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ien
es, University of Hertfordshire, Hat�eld Herts AL10 9AB, U.K.Abstra
tWe survey and outline how an agent-
entered, information-theoreti
 approa
h to meaningful information extending
lassi
al Shannon information theory by means of utilitymeasures relevant for the goals of parti
ular agents 
anbe applied to sensor evolution for real and 
onstru
tedorganisms. Furthermore, we dis
uss the relationship ofthis approa
h to the programme of freeing arti�
ial lifeand roboti
 systems from rea
tivity, by des
ribing usefultypes of information with broader temporal horizon, forsignaling, 
ommuni
ation, a�e
tive grounding, two-pro
esslearning, individual learning, imitation and so
ial learn-ing, and episodi
 experiential information (memories, nar-rative, and 
ulturally transmitted information).Meaningful Information & Sensor EvolutionThis paper is a review and programmati
 statement on thenotion of meaningful information for organisms as tempo-rally grounded entities. Our fo
us is information (in thesense of Shannon) as it is or might be employed by embod-ied organisms. We draw a 
ir
le from the level of rea
tivelypro
essed sensory information between organism and envi-ronment up through many di�erent time-s
ales. The fa
tthat an organism is able to per
eive or be in
uen
ed bya given signal reveals the potential for that signal to beimportant to the agent. The fa
t that a biologi
al agenthas sensors that 
an dete
t any of a parti
ular 
lass of sig-nal, su
h as eyes that respond to light in a 
ertain rangeof wavelengths, is eviden
e that it is useful to do so. Simi-larly, e�e
tor 
hannels, 
arrying information for a
ting onthe world and for produ
ing signals, have evolved. Sen-sori
 and a
tuating 
hannels are means for an organism tointera
t with and manipulate its world. Information 
anonly be said to be meaningful with respe
t to a parti
ularembodied organism; it then traverses su
h 
hannels and isstatisti
ally helpful to the organism (Nehaniv & Dauten-hahn 1998a; Nehaniv 1999a). It 
an be studied as su
h withtools of mathemati
al information theory (Nehaniv 1999a;Nehaniv, Dautenhahn, & Loomes 1999; Polani, Martinetz,& Kim 2001a; Tishby, Pereira, & Bialek 1999).Organisms exist, live, a
t and reprodu
e in the �eld oftime. Details of the �ne temporal stru
ture of an organ-ism's behavior and ena
tion in the world, via its body, itssensing, and its a
ting, are 
ru
ial for an embodied arti-�
ial life perspe
tive (Varela, Thompson, & Ros
h 1991).The usefulness of su
h information to an organism mayarise at various levels of in
reasing temporal s
ope: rea
-tive, a�e
tive and/or learning, and episodi
 experientialinformation (Nehaniv, Dautenhahn, & Loomes 1999). SeeTable 1. As the temporal horizon of the relevant infor-mation that organisms use in
reases, this meaningful in-formation may more profoundly a�e
t the internal milieu,learning, the development and ar
hite
ture of the organ-ism. A
quisition of su
h information, in
reasingly tem-porally removed from the immediate present (`the now'),

also requires the use of sensors and impa
ts on 
ommuni-
ation 
hannels between organisms, and, in some organ-isms, possibly on so
ial learning and 
ultural traditions.The maintenan
e and appli
ation of this information gener-ally requires a 
orresponding internal elaboration of me
h-anisms, `
ognitive 
apa
ity' for learning, remembering, andrepresentation of meaningul episodi
 information (whethersymboli
ally, in internal dynami
s, or en
oded externally).One of the most impressive in
arnations of the power ofevolution is the adaptation of sensors. Information po-tentially useful to a biologi
al (or arti�
ial) organism inattaining its goals (e.g. homeostasis, survival, reprodu
-tive su

ess, or maximizing a utility fun
tion) may play a
ru
ial role in the evolution of sensors in
luding the 
han-nels on whi
h they fo
us; this holds as well for a
tuatorsby whi
h the organism a
ts in the world, as well as forthe internal ar
hite
ture of the organism and how it ex-ploits information (Nehaniv 1999a; Nehaniv, Dautenhahn,& Loomes 1999; Dautenhahn, Polani, & Uthmann 2001;Polani, Martinetz, & Kim 2001a; Liese, Polani, & Uth-mann 2001). From 
hemi
al, olfa
tory, ta
tile, auditoryto a
tive (sonar), photore
eptive and general ele
tri
al andmagneti
 sensors, many sensori
 
hannels are exploited toprovide useful information to living agents.1 Central to allthese observations is the universality of exaptation in evo-lution in the sense that anatomi
al features and sensori
units are 
ontinually reused and reassigned for di�erentsensori
 tasks.2 Equally important is also the observationthat sensing is intimately 
onne
ted with the appropriatepro
essing of sensed information. Sensors are temporallyimmediate means providing a

ess to meaningful informa-tion, but there exist other types of meaningful informationof broader temporal s
ope (Table 1). The existen
e of 
han-nels of meaningful information is not given a priori as inthe 
ase of information theory. On the 
ontrary, a formalapproa
h to meaningful information allows one to addresshow su
h 
hannels 
ome into existen
e and evolve. By iden-1The development of photore
eptors (\eyes") shows a varietyof approa
hes to solving di�erent per
eptual problems with 40-60 independent lines of des
ent and a variety of developmentallevels (v. Salvini-Plawen & Mayr 1977; Liese, Polani, & Uth-mann 2001). For example, the 
hameleon eye determines dis-tan
es by a
tive fo
using (Ott & S
hae�el 1995), while pseudo-opti
al infrared sensors of pit vipers evolved from skin inner-vation 
ommon to most vertebrates (Noble & S
hmidt 1937).There is a signi�
ant sele
tion gradient towards 
omplex eyestru
tures (Nilsson & Pelger 1994).2Some amphibians use their lungs to hear (Hetherington &Lindquist 1999). Among 
ies (whi
h usually 
annot hear) theparasiti
 
yOrmia o
hra
ea uses sensory organs whi
h originallyserved to determine the head position as auditory sensors bywhi
h it determines the dire
tion of the 
hirping of its host(Lakes-Harlan & Heller 1992).



distant own re
ent immediate now imminent near own farpast past past past future future future futureself autobiographi
al moods & emotions homeostasis & emotions individual individualremembering short-term & drives autopoiesis & drives learning plansmemoryothers 
ulture biographi
al expression emotions 
ommuni
ation emotions intention group ideologies& stories re
onstru
tion reading & drives & signaling & drives reading, plansimitation& so
iallearningobje
ts / long-term tra
king emotions sensors & emotions predi
tive reasongoals memory & drives effe
tors & drives anti
ipationTable 1. Possible Temporal Horizons for Information Useful to an Organism vs. Fo
us of Information.Illustration of forms of information possibly useful for parti
ular embodied organisms at various levels of temporal s
ope, dire
ted towards self, others, or obje
ts/goals.Sensory and e�e
tor information in organismal pathways generally has small temporal s
ope, 
lose to the `now'.A�e
tive information (emotions and drives) modulates behavioral 
ontrol within a limited temporal s
ope.Simple forms of learning, su
h as reinfor
ement learning, and immediate imitation appear to have a slightly broader temporal s
ope.(However, some a�e
tive phenomena, related to learning and episodi
 information, may have extremely broad temporal s
ope.)Episodi
 information may have still larger temporal s
ope, fo
using on experien
es of the self (memories, remembering, autobiographi
 information)or the experien
e of others (imitation, so
ial learning, episodi
 memory, stories, narrative, 
ulturally transmittedinformation); plans represent future-dire
ted episodi
 information.distant own re
ent immediate now imminent near own farpast past past past future future future futurepost- post- affe
tive / affe
tive rea
tive affe
tive affe
tive / post- post-rea
tive rea
tive learning learning rea
tive rea
tiveTable 2. Possible Temporal Horizons for Organisms Employing Useful Information of Di�ering S
ope.Rea
tive Organisms: information in sensory and e�e
tor pathways generally has small temporal s
ope, yielding immediate responses.A�e
tive and Learning Organisms: emotions and drives modulate behavioral 
ontrol within a small temporal s
ope, reinfor
ement learning,two-pro
ess learning (see text).Post-rea
tive Organisms: Experiential episodi
 information with larger temporal s
ope, fo
using on experien
es (memories, remembering,auto-/biographi
 information, 
ultural knowledge, plans)



tifying sour
es and targets of information useful to agents,one has 
andidate endpoints of a 
hannel of meaningful in-formation. Over time, espe
ially evolutionary time, 
han-nels of useful information need not remain stati
; however,sensory adaptation is limited by various trade-o�s.3An Information-Theoreti
 Notion of Relevant In-formation. An organism has to 
apture information fromits environment via its sensors. The resour
es, informa-tion a
quisition, as well as information pro
essing of or-ganisms are limited, in prin
iple. It is therefore 
entralto introdu
e an information measure that only relates toinformation relevant to the agent. The formalization ofsu
h a 
on
ept of relevant information is a 
entral ne
essityto be able to develop an information-theoreti
al approa
hto understand the sensory pro
essing of embodied organ-isms. In 
ontrast to (Howard 1966)'s \information value",our notion is inherently information-theoreti
al and 
an bemeasured in bits; moreover, going further than standardpra
ti
e in the �eld of animal 
ommuni
ation, whi
h alsotakes an information-theoreti
 approa
h, e.g. (Bradury &Vehren
amp 1998), we systemati
ally relate information toutility for an organism. Meaningful information is de�nedhere as 1) information in intera
tion games between anorganism and its environment or between organisms medi-ated with respe
t to their own sensors and a
tuators andas 2) useful for satisfying homeostati
 and other drives,needs, goals or intentions (Nehaniv 1999a).4 In parti
ular,meaningful information need not be linguisti
ally nor evensymboli
ally mediated. It may or may not involve repre-sentations, but must arise in the dynami
s realizing theagent's fun
tioning and intera
tion in its environment (
f.the notion of `stru
tural 
oupling' of (Maturana & Varela1992)), supporting adaptive or self-maintaining or repro-du
tive behaviors, goals, or possibly plans.5 Under evolu-3Perhaps the most dire
tly \Heisenbergian" one is that be-tween temporal and spatial resolution. For instan
e, 
ies havea higher temporal, but a lower spatial resolution than humans(Kortmann, Postma, & van den Herik 2001). Su
h trade-o�s 
anarise due to aspe
ts of light sensitivity, the ne
essity of depthper
eption, but interestingly also due to energeti
al 
auses. Forexample, information pro
essing requires a 
ertain degree of en-ergy dissipation, of whi
h the theoreti
al fundamental limit isgiven by thermodynami
s on the quantum level (Bennett & Lan-dauer 1985); in living systems the underlying \ma
hinery" hasa basal metaboli
 rate whi
h determines the minimal rate ofheat dissipation. (Kortmann, Postma, & van den Herik 2001)show that the ne
essity to dissipate ex
ess heat 
reated duringthe 
apture of visual information is a signi�
ant limiting fa
tor.Moreover, many intera
tion partners may be present (e.g.both predators on the organisms and potential mates), and sig-nals may be per
eived by many intera
tion partners. Sele
tionpressures thus result from trade-o�s in the signals and behav-iors the agent employs, on the one hand, and, on the other,the 
osts and bene�ts in
urred sin
e various other agents mightdete
t this behavior. Trade-o�s may also arise due to 
osts in-volved in development, maintenan
e and pro
essing required forthe use of parti
ular sensory and e�e
tor 
hannels against thebene�ts these might provide.4See (Nehaniv 1999a; Nehaniv, Dautenhahn, & Loomes1999) for a dis
ussion of the relationship of intera
tion gamesto language games (in the sense of Wittgenstein), and notionsof semiosis (in the sense of Peir
e) as a more appropriate modelfor an agent-based perspe
tive on meaningful information thannaive, \obje
tivist" notions of semanti
s.5Similarly, these 
onsiderations apply to software agents,whi
h might in a sense be 
onsidered embodied with respe
tto their parti
ular environments as long as mutually perturb-ing 
hannels exist between the agent and its environment (thisontology-independent de�nition of embodiment is due to (Qui
ket al. 1999)), with degree of embodiment measurable a

ordingto the 
omplexity of the dynami
s o

urring between the two.The systematized, dynami
 behavior of the system of agents

tion, sensor and a
tuator 
hannels used in re
urring typesof intera
tion games will over generations to some degreebe optimized in order to better a
hieve survival and repro-du
tion, 
f. (Adami, Ofria, & Collier 2000).The simplest way to introdu
e usefulness to an agentis via a utility measure. Measuring the information-theoreti
 value of mutual information between the utilityfun
tion and sensory information 
an guide behavior sele
-tion (Polani, Martinetz, & Kim 2001a). Moreover, it 
anprovide feedba
k on the eÆ
a
y of the sensory information
hannel and thus guide the dire
tion of modi�
ation, adap-tation, or evolution of the 
hannel itself (Nehaniv 1999a;Polani, Martinetz, & Kim 2001a). In the information bot-tlene
k prin
iple of (Tishby, Pereira, & Bialek 1999), rele-van
e related to a random variable X (whi
h one 
an inter-pret as the state of a system) is modeled by a relevan
e in-di
ator variable Y , also a random variable, whi
h is jointlydistributed with X . Y 
an be seen as a (supervised) softlabeling of the states X . In this model, the relevan
e is
ompletely modelled by Y . In other words, any feature inX is made relevant or irrelevant by being able to re
e
tthe state of Y . (Tishby, Pereira, & Bialek 1999) therefore
all the mutual information I(X ;Y ) := H(X) � H(X jY )(with H(X) the entropy of X and H(X jY ) the 
onditionalentropy of X given Y ) the relevant information in X . Theinformation bottlene
k prin
iple now sear
hes for a 
om-pressed random variable X̂ , obtained by a probabilisti
mapping from X via a 
onditional mapping p(x̂jx). Themapping is 
hosen so that it 
ompresses the informationin X as far as possible (i.e. it minimizes I(X ; X̂)) whilekeeping the relevant information in X̂, i.e. I(Y ; X̂) at a
onstant level. Thus, it attempts to derive the most 
om-pa
t representation of relevant information (represented byY ) from the state X . If I(Y ; X̂) = I(Y ;X), 
ompressingX into X̂ does not lose any relevant information, and X̂is fully informative with respe
t to the relevan
e indi
atorvariable Y .In the information bottlene
k model, Y is given exter-nally, e.g. by manual labeling. How 
an we obtain a rel-evan
e indi
ator variable in the setting of agent model-ing? For an organism, the 
hoi
e of the right a
tion isrelevant. It is therefore natural to 
onsider the 
hoi
e ofa
tions as relevan
e indi
ator variable (Polani, Martinetz,& Kim 2001b). Thus, for an agent model, Y is 
hosen as arandom variable over the set of a
tions. To 
onstru
t theprobabilities for this random variable, one assumes a utilityfun
tion U(x; y) to be asso
iated with an a
tion y taken ina state x. From this utility, a joint 
onditional distribu-tion p(yjx) modeling the sele
tion of an a
tion y in a statex 
an be dire
tly 
onstru
ted by equiprobable sele
tion ofan optimal a
tion in a given state (Polani, Martinetz, &Kim 2001a). Given an a priori distribution p(x) for thestates, one obtains a joint distribution for X and Y viap(x; y) = p(yjx)p(x), from whi
h e.g. the relevant informa-tion for an agent I(X ;Y ) 
an be 
omputed.6 In the 
ontextof sensor evolution, X plays the role of the environmentand X̂ plays the role of the information transmitted by thesensors. The sensori
 state X̂ attempts to 
arry only rele-vant information and to dis
ard the rest. This is { from amathemati
al point of view { the prin
iple that we believeand environment in su
h a 
ase is referred to as an intera
tiongame. Generalizing the ideas of Wittgenstein we say meaningof the signals 
an be and 
an only be de�ned in terms of theirusage in intera
tion games.6Unlike in the original information bottlene
k prin
iple, inthe agent modeling view, the joint distribution of X and Y isnot assumed a priori, but has to be 
onstru
ted from the utilityfun
tion.



underlies sensor evolution and governs its dire
tion.7The Temporal Horizon of OrganismsThe 
ommon feature of learning and memory is that theyprovide `extrasensory' meaningful information by whi
h anorganism may modulate or guide its immediate or futurebehavior. With generally smaller temporal s
ope, this alsoo

urs with moods and emotions. Remembering involvessimple or 
omplex episodi
 stru
ture, and so 
ommuni
a-tion of narrative (state-histories, memories, or stories) be-tween agents 
an provide `extrasensory' 
hannels of mean-ingful information.8 (See also Table 1). Martin Heidegger(Heidegger 1972) saw the state of man as being as situatedin the Now, being here in the imminen
e of the Futurein relation to the impinging Past. This temporal horizonseems extremely broad in humans 
ompared to other an-imals, as is eviden
ed by our emotions su
h as hope andregret, 
on
ern with planning for future a
tions and story-telling about past or imagined events. A�e
t may 
ombinewith learning to provide further 
exibility and widening ofthe temporal horizon. Extrasensory data from so
ial learn-ing and from narrative and histori
al temporal groundinghelp an organism es
ape from the present in its per
eption-a
tion 
y
le.Rea
tivity is the 
ontrol of a
tion based immediately oninformation from stimuli present in the surrounding envi-ronment with minimal use of internal state information.This works well for very simple behaviors su
h as obsta
leavoidan
e. It even appears to be of primary importan
ein living systems. But for more 
omplex behaviors a widertemporal s
ope in order to better 
ontextualize a
tions isneeded. The simplest behaviors are grounded in home-ostasis, the property of biologi
al systems to maintain keyaspe
ts of the internal milieu and intera
tion with the ex-ternal environment within narrow ranges of important pa-rameters. Here, drives realize internal informational signals(e.g. hormones), to modulate behavior. Emotions 
arryinformation that may be useful in behavior sele
tion andlearning, further freeing a biologi
al agent from the lowestlevels of blind rea
tivity. Information arising from experi-en
es dire
tly of the robot, animal or other agent itself are
alled \�rst person"; the experien
e of another is \se
ondperson" when this related to oneself; and \third person"information is information about obje
ts and events froma 
ompletely external standpoint (Nehaniv 1999b). Attri-bution of intentions and extra
ting useful information fromthe behavior of a se
ond person pro
eeds via some or allof: 0) re
ognition of the other as a potential intera
tionpartner (rather than a non-agentive obje
t); 1) the re
og-nition of another agent as similar to the �rst person part-ner; 2) relating �rst person meaningful information in thepresent (
urrent state) to the se
ond person, whi
h maymake its a
tions, displays and signals (behavior) usefullyinterpretable; 3) relating �rst person past or temporally re-moved experien
e (narrative, stories, or history) to the se
-ond, attributing to the se
ond person a histori
al ground-7NB: Y models an a
tion spa
e. This spa
e is usually mu
hsmaller than the typi
al sensor state spa
e. In prin
iple, withthe present 
on
ept of relevant information, one would expe
ta mu
h smaller sensor state spa
e. However, the present ver-sion of the 
on
ept does not yet model temporal aspe
ts ofthe per
eption-a
tion 
y
le (but 
f. the automata-theoreti
 ap-proa
h of (Nehaniv 1999a; Nehaniv & Dautenhahn 1998b)).Su
h aspe
ts will add 
omplexity into the a
tion and longerterm behavior sele
tion me
hanisms, and require the 
onsider-ation of memory and information of broader temporal s
ope inthe 
al
ulation of relevant information (see below).8We use the term \story" to refer to meaningful episodi
information, although this substantially generalizes the usual(human-
entri
) notion.

edness and biography. Some 
ases of (2) are 
alled empathi
resonan
e, and are situated in the now, while some 
asesof (3) involve a wider temporal horizon { extending fromthe past toward the now and from the imminent future to-ward the now; these 
ases are 
alled biographi
 re
onstru
-tion (Dautenhahn 1997; Nehaniv & Dautenhahn 1998a).Agents 
apable of dynami
ally re
onstru
ting the biogra-phies (histories) of the self and/or others during their lifetimes are 
alled autobiographi
 agents (Dautenhahn 1996;1998). Intera
tion and 
ommuni
ation between situatedagents often 
arries se
ond person information. So
iallearning and imitation 
an be used in the immediate tempo-ral 
ontext to a
quire behavioral 
ompeten
ies from othersto be usefully applied later (see (Dautenhahn & Nehaniv2002)). The 
ommuni
ation of experiential episodi
 infor-mation (in whatever form) 
an be viewed as a generaliza-tion of \story-telling" or narrative intelligen
e, allowing or-ganisms to bene�t from one another's temporally removedexperien
es. In the intra-agent 
ase this leads to a notionof remembering the agent's own useful experien
es, and inthe inter-agent 
ase to story-telling and bene�t from `lis-tening to' others' experien
es.A�e
t in Embodied Organisms. The reward or 
ost ofexperien
ing reinfor
ing stimuli provide a uniform dimen-sion along whi
h an embodied organism may assess theresult or desirability of a
tion. Most attempts to introdu
e`emotion-parameters' into AI systems 
an be seen as an at-tempt to solve the well-known 
ontextualization problemin AI and roboti
s, i.e. to trans
end simple rea
tivity byallowing the settings of parameters to modulate behavior,so as to respond appropriately to the given 
ontext. (Dar-win 1872) realized the importan
e of emotions and theirexpression in animals, and his lead has been followed byre
ent builders of arti�
ial systems.9 The feeling of experi-en
e (qualia) is to be distinguished from operational notionsof taxis/tropisms, drive, emotion: Taxes and tropisms are`hard-wired' approa
h or avoidan
e behaviors in responseto stimuli, e.g. turning toward light (in plants), or movingup a gradient of food (E. 
oli) or pheromone 
on
entration.The behaviors are stereotyped and not instrumentally ar-bitrary, i.e. the agent does not employ and 
annot even betrained to employ alternative strategies of behavior in re-sponse to the stimulus but rea
ts in a �xed manner. Drivesare homeostati
 and instin
tual me
hanisms of internal mo-tivational 
hange or modulators of behavior in response tointernal aspe
ts of state: hunger, thirst, sex drive, main-taining temperature and other variables within a

eptableranges while intera
ting to the environment. Reinfor
ingstimuli are those whi
h an organism will work to obtain or
ontinue (positive reinfor
ing stimuli), or will work to avoidor terminate (negative reinfor
ing stimuli). In experimen-tal psy
hology, this 
onstitutes an operational de�nitionfor the identi�
ation of stimuli as positively or negativelyreinfor
ing. Some stimuli are reinfor
ing innately, i.e. bythe design, nature, or default stru
turing of the agent, andare referred to as primary reinfor
ers. A neutral stimulusasso
iated (by Hebbian learning) with a reinfor
er be
omesa 
onditioned reinfor
er if the agent will either work to ob-tain or avoid it.Emotion and Learning. Emotions for animals 
an be de-�ned as 
hanges in state in response to reinfor
ing stimuli(Gray 1975; Rolls 1999). Sin
e the de�nition of reinfor
eris operational, so is this de�nition of emotion. We observethat this formal de�nition also makes sense for arti�
ialagents. Studies of emotion reveal that two dimensions are9Emotion systems involved in feedba
k 
ontrol of situatedagents may serve to provide the grounding for embodied agentsin the body/environment 
oupling (Ca~namero 2001; Ca~namero& Petta 2001).



extremely relevant in what is understood to be requiredfor emotion: �rst, emotions are valen
ed, they are eithergood or bad, pleasant or unpleasant; and se
ond, they havedegree (level of intensity). Sin
e emotions are 
hanges instate eli
ited by reinfor
ing stimuli, their valen
e and de-gree 
an serve as measures of the [un℄desirability of pur-suing a 
ourse of a
tion that leads to further stimuli. Inparti
ular, the 
ourse of a
tion to take for obtaining oravoiding a reinfor
ing stimulus is not en
oded in either thevalen
e or degree of the emotion, yet the agent 
an takethis valen
e and degree as a guide to suggest a 
ourse ofa
tion: to work (by unspe
i�ed a
tions) either to obtainor to avoid a stimulus. How the agent works to obtain astimulus 
an be to 
hoose to invoke more general strate-gies and behaviors generi
ally appli
able to large 
lassesof situations: e.g. approa
h, grab, 
ee, hide. In this way,stimulus and response are de-
oupled and the relations forbehavior in response to a stimulus are modi�able, dynam-i
ally learnable and re
on�gurable. The 
ommon 
urren
yof emotion 
an serve to modulate the 
ontrol of the agentand to motivate or suppress 
ertain responses in its inter-a
tion with the world. This provides a me
hanism for atwo-pro
ess theory of learning (Mowrer 1960; Gray 1975;Rolls 1999). A full implementation of two-pro
ess learn-ing in 
onstru
ted agents remains to be a
hieved. Emo-tions provide the utility information regarding di�erent re-infor
ing stimuli and 
ourses of a
tion related to them, i.e.relevan
e information whi
h might not be immediately a
-
essible to sensors. A�e
tive information is an analogueto sensory information but is pushed further \inside thebody" and 
an have broader temporal s
ope for dire
tinga
tion and for learning than dire
t sensory experien
e.Experiential Episodi
 Information. The problem of
ommuni
ating episodi
 information 
an be approa
hed bythe passing of expressions (e.g., histori
al `expanded' se-quen
es of salient events). Su
h expressions (`histories')may refer to the agent's own experien
es or the experien
esof another agent. Passing su
h an expression 
orrespondsto revealing part of one's autobiography or, more gener-ally, to telling a story. Algebrai
, but not yet information-theoreti
, methods have been applied to 
ommuni
atingexperiential episodi
 information (Nehaniv & Dautenhahn1998b; 1998a). Su
h `story-telling' is a basi
 element of re-membering and re-
onstru
tion of experien
es of one agent,and is a 
entral element in so
ial 
ommuni
ation of expe-rien
e. Giving arti�
ial so
ial agents su
h a 
apa
ity 
ouldresult in histori
ally embedded artifa
ts and 
ould help re-lease them from the lowest levels of rea
tivity.Worlds of experien
e have temporal horizons limitedin various ways: 1) rea
tive systems { nearly 
ompletelylimited to the now, respond qui
kly, with only minimalimpa
t of internal state; 2) a�e
tive systems { systemswhose drives, motivations, and emotions (as formally de-�ned above) modulate their attainment of the goals (su
has survival) and help 
ontextualize behavior; 3) learning /a�e
tive systems { systems like those of type (2) whi
h em-ploy learning (e.g. two-pro
ess learning) { of 
ourse, learn-ing without a�e
t 
an and has been added to systems oftype (1); 4) post-rea
tive temporally grounded systems a
t-ing with respe
t to a broad temporal horizon, story-tellingand remembering systems, autobiographi
 agents, systemswith various higher degrees of so
ial and narrative intel-ligen
e. See Table 2. Post-rea
tive Arti�
ial Life 
an beapproa
hed using en
oded experiential episodi
 informa-tion to 
apture the temporal nature of being. Histories,memories, and shared stories must be grounded in the in-tera
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