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Abstract- The classical approach to using utility func- lution biases species towards trying or avoiding certain be-
tions suffers from the drawback of having to design and haviors in certain situations. However, the population avail-
tweak the functions on a case by case basis. Inspired able to evolution is finite and often remarkably small. Evo-
by examples from the animal kingdom, social sciences lutionary feedback via death seems to be hardly sufficient.
and games we proposempowermenta rather universal Our central hypothesis is that there exi$beal anduni-
function, defined as the information-theoretic capacity versalutility function which may help individuals survive
of an agent’s actuation channel. The concept applies to and hence speed up evolution by making the fitness land-
any sensorimotor apparatus. Empowerment as a mea- scape smoother. The function is local in the sense that it
sure reflects the properties of the apparatus as long as doesn't rely on infinitely long history of past experience,
they are observable due to the coupling of sensors and does not require global knowledge about the world, and that
actuators via the environment. Using two simple ex- it provides localized feedback to the individual. The util-
periments we also demonstrate how empowerment in- ity function is applicable to all species, hence, it should be
fluences sensor-actuator evolution. universal though should adapt to morphology and ecolog-
ical niche. The utility function should be related to other
biologically relevant quantities.

Here are some examples of candidate functions, which,

A common approach to designing adaptive systems is to uggwever, are not.umversal because t_hey are qune specific:
utility functions which tell the system which situations toSUgar concentration around a bacterium, social status of a

prefer and how to behave in general. Fitness functions us§BiMPanzee in a group, money in a bank account of a per-

in evolutionary algorithms are similar in spirit. They specifyson' Cz_;m these functions be unified? )
directly or indirectly which genotypes are better. In his work on ecological approach to visual percep-

Most utility functions and fithess functions are quite spelion [5] Gibson proposed that animals and humans do not

cific and a priori. They are designed for the particular sydiermally view the world in terms of a geometrical space,

tem and task at hand and are thus not easily applicable [}fiéPendent arrow of time, and Newtonian mechanics. In-
other situations. The task and the properties of the systé‘ﬂaad' he argu_ed, the natural des_crlptlon IS 1N te_rms of what
have to be translated into the “language” of the utility or fitON® can perceive and do. Thus, different places in the world

ness function. How does Nature address this problem? 3&& characterized by what they afford one to perceive and
do.

there a more general principle? . .
One common solution found in living organisms is [N some board games utility may be approximated by

homeostasis [1]. Organisms may be seen to maintain “eg/_hat one can aﬁ‘ord_ to do. For example, a breakthrough
" like body temperature, sugar levels toxily strategy occurred in Othello/Reversi when the concept of

sential variables”, 1 o : N
levels. Homeostasis provides organisms with a local graMoPility” had been discovered. Mobility is the number of

dient telling which actions to make or which states to seek10VES @ player can make in a given situation. The more
The mechanism itself is universal and quite simple, howevéfOves the player can make the betteraffthe averagéie

the choice of variables and the methods of regulation is ndt: EVerything else being equal players should seek higher

They are evolved and are specific to different phyla. mobility. ) ) ) _
If we look from this perspective on the previously given

examples of specific utility functions, they seem to be more
2 Empowerment related than they appeared at first. To a sugar-feeding
] ) ) ) bacterium, high sugar concentration means longer survival

The world is a hostile place. One single wrong action cafime and hence more possibilities of moving to different
have disastrous consequences. It can even lead to de?ﬁ&ces for reproduction, to a chimpanzee higher social sta-
Animals and humans not only survive but also adapt undgfis means more mating choice and interaction, to a person

these circumstances. They all face the classical dilemmgg e money means more opportunities and more options.

of exploration versus exploitation. How do they manage it The common feature of the above examples is the striv-
when errors may be fatal? A standard argument is that evo-

1 Introduction



ing for situations with more options, with more potential2.1 The Communication Problem
for control or influence. To capture this notion quantita; . . . : :
. . . . Here we provide a brief overview of the classical communi-
tively, as a proper utility function, we need to quantify how . . )
: . cation problem from Information Theory and define channel
much control or influence an animal or human (an a9 apacity for a discrete memoryless channel. For an in depth
from now on) has. A fairly straightforward way is to esti- pacity y ‘ P
. treatment we refer the reader to [11, 3].
mate how many actions an agent can perform. However, no : : .
. . : There is a sender and a receiver. The sender transmits
all of the actions lead to different results, not to mention the

. . a signal, denoted by a random variabtie to the receiver,
cases when the same action can lead to different results. . . . :
. e . who receives a potentially different signal, denoted by a ran-
Information Theory, originally developed for transmis-

sion of information over communication channels by Shano—Iom variabley’. The_ comml_mlcatlon channe_l betV\_/een the
. . .sender and the receiver defines how transmitted signals cor-
non [11], can be applied to the problem of control and yields . . . .
o respond to received signals. In the case of discrete signals
guantitative statements [1, 13]. Control can be success- : o -
i . . the channel can be described by a conditional probability

fully treated in terms of Shannon information. Recently,.~ =~ .

distributionp(y|x).

we demonstrated [6] that information flow optimization can ; de . .
. ) . Given a probability distribution over the transmitted sig-
structure systems and, despite the universality of Informa- . o : :
. . , nal, mutual informationis defined as the amount of infor-
tion Theory, can capture properties of an agent’s morphol-"". o . .
. mation, measured ibits, the received signal on the average

ogy and the environment. : : : . .
. . . contains about the transmitted signal. Mutual information
However, even with Information Theory there is the . P
can be expressed as a function of the probability distribution

problem of d_efmmg wh_at to look at to determme whether ver the transmitted signa(x) and the distribution charac-
results of actions are different or not. Is turning a page A i i
yerlzmg the channel(y|z):

a book using the left hand different from turning the ver
same page using the right hand? If one looks only at what py[v)
page of the book is visible in the end, then the two actions 1(X;Y) = > _ p(yla)p(x)log, S pwlp@)
have the same result. If, however, one also takes into the Xy x PIE)P
account what one perceives while turning the page, then the
results of the two actions are different: when one turns thr%r
page using the left hand, one feels and sees that the left hqﬂ
is moving, similarly, the right hand is perceived to move
when turning the page using the right hand. What is the N .

natural way to look at what actions do? C<p(y|l)) - I;]?%(I(X’ Y). 2)

You can move your hand left or right, up or down. Con- Channel capacity is the maximum amount of informa-
sequently, you may assume you have control over Yo, yhe received signal can contain about the transmitted

hand. However, from someone else’s perspective you mayyna Thys, mutual information is a function ) and

have other control that you do not suspect. For exampllg y|z), whereas channel capacity is a function of just the
a neurosurgeon may notice that you can make a particu

; _ - X X nditional probability distributiorp(y|z) describing the
neuron in your brain spike. However, if you never OIIreCtIychannel. Another important difference is that mutual in-

or indirectly perceive the result, your will never know thatformation is symmetric inX andY and is thus acausal

you have control over the neuron. _ _whereas channel capacity requires complete control &ver
To make things simpler, similar to Gibson’s ecologlca%md is thus asymmetric and causal (cf. [8])

approach to visual perception [5], we define what an agent 1,16 exist efficient algorithms to calculate the capacity

does solely in terms of what it perceives. This way it do€g¢ 4 arhitrary discrete channel, for example, the iterative
not matter what other agents perceive about these aCt'O'&?g'orithm by Blahut [2]

it does not matter how much control or influence the agent
appears to have from a “god’s eye view” of the world. The2
concept of “the environment” becomes a by-product of the’
interplay between the agent's sensors and actuators. TKsnsider an agent in an environment. The agent has a sen-
enables us to base our utility function solely on the sensos®r and an actuator. The actions of the agent may reflect the
and actuators, without the need to refer to the “outside” afensoric input, and the sensoric input, in turn, may reflect
the agent. past actions. The sensor and the actuator are coupled in a

We build on Gibson’s view of perception-action as beingperception-action loop [9].
central to agents and go even further by: (1) making actu- The agent’s empowerment is a property of its perception-
ators as important as sensors, and (2) providingagent- action loop. Thus, we first model the loop. Its constituent
centric quantification of the amount of control or influenceparts are treated as random variables. These are the sensor
the agent has and perceives S, the actuatord, and R — the rest of the system including

In Sec. 2.2 we will provide the quantification using In-the environment. We nedglto account for the effects of ac-
formation Theory. The key concept employed is the channglation, the agent’s morphology and the environment on the
capacity. We will now briefly provide the necessary backsensors. Although we treat the agent as having just one sen-
ground from the Information Theory. sor and actuator§ and A can also represent the combined

state of some or all of its sensors and actuators.

1)

Channel capacitys defined as the maximum mutual in-
ation for the channel over all possible distributions of
transmitted signal:

2 Definition of Empowerment



As in [13, 6, 7] we interpret the perception-action loopA; - ... Ay Ao

in terms of a communication channel-like model. From this \ \\ .
perspective actions may “inject” Shannon information into e T
the environment and into the sensors. In order to model the™ ft+1 Riyo T 'Rff?’ "
temporal aspects wenroll the loop in time by introducing \ \ }&w

discrete timet. The random variableS;, A;, and R; be-
come the states of the sensor, the actuator, and the rest of
the system respectively at different timesTo account for  Figure 2: 3-step empowerment. Actions are independent of
the complete loop we model the dynamics of arbitrary numsystem'’s state (agent with “free will”). The communication
ber of time steps, as opposed to [13] where only one timghannel goes fromA;, Ary 1, Aiio) t0 Spys.
step is modeled.

We model the relations between the variables as a causal
Bayesian network [8] which is a directed acyclic grapifctions and sensoric inputtime steps later.
where any node, given its parents, is conditionally indepen- Let us denote the sequencerofctions taken starting at
dent from any other node which is not its parent or successBfe ¢ by a random variablel} = (A;, Apy1,. .., Aein),
(any node directly or indirectly reachable from the node). I@nd its instantiation by;'. Let us denote the state of the sen-
our model this property results in conditional independencgorn time steps later by a random varialig, ., and its in-
from the past. stantiation bys,,,. We now viewA} as the transmitted sig-

The pattern of relations between variables at two corflal andS;,, as the received signal. The system’s dynamics
secutive time steps is shown in Fig. 1. We assume that tfifgduce a conditional probability distributigns; ., |a;') be-
pattern of relations is time-invariant and thus holds for anjveen the sequence of actiod$' and the state of sensor
t. Thus, the graph in Fig. 1 is just a section of the networl@fter n time stepsS;.,. This conditional distribution de-
The diagram can be read as follows: actidnis picked Scribes the communication channel we need.
given sensor statd,, sensor staté, is obtained from the ~ We can now definempowermerds the channel capacity
state of the rest of the agent-environment sysfemR,,,  Of the agent's actuation channel terminating at the sensor

St+1 St+2 St+3

depends only o2, and A;. (see Eq. 1and Eq. 2):
” Rf\ /Rt“\ Vi & = C(plsrala)) = max I(47:51s). (3
/ play
Sy = Ay Sty1 = Ar1 Empowerment is measured fits. It is zero when the

agent has no control over what it is sensing, and it is higher
Figure 1: The perception-action loop as a Bayesian nethe more perceivable control or influence the agent has. Em-
work. S —sensorA — actuatorR —rest of the systemizis  powerment can also be interpreted as the amount of infor-
included to formally account for the effects of the actuatiomation the agent could potentially “inject” [7] into the en-
on the future sensoric inpuf? is the state of the actuation vironment via its actuator and later capture via its sensor.
channel. The definition ofn-step empowerment above uses only
a momentary reading of the sensor at titmen to see how

So far, we have informally introduced empowerment imuch of the “injected” information is captured. In general,
terms of the amount of control or influence the agent hate momentary reading of the sensor can be replaced by
over the world and is able to perceive. The only way than arbitrary function of the variables downstream Af
agent can impose its influence over the world is via its actdror example, the function could be the sequence of sen-
ator by performing a sequence of actions. soric statesS] = (Siy1,St42,-..,Stn). If the agent has

To illustrate the idea, imagine an agent with “free will”, memory, the function could also include the agent’s mem-
which at some point in time can perform an arbitrary se- ory downstream fronm#;.
guence of actions of length. How much information can The maximizing distributions over the sequences of ac-
the agent “inject” via the sequence of action into its sensdions p(a}') can be interpreted as the distributions of ac-
at time stepy + n? The more of the information about thetions the agent should follow in order to inject the maximum
sequence of actions can be made to appear in the sengonount of information into its sensor aftettime steps.
the more control or influence the agent has over its sensor. The actuation channel will in general have state due to
We redraw the Bayesian network to reflect the fact that ththe specifics of the environment or the agent’s morphol-
agent is “free” to choose any sequence of actions. The nesgy. According to our model (see Fig. 1), the stateRis
network is shown in Fig. 2. the rest of the system. For the information-theoretic prob-

We view the situation as the classical problem of comlem of channel with side information it is established [3]
munication from Information Theory [11] as described inthat knowing the state of the channel may increase its ca-
Sec. 2.1. We need to measure the maximum amount of ipacity. Hence, knowing? could increase empowerment.
formation the agerttould“inject” or transmit into its sensor Accordingly, it is useful to defineontext a random vari-
by performing a sequence of actions of lengtiThis is pre- able approximating the state of the actuation charfel
cisely the capacity of the channel between the sequenceinfa compact form (cf. Information Bottleneck [124;



machines [4, 10]). Knowing the context could increase th®oreover, empowerment maximization will push evolution
agent's empowerment. The context could be interpreted &srward to exploit all existing and newly appearing commu-
the “environment” relevant to the agent. Moreover, the comication channels.
text can be deduced or constructed from the agent-centric
perspective, from the data available “on-board ,W|th01_Jt thﬁ_4 Summary
need to resort to global knowledge. However, we omit this
more general treatment from the present discussion. We view the perception-action loop of an agent in terms
of random variables describing the state of the agent-
environment system. The main parts of the loop are the state
of the sensor and the state the actuator. All the variables are
Consider an agent that tries to maximize its empowermeninked into a causal Bayesian network. The network allows
From the perspective of Information Theory, there are twas to unroll the loop in time.
different ways of doing that: (1) strive to reach the parts The agent’s actuation channel is a combined probabilis-
of the world where empowerment is highest, that is, wheréc description of “embodiment”, the agent's morphology
p(st+nlal) is less noisy, (2) modify one’s sensors and acand environment, in terms of the effects of the agent’s
tuators to improve empowerment, that is, modify the setgctions on its sensors. Empowerment is defined as the
for which p(s:1|a}') is used. In this paper we concentratenformation-theoretic capacity of the actuation channel and
only on the latter case which is sensor-actuator adaptatismmeasured in bits. Empowerment is zero when the agent
or evolution. has no control over its sensors, and it grows when the con-
If the agent’s actuator is fixed (not allowed to adapt otrol or influence the agent has over its perceptions grows.
evolve) the sensor may be modified so that the agent “sees” The actuation channel in general has state due to the
more of the results of its own actions. In other words, thepecifics of the environment and the agent’s morphology.
agent’s sensor is adapted to better differentiate between oinowing certain features of the channel’'s state may in-
comes of various actions the agent can take. crease the agent’s empowerment. These features could be
If the agent’s sensor is fixed, the actuator may be modiiewed as the context or the “environment” relevant to the
fied so that it can better influence the future sensoric statemyent and can be deduced or constructed from the data avail-
In other words, the actuator is adapted to support actiomble to the agent without the need to resort to global knowl-
which can be differentiated by the sensor better. edge. Interestingly, these features are projections from the
Maximizing empowerment adapts the agent's sensostate of the rest of the system and thus capture information
and actuators to each other. Moreover, it adapts them &bout the rest of the system, the “outside” of the agent.
the niche in which the agent exists in the world (cf. [5]). The conditional distribution describing the actuation
For example, let us assume that there is a cost to sensacttannel induces a logical structure of the sensor and actua-
bandwidth. It may be due to energy constraints or due tior on top of their physical structure. The logical structure
information-processing constraints. If the agent initially has a potentially more compact description of the agent’s ac-
eyes, but lives in a part of the world where there is no light atiator in terms of its effects on the sensor, and of the sensor
all, empowerment, used as a fitness function, will create an terms of how it “sees” the actions. For example, actions
evolutionary gradient towards removing the eyes. If, on theaving the same effect on the sensor may be seen as just one
other hand, an agent can produce a flash visible to its eydsgical action. We hypothesize that natural evolution makes
empowerment will keep the eyes and the flash-producinye logical structure and the physical structure adjusted to
action, no matter whether having the capability of producingach other.
a flash in the dark is “useful” in the common sense of the
word.
The sets of sensoric states and actions available to tﬁe
age_nt can be seen as the physu?al level (_)f its perceptiod-; +1e Testbed
action system. Empowerment builds a logical level on top
of that. Actions can be defined through their effects on th€onsider an infinite two-dimensional square grid world. A
sensors (cf. Gibson’s approach [5]). For instance, actiors®urce is located at the center of the grid. The source emits
with the same effect (as described pfs;,,|a})) on the a signal, the strengtf of which in any cell of the grid is
sensor may be seen as just one logical action and need #d) = d=2, P(0) = 2, whered is the Cartesian distance
be differentiated, unless other criteria, such as costs of aftem the source.
tions, are taken into account. Similarly, sensors may also be An agent moves in the world occupying one cell at a
seen in terms of how they react to actions. This logical leveéime. Let us assume that the agent has a sensor which sam-
of description built on top of the physical level may be dif-ples the strength of the signal in nearby cells and picks the
ferent in different places in the world. For instance, if on@ne with highest strength. If there are several such cells,
is in a completely dark room, one can disregard one’s ey@sie is picked at random with uniform probability. Let us
as a sensor because they capture no effects of one’s acticaiso assume that at each time step the agent can stay put
We formulate the following hypothesis: evolution adapt®r jump into one of the nearby cells. We shall now present
the physical level of sensors and actuators to the logicelo scenarios: evolving a sensor for a given actuator, and
level induced by empowerment for the niche of the speciesvolving an actuator for a given sensor.

2.3 Maximizing Empowerment

Sensor and Actuator Evolution Experiments



3.2 Sensor Evolution generation number; and (2) we do not add offspring which
: ..._have been evaluated before or are already presentin the pop-
Let us assume that the agent’s actuator allows it to e'th%ﬁation yp Pop

stay in the current cell or move into one of the four adjacen To sample the solution space thoroughly we run the evo-

gﬁltlif(\t/ﬁg s’\(l,?\l;?ra;;tﬁggtﬂgzh(e);t(g.tewzs: Isvf/g?n?:r?tt i?)ffjtionary algorithm at least 10 times for 1000 generations
maximal? 9 pemp each. The best individuals are selected across these runs.

Let us limit the set of sensors to those finding the ce% 2 2 Results
with highest signal strength near the agent. Each sensor
can be thought of as a set of sampling points relative td/e have evolved the sensor for different positions in the
the agent. For example, a sensor measuring the local gserld to illustrate the idea that empowerment makes sensors
dient using von Neumann neighborhood has four samplirend actuators adapt to the niche in which the agent exists.

points: {(0, -1),(1,0),(0,1), (-1, O)}. We have constrained the sensor to a maximurg2Oofam-
pling points which lie inside the square with si2iearound
3.2.1 Evolutionary Search the agent.

To find a good enough sensor we can search in the set of sen- Rimilin ]
sors using an evolutionary algorithm. The algorithm treats
sensor layout as an individual. The sampling points of any
sensor are constrained to lie within a fixed square withside
around the agent. The maximum number of sampling points
a sensor can have is fixed. At any pointin time, the state of a
sensor identifies the sampling point that measures the high-
est signal strength. Hence, the number of sampling points is
also the number of states of the senjsijr Sensors below are evolved for the corresponding places above
The fitnesst” of a sensor is the-step empowerment of
the agent equipped with the sensor. The fithess also inclu i i
a small penalty for the number of sampling points ujggld

F=¢& —¢s]. (4) H

o

E
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The penaltye = 1072 is there to prefer more economical
sensors with less sampling points. The exact value of the
penalty used here is arbitrary, though small.

To evaluate the fitness of a sensor the agent is placed in r
the world at a predefined position (for instance, in the cen- - - ;
ter which is at(0, 0) in Cartesian coordinates). The condi-
tional probability distributionn(s,|ad) is exactly calculated
from the Bayesian network [8]. Théstep empowerment
is the capacity of the channel described by the conditional
probability distribution. The capacity is found with—* bit (10,10) 3.907
precision using the iterative algorithm proposed by Blahut m
in [2]. maE &

We initialize the population with five randomly gener-
ated sensors. In every generation, five best sensors produce 2,
five offspring each. Thus the size of the population is be- u
tween 5 and 30. Five best individuals from the parents and &
offspring are selected into the next generation. wt

An offspring is produced from its parent by mutation.

The mutation operator supports two operations: (1) additioigre 3: Best sensors evolved for six different places in the
of a sampling point, and (2) deletion of an existing samplingorid. Maximum number of sampling pointsax S| =
point. If the sensor has no sampling points, the mutatiog - Al of the points lie inside a square with side= 21
operator always adds a point. If the sensor has the maximyBntered the agent. The layout is relative to the agent (cen-
number of sampling points, the mutation operator alwaygy, marked with a cross). Sample points are shown in black.
deletes a point. Otherwise, either a new point is added or gthe text under each layout contains the position in the world

existing one is deleted with equal probability. . forwhich the sensor was evolved and the agent's empower-
To speed up the search and make it more efficient Wgeant with the sensor measured in bits.

have incorporated ideas from simulated annealing and tabu
search: (1) the number of mutations performed is uniformly Fig. 3 shows the best evolved sensors. Evolution has
distributed betweem and1 + (G mod 10), whereG is the found two types of sensors. For the areas near the signal
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source (Fig. 3 left and middle columns) the sensors capture
more or less the absolute displacement from the source. For
the areas farther away from the source (Fig. 3 right column)
the sensors capture the bearing to the source.

The best sensor layouts for starting positig@$, 0),
(10, 10), (20, 10), and(20, 20) are stable in the sense that
they stay almost exactly the same if the evolutionary exper-
iment is repeated. The other two layouis,0) and(10, 0),
are much more prone to change while retaining exactly théctuators below are evolved for the corresponding places above
same empowerment and hence fitness. This suggests that
they might belong to a plateau of the fithess landscape. EEn = E:H n
Qualitatively though these layouts still comprise a cluster

of sampling points as seen in Fig. 3. The cluster is centered n u mEE

at the agent for thé0, 0) starting position, and on the far me. EEEE ]

left for the (10, 0). (0,0) 4.000 (10,0) 4.000 (20,0) 2.807
=i .

3.3 Actuator Evolution H

In this section we show what actuators are optimal in terms
of empowerment for a given sensor. The experiment is simi-
lar to the sensor evolution experiment described above. The
same world is used. The same fitness function is used. The
same evolutionary algorithm is used. However, in this ex-
periment the agent hasl&-state sensor shown in Fig. 4. N
The sensor captures a coarse bearing to the signal source. iin
The actuator is evolved to maximize empowerment. (20,20) 2.807

(10,10) 4.000  (20,10) 2.807

Figure 5: Best actuators evolved for six different places
in the world. Maximum number of actiomax |A| = 10.

The displacement generated by any action is constrained to
lie inside a square with side = 9 centered at the agent.
The layout is relative to the agent (center, marked with a

. . cross). Places the actuator can move the agent to are shown
Flgurg 4: The layout of the fixed sensor used for actuatQf piack. The text under each layout contains the position in
evolution. the world for which the actuator was evolved and the agent's
empowerment with the actuator measured in bits.

We have constrained the actuator to a maximum (of
actions which move the agent no further thapells hori-
zontally and4 cells vertically. The best actuators evolved
in 10 runs of 1000 generations each are shown in Fig. 5. We have also tried allowing the agent to jump farther in
When we rerun the experiment evolution settles on diffeene go. In this case, empowerment for all of the tested six
ent sets of best actuators. However, they retain identicplaces in the world reaches the maximumddsits, which
empowerment and fitness. The variety in best evolved actis constrained by the capacity of the sensor. With longer
ators is much larger compared to best evolved sensors frggmps only four actions are sufficient to reach the maximum
the previous section. Apparently, many more actuator laympowerment in each of the six places tried.
outs are optimal. There is thus less evolutionary pressure on
the actuators in this experiment.

Near the center of the world (Fig. 5 left and center
columns) it suffices to have just four actions to completelg.4 Summary of the Experiments
control the sensor after four time steps. When the agent
starts farther away it has to cover much longer distances e have presented a simple testbed to demonstrate how em-
order to significantly change the bearing to the source angpwerment could be used for sensor and actuator evolution.
hence, the sensoric reading. As the step length is limited We have used an an evolutionary algorithm to maximize
4, there is not enough time to cover the necessary distanempowerment by evolving a sensor for a given actuator, and
The agent thus has less control over its sensor. For exampbg,evolving an actuator for a given sensor. We have demon-
it cannot move to the area left from the center. The evcstrated that: (1) using empowerment as a fitness function
lutionary algorithm guided by empowerment “recognizesis possible, and (2) empowerment may allow evolution to
this situation (due to nonzekoin Eq. 4) and prunes the set switch from one representation of information to another
of actions down to just two or three, which are enough tone (absolute displacement vs. coarse bearing in the sensor
move in the right half of the world. evolution experiment).



4 Discussion & Conclusions iment” evolution, can adapt the agent to its niche. However,
as opposed to the majority of other fitness functions, em-
In search for a general principle for adaptive behaviopowerment is agent-centric and universal. It is suitable for
we have introduced empowerment, a natural and universghy sensorimotor apparatus, it is calculated from the sen-
quantity based on an agent's “embodiment”, the relation b&py and actuator data available to the agent, and it does not
tween its sensors and actuators induced by the environmegguire one to externally assign meaning to the states of sen-
and the agent's morphology. sors and actuators. This, we believe, is its greatest power.
Empowerment is defined for any agent, regardless of its Empowerment is useful for a number of reasons. Firstly,
particular sensorimotor apparatus and the environment, g defined to be universal, and the definition is independent
the information-theoretic capacity of the actuation channgjs 5 particular agent or its environment. Secondly, empow-
terminating at the sensors. Empowerment is zero when teement maximization has a simple interpretation — it tells
agent has no control over what it is sensing, and it is high@he agent to seek situations where it has perceivable con-
the more perceivable control or influence the agent has. ERjp| or influence over the world, where it can change the
powerment can also be interpreted as the amount of infafrorid most. Thirdly, if the agent were to estimate empow-
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Empowerment is based on the interplay between thgywthing about empowerment — as a result of evolution the

agent's sensors and actuators. The concept of the “outsidgyent would just behave as though it maximizes empower-
may arise as a result of maximizing empowerment. Thigent.

agent-centric view is based on that of Gibson [5] where the
agent sees the world in terms of what it can perceive and do.
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