agent’s average
performance over the environment class.

2.4 The Structure of Agents

So far we have talked about agents by describing behavior—the action that is performed after
any given sequence of percepts. Now we must bite the bullet and talk about how the insides
work. The job of AI is to design an agent program that implements the agent function— Agent program

the mapping from percepts to actions. We assume this program will run on some sort of
computing device with physical sensors and actuators—we call this the agent architecture: Agent architecture

agent = architecture+program .

Obviously, the program we choose has to be one that is appropriate for the architecture. If the
program is going to recommend actions like Walk, the architecture had better have legs. The
architecture might be just an ordinary PC, or it might be a robotic car with several onboard
computers, cameras, and other sensors. In general, the architecture makes the percepts from
the sensors available to the program, runs the program, and feeds the program’s action choices
to the actuators as they are generated. Most of this book is about designing agent programs,
although Chapters 26 and 27 deal directly with the sensors and actuators.
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The Structure of Agents

▶ An agent program is an implementation of an agent function inside the agent.
▶ An agent architecture is the computing device on which the agent runs, including sensors and

actuators (which may be virtual).
▶ When we put an agent program inside a physical platform, like a robot, we call it embodied

intelligence.

agent = architecture + program

This entire course, indeed all of AI, is about designing intelligent agents.
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Table-driven Agent

A table-driven agent program implements the agent function directly.

66 Chapter 2 Intelligent Agents

function TABLE-DRIVEN-AGENT(percept) returns an action
persistent: percepts, a sequence, initially empty

table, a table of actions, indexed by percept sequences, initially fully specified

append percept to the end of percepts
action LOOKUP(percepts, table)
return action

Figure 2.7 The TABLE-DRIVEN-AGENT program is invoked for each new percept and re-
turns an action each time. It retains the complete percept sequence in memory.

2.4.1 Agent programs

The agent programs that we design in this book all have the same skeleton: they take the
current percept as input from the sensors and return an action to the actuators.5 Notice the
difference between the agent program, which takes the current percept as input, and the agent
function, which may depend on the entire percept history. The agent program has no choice
but to take just the current percept as input because nothing more is available from the envi-
ronment; if the agent’s actions need to depend on the entire percept sequence, the agent will
have to remember the percepts.

We describe the agent programs in the simple pseudocode language that is defined in
Appendix B. (The online code repository contains implementations in real programming
languages.) For example, Figure 2.7 shows a rather trivial agent program that keeps track of
the percept sequence and then uses it to index into a table of actions to decide what to do.
The table—an example of which is given for the vacuum world in Figure 2.3—represents
explicitly the agent function that the agent program embodies. To build a rational agent in
this way, we as designers must construct a table that contains the appropriate action for every
possible percept sequence.

It is instructive to consider why the table-driven approach to agent construction is doomed
to failure. Let P be the set of possible percepts and let T be the lifetime of the agent (the total
number of percepts it will receive). The lookup table will contain ÂT

t =1 |P|t entries. Consider
the automated taxi: the visual input from a single camera (eight cameras is typical) comes
in at the rate of roughly 70 megabytes per second (30 frames per second, 1080⇥720 pixels
with 24 bits of color information). This gives a lookup table with over 10600,000,000,000 entries
for an hour’s driving. Even the lookup table for chess—a tiny, well-behaved fragment of the
real world—has (it turns out) at least 10150 entries. In comparison, the number of atoms in
the observable universe is less than 1080. The daunting size of these tables means that (a) no
physical agent in this universe will have the space to store the table; (b) the designer would
not have time to create the table; and (c) no agent could ever learn all the right table entries
from its experience.

Despite all this, TABLE-DRIVEN-AGENT does do what we want, assuming the table is
filled in correctly: it implements the desired agent function.I
5 There are other choices for the agent program skeleton; for example, we could have the agent programs be
coroutines that run asynchronously with the environment. Each such coroutine has an input and output port and
consists of a loop that reads the input port for percepts and writes actions to the output port.

If P is the set of possible percepts and T is the lifetime of the agent, then the size of the agent table
is impossibly large in practice:

T∑
t=1

|P|t

Key idea: a full representation of the ideal agent program is usually impossible in
practice. Our job as AI agent developers is to design a compact representation of the
ideal agent program.
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Reflex Vacuum Agent56 Chapter 2 Intelligent Agents

A B

Figure 2.2 A vacuum-cleaner world with just two locations. Each location can be clean or
dirty, and the agent can move left or right and can clean the square that it occupies. Different
versions of the vacuum world allow for different rules about what the agent can perceive,
whether its actions always succeed, and so on.

Percept sequence Action

[A,Clean] Right
[A,Dirty] Suck
[B,Clean] Left
[B,Dirty] Suck
[A,Clean], [A,Clean] Right
[A,Clean], [A,Dirty] Suck
...

...
[A,Clean], [A,Clean], [A,Clean] Right
[A,Clean], [A,Clean], [A,Dirty] Suck
...

...

Figure 2.3 Partial tabulation of a simple agent function for the vacuum-cleaner world shown
in Figure 2.2. The agent cleans the current square if it is dirty, otherwise it moves to the other
square. Note that the table is of unbounded size unless there is a restriction on the length of
possible percept sequences.

Before closing this section, we should emphasize that the notion of an agent is meant to
be a tool for analyzing systems, not an absolute characterization that divides the world into
agents and non-agents. One could view a hand-held calculator as an agent that chooses the
action of displaying “4” when given the percept sequence “2 + 2 =,” but such an analysis
would hardly aid our understanding of the calculator. In a sense, all areas of engineering can
be seen as designing artifacts that interact with the world; AI operates at (what the authors
consider to be) the most interesting end of the spectrum, where the artifacts have significant
computational resources and the task environment requires nontrivial decision making.

Section 2.4 The Structure of Agents 67

function REFLEX-VACUUM-AGENT([location,status]) returns an action

if status = Dirty then return Suck
else if location = A then return Right
else if location = B then return Left

Figure 2.8 The agent program for a simple reflex agent in the two-location vacuum environ-
ment. This program implements the agent function tabulated in Figure 2.3.

The key challenge for AI is to find out how to write programs that, to the extent possible,
produce rational behavior from a smallish program rather than from a vast table.

We have many examples showing that this can be done successfully in other areas: for
example, the huge tables of square roots used by engineers and schoolchildren prior to the
1970s have now been replaced by a five-line program for Newton’s method running on elec-
tronic calculators. The question is, can AI do for general intelligent behavior what Newton
did for square roots? We believe the answer is yes.

In the remainder of this section, we outline four basic kinds of agent programs that em-
body the principles underlying almost all intelligent systems:

• Simple reflex agents;
• Model-based reflex agents;
• Goal-based agents; and
• Utility-based agents.

Each kind of agent program combines particular components in particular ways to generate
actions. Section 2.4.6 explains in general terms how to convert all these agents into learning
agents that can improve the performance of their components so as to generate better actions.
Finally, Section 2.4.7 describes the variety of ways in which the components themselves can
be represented within the agent. This variety provides a major organizing principle for the
field and for the book itself.

2.4.2 Simple reflex agents

The simplest kind of agent is the simple reflex agent. These agents select actions on the basis Simple reflex agent

of the current percept, ignoring the rest of the percept history. For example, the vacuum agent
whose agent function is tabulated in Figure 2.3 is a simple reflex agent, because its decision
is based only on the current location and on whether that location contains dirt. An agent
program for this agent is shown in Figure 2.8.

Notice that the vacuum agent program is very small indeed compared to the correspond-
ing table. The most obvious reduction comes from ignoring the percept history, which cuts
down the number of relevant percept sequences from 4T to just 4. A further, small reduc-
tion comes from the fact that when the current square is dirty, the action does not depend on
the location. Although we have written the agent program using if-then-else statements, it is
simple enough that it can also be implemented as a Boolean circuit.

Simple reflex behaviors occur even in more complex environments. Imagine yourself as
the driver of the automated taxi. If the car in front brakes and its brake lights come on, then
you should notice this and initiate braking. In other words, some processing is done on the
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General Reflex Agents
Section 2.4 The Structure of Agents 69

function SIMPLE-REFLEX-AGENT(percept) returns an action
persistent: rules, a set of condition–action rules

state INTERPRET-INPUT(percept)
rule RULE-MATCH(state, rules)
action rule.ACTION
return action

Figure 2.10 A simple reflex agent. It acts according to a rule whose condition matches the
current state, as defined by the percept.

Even a little bit of unobservability can cause serious trouble. For example, the braking
rule given earlier assumes that the condition car-in-front-is-braking can be determined from
the current percept—a single frame of video. This works if the car in front has a centrally
mounted (and hence uniquely identifiable) brake light. Unfortunately, older models have
different configurations of taillights, brake lights, and turn-signal lights, and it is not always
possible to tell from a single image whether the car is braking or simply has its taillights
on. A simple reflex agent driving behind such a car would either brake continuously and
unnecessarily, or, worse, never brake at all.

We can see a similar problem arising in the vacuum world. Suppose that a simple reflex
vacuum agent is deprived of its location sensor and has only a dirt sensor. Such an agent
has just two possible percepts: [Dirty] and [Clean]. It can Suck in response to [Dirty]; what
should it do in response to [Clean]? Moving Left fails (forever) if it happens to start in square
A, and moving Right fails (forever) if it happens to start in square B. Infinite loops are often
unavoidable for simple reflex agents operating in partially observable environments.

Escape from infinite loops is possible if the agent can randomize its actions. For exam- Randomization

ple, if the vacuum agent perceives [Clean], it might flip a coin to choose between Right and
Left. It is easy to show that the agent will reach the other square in an average of two steps.
Then, if that square is dirty, the agent will clean it and the task will be complete. Hence, a
randomized simple reflex agent might outperform a deterministic simple reflex agent.

We mentioned in Section 2.3 that randomized behavior of the right kind can be rational in
some multiagent environments. In single-agent environments, randomization is usually not
rational. It is a useful trick that helps a simple reflex agent in some situations, but in most
cases we can do much better with more sophisticated deterministic agents.

2.4.3 Model-based reflex agents

The most effective way to handle partial observability is for the agent to keep track of the
part of the world it can’t see now. That is, the agent should maintain some sort of internal
state that depends on the percept history and thereby reflects at least some of the unobserved Internal state

aspects of the current state. For the braking problem, the internal state is not too extensive—
just the previous frame from the camera, allowing the agent to detect when two red lights at
the edge of the vehicle go on or off simultaneously. For other driving tasks such as changing
lanes, the agent needs to keep track of where the other cars are if it can’t see them all at once.
And for any driving to be possible at all, the agent needs to keep track of where its keys are.

68 Chapter 2 Intelligent Agents

Agent

E
n
v
iro

n
m

en
t

Sensors

What action I
should do nowCondition-action rules

Actuators

What the world
is like now

Figure 2.9 Schematic diagram of a simple reflex agent. We use rectangles to denote the
current internal state of the agent’s decision process, and ovals to represent the background
information used in the process.

visual input to establish the condition we call “The car in front is braking.” Then, this triggers
some established connection in the agent program to the action “initiate braking.” We call
such a connection a condition–action rule,6 written asCondition–action

rule

if car-in-front-is-braking then initiate-braking.

Humans also have many such connections, some of which are learned responses (as for driv-
ing) and some of which are innate reflexes (such as blinking when something approaches the
eye). In the course of the book, we show several different ways in which such connections
can be learned and implemented.

The program in Figure 2.8 is specific to one particular vacuum environment. A more
general and flexible approach is first to build a general-purpose interpreter for condition–
action rules and then to create rule sets for specific task environments. Figure 2.9 gives the
structure of this general program in schematic form, showing how the condition–action rules
allow the agent to make the connection from percept to action. Do not worry if this seems
trivial; it gets more interesting shortly.

An agent program for Figure 2.9 is shown in Figure 2.10. The INTERPRET-INPUT

function generates an abstracted description of the current state from the percept, and the
RULE-MATCH function returns the first rule in the set of rules that matches the given state
description. Note that the description in terms of “rules” and “matching” is purely concep-
tual; as noted above, actual implementations can be as simple as a collection of logic gates
implementing a Boolean circuit. Alternatively, a “neural” circuit can be used, where the logic
gates are replaced by the nonlinear units of artificial neural networks (see Chapter 22).

Simple reflex agents have the admirable property of being simple, but they are of limited
intelligence. The agent in Figure 2.10 will work only if the correct decision can be made onI
the basis of just the current percept—that is, only if the environment is fully observable.

6 Also called situation–action rules, productions, or if–then rules.
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Condition-Action Rules

Condition-action rules (a.k.a. productions or situation-action rules or simply if-then rules) take the
form
▶ if condition then action

Simple reflex agents work only if the correct decision can be made on the basis of just
the current percept—that is, only if the environment is fully observable.

Consider the effect of partial observability?
▶ What if our reflex vacuum agent has a dirt sensor but no location sensor?
▶ How can randomization help?
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Model-based Agents

An agent can keep track of its state by maintaining a model of the environment. An environment
model typically consists of
▶ a sensor model, which maps percepts to states, and
▶ a state transition model.

A transition model typically contains
▶ A set of states, S,
▶ A set of actions the agent can execute in the environment, A, and
▶ A state transition function, T (s, a, s′)

Note that the state transition function can be deterministic or nondeterministic. In most of AI, we
consider it to be stochastic.

P (s, a, s′) or P (st | st−1, at−1)
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Model-based Reflex Agents
Section 2.4 The Structure of Agents 71

function MODEL-BASED-REFLEX-AGENT(percept) returns an action
persistent: state, the agent’s current conception of the world state

transition model, a description of how the next state depends on
the current state and action

sensor model, a description of how the current world state is reflected
in the agent’s percepts

rules, a set of condition–action rules
action, the most recent action, initially none

state UPDATE-STATE(state, action, percept, transition model, sensor model)
rule RULE-MATCH(state, rules)
action rule.ACTION
return action

Figure 2.12 A model-based reflex agent. It keeps track of the current state of the world,
using an internal model. It then chooses an action in the same way as the reflex agent.

may not be able to see around the large truck that has stopped in front of it and can only guess
about what may be causing the hold-up. Thus, uncertainty about the current state may be
unavoidable, but the agent still has to make a decision.

2.4.4 Goal-based agents

Knowing something about the current state of the environment is not always enough to decide
what to do. For example, at a road junction, the taxi can turn left, turn right, or go straight
on. The correct decision depends on where the taxi is trying to get to. In other words,
as well as a current state description, the agent needs some sort of goal information that Goal

describes situations that are desirable—for example, being at a particular destination. The
agent program can combine this with the model (the same information as was used in the
model-based reflex agent) to choose actions that achieve the goal. Figure 2.13 shows the
goal-based agent’s structure.

Sometimes goal-based action selection is straightforward—for example, when goal sat-
isfaction results immediately from a single action. Sometimes it will be more tricky—for
example, when the agent has to consider long sequences of twists and turns in order to find
a way to achieve the goal. Search (Chapters 3, 4, and 6) and planning (Chapter 11) are the
subfields of AI devoted to finding action sequences that achieve the agent’s goals.

Notice that decision making of this kind is fundamentally different from the condition–
action rules described earlier, in that it involves consideration of the future—both “What will
happen if I do such-and-such?” and “Will that make me happy?” In the reflex agent designs,
this information is not explicitly represented, because the built-in rules map directly from
percepts to actions. The reflex agent brakes when it sees brake lights, period. It has no idea
why. A goal-based agent brakes when it sees brake lights because that’s the only action that
it predicts will achieve its goal of not hitting other cars.

Although the goal-based agent appears less efficient, it is more flexible because the
knowledge that supports its decisions is represented explicitly and can be modified. For
example, a goal-based agent’s behavior can easily be changed to go to a different destination,
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Figure 2.11 A model-based reflex agent.

Updating this internal state information as time goes by requires two kinds of knowledge
to be encoded in the agent program in some form. First, we need some information about how
the world changes over time, which can be divided roughly into two parts: the effects of the
agent’s actions and how the world evolves independently of the agent. For example, when the
agent turns the steering wheel clockwise, the car turns to the right, and when it’s raining the
car’s cameras can get wet. This knowledge about “how the world works”—whether imple-
mented in simple Boolean circuits or in complete scientific theories—is called a transition
model of the world.Transition model

Second, we need some information about how the state of the world is reflected in the
agent’s percepts. For example, when the car in front initiates braking, one or more illumi-
nated red regions appear in the forward-facing camera image, and, when the camera gets
wet, droplet-shaped objects appear in the image partially obscuring the road. This kind of
knowledge is called a sensor model.Sensor model

Together, the transition model and sensor model allow an agent to keep track of the state
of the world—to the extent possible given the limitations of the agent’s sensors. An agent
that uses such models is called a model-based agent.Model-based agent

Figure 2.11 gives the structure of the model-based reflex agent with internal state, show-
ing how the current percept is combined with the old internal state to generate the updated
description of the current state, based on the agent’s model of how the world works. The agent
program is shown in Figure 2.12. The interesting part is the function UPDATE-STATE, which
is responsible for creating the new internal state description. The details of how models and
states are represented vary widely depending on the type of environment and the particular
technology used in the agent design.

Regardless of the kind of representation used, it is seldom possible for the agent to deter-
mine the current state of a partially observable environment exactly. Instead, the box labeled
“what the world is like now” (Figure 2.11) represents the agent’s “best guess” (or sometimes
best guesses, if the agent entertains multiple possibilities). For example, an automated taxi
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Figure 2.13 A model-based, goal-based agent. It keeps track of the world state as well as
a set of goals it is trying to achieve, and chooses an action that will (eventually) lead to the
achievement of its goals.

simply by specifying that destination as the goal. The reflex agent’s rules for when to turn
and when to go straight will work only for a single destination; they must all be replaced to
go somewhere new.

2.4.5 Utility-based agents

Goals alone are not enough to generate high-quality behavior in most environments. For
example, many action sequences will get the taxi to its destination (thereby achieving the
goal), but some are quicker, safer, more reliable, or cheaper than others. Goals just provide a
crude binary distinction between “happy” and “unhappy” states. A more general performance
measure should allow a comparison of different world states according to exactly how happy
they would make the agent. Because “happy” does not sound very scientific, economists and
computer scientists use the term utility instead.7Utility

We have already seen that a performance measure assigns a score to any given sequence
of environment states, so it can easily distinguish between more and less desirable ways of
getting to the taxi’s destination. An agent’s utility function is essentially an internalizationUtility function

of the performance measure. Provided that the internal utility function and the external per-
formance measure are in agreement, an agent that chooses actions to maximize its utility will
be rational according to the external performance measure.

Let us emphasize again that this is not the only way to be rational—we have already seen
a rational agent program for the vacuum world (Figure 2.8) that has no idea what its utility
function is—but, like goal-based agents, a utility-based agent has many advantages in terms
of flexibility and learning. Furthermore, in two kinds of cases, goals are inadequate but a
utility-based agent can still make rational decisions. First, when there are conflicting goals,
only some of which can be achieved (for example, speed and safety), the utility function
specifies the appropriate tradeoff. Second, when there are several goals that the agent can

7 The word “utility” here refers to “the quality of being useful,” not to the electric company or waterworks.

Agents select actions that achieve goals by using search and planning algorithms, which we’ll start
learning next lecture.
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Figure 2.14 A model-based, utility-based agent. It uses a model of the world, along with a
utility function that measures its preferences among states of the world. Then it chooses the
action that leads to the best expected utility, where expected utility is computed by averaging
over all possible outcome states, weighted by the probability of the outcome.

aim for, none of which can be achieved with certainty, utility provides a way in which the
likelihood of success can be weighed against the importance of the goals.

Partial observability and nondeterminism are ubiquitous in the real world, and so, there-
fore, is decision making under uncertainty. Technically speaking, a rational utility-based
agent chooses the action that maximizes the expected utility of the action outcomes—that Expected utility

is, the utility the agent expects to derive, on average, given the probabilities and utilities of
each outcome. (Appendix A defines expectation more precisely.) In Chapter 15, we show
that any rational agent must behave as if it possesses a utility function whose expected value
it tries to maximize. An agent that possesses an explicit utility function can make rational de-
cisions with a general-purpose algorithm that does not depend on the specific utility function
being maximized. In this way, the “global” definition of rationality—designating as rational
those agent functions that have the highest performance—is turned into a “local” constraint
on rational-agent designs that can be expressed in a simple program.

The utility-based agent structure appears in Figure 2.14. Utility-based agent programs
appear in Chapters 15 and 16, where we design decision-making agents that must handle the
uncertainty inherent in nondeterministic or partially observable environments. Decision mak-
ing in multiagent environments is also studied in the framework of utility theory, as explained
in Chapter 17.

At this point, the reader may be wondering, “Is it that simple? We just build agents that
maximize expected utility, and we’re done?” It’s true that such agents would be intelligent,
but it’s not simple. A utility-based agent has to model and keep track of its environment,
tasks that have involved a great deal of research on perception, representation, reasoning,
and learning. The results of this research fill many of the chapters of this book. Choosing
the utility-maximizing course of action is also a difficult task, requiring ingenious algorithms
that fill several more chapters. Even with these algorithms, perfect rationality is usually

A utility-driven agent seeks states that are more desirable, which is a “soft” way of describing goals.
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Figure 2.15 A general learning agent. The “performance element” box represents what we
have previously considered to be the whole agent program. Now, the “learning element” box
gets to modify that program to improve its performance.

unachievable in practice because of computational complexity, as we noted in Chapter 1. We
also note that not all utility-based agents are model-based; we will see in Chapters 23 and 26
that a model-free agent can learn what action is best in a particular situation without everModel-free agent

learning exactly how that action changes the environment.
Finally, all of this assumes that the designer can specify the utility function correctly;

Chapters 16, 17, and 23 consider the issue of unknown utility functions in more depth.

2.4.6 Learning agents

We have described agent programs with various methods for selecting actions. We have
not, so far, explained how the agent programs come into being. In his famous early paper,
Turing (1950) considers the idea of actually programming his intelligent machines by hand.
He estimates how much work this might take and concludes, “Some more expeditious method
seems desirable.” The method he proposes is to build learning machines and then to teach
them. In many areas of AI, this is now the preferred method for creating state-of-the-art
systems. Any type of agent (model-based, goal-based, utility-based, etc.) can be built as a
learning agent (or not).

Learning has another advantage, as we noted earlier: it allows the agent to operate in
initially unknown environments and to become more competent than its initial knowledge
alone might allow. In this section, we briefly introduce the main ideas of learning agents.
Throughout the book, we comment on opportunities and methods for learning in particu-
lar kinds of agents. Chapters 19, 21, 22, and 23 go into much more depth on the learning
algorithms themselves.

A learning agent can be divided into four conceptual components, as shown in Fig-
ure 2.15. The most important distinction is between the learning element, which is re-Learning element

sponsible for making improvements, and the performance element, which is responsible forPerformance
element

selecting external actions. The performance element is what we have previously considered
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More generally, human choices can provide information about human preferences. For
example, suppose the taxi does not know that people generally don’t like loud noises, and
settles on the idea of blowing its horn continuously as a way of ensuring that pedestrians
know it’s coming. The consequent human behavior—covering ears, using bad language, and
possibly cutting the wires to the horn—would provide evidence to the agent with which to
update its utility function. This issue is discussed further in Chapter 23.

In summary, agents have a variety of components, and those components can be repre-
sented in many ways within the agent program, so there appears to be great variety among
learning methods. There is, however, a single unifying theme. Learning in intelligent agents
can be summarized as a process of modification of each component of the agent to bring the
components into closer agreement with the available feedback information, thereby improv-
ing the overall performance of the agent.

2.4.7 How the components of agent programs work

We have described agent programs (in very high-level terms) as consisting of various compo-
nents, whose function it is to answer questions such as: “What is the world like now?” “What
action should I do now?” “What do my actions do?” The next question for a student of AI
is, “How on Earth do these components work?” It takes about a thousand pages to begin to
answer that question properly, but here we want to draw the reader’s attention to some basic
distinctions among the various ways that the components can represent the environment that
the agent inhabits.

Roughly speaking, we can place the representations along an axis of increasing complex-
ity and expressive power—atomic, factored, and structured. To illustrate these ideas, it helps
to consider a particular agent component, such as the one that deals with “What my actions
do.” This component describes the changes that might occur in the environment as the result
of taking an action, and Figure 2.16 provides schematic depictions of how those transitions
might be represented.

B C

(a) Atomic (b) Factored (c) Structured

B C

Figure 2.16 Three ways to represent states and the transitions between them. (a) Atomic
representation: a state (such as B or C) is a black box with no internal structure; (b) Factored
representation: a state consists of a vector of attribute values; values can be Boolean, real-
valued, or one of a fixed set of symbols. (c) Structured representation: a state includes
objects, each of which may have attributes of its own as well as relationships to other objects.

▶ Atomic representations are typically used in search-based problem solving.
▶ Factored representations are used in constraint satisfaction, propositional logic, planning, most

probabilistic models (e.g., Bayesian networks), and many machine learning algorithms.
▶ Structured representations are used in relational databases, first order logic, first-order

probability models, and natural language processing.
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Closing Thoughts

This lesson has effectively introduced the entire course, providing a framework for everything else we
will learn.
▶ In the next few lessons we’ll learn how to search for right action based on goals.
▶ Then we’ll learn how to construct knowledge-based models and use them to plan sequences of

actions that achieve goals.
▶ In the second half of the course we’ll learn how to reason under uncertainty, which will help us

deal with partial observability.
▶ We’ll learn how to find optimal actions in multi-agent settings.
▶ And we’ll learn how to construct the learning elements of agents that improve all of the above

with experience.

24 / 24


