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Abstract

Chemical / hormonal diffusion is the phylogenetically old-
est form of biological action selection. In this paper we ar-
gue its persistence in higher animals is a consequence of its
utility in solving problems of dithering between high-léve
goals. Chemical state underlying emotions and drives pro-
vides greater persistence more easily than the electrical a
tion potential systems underlying the fine details of action
sequencing, while also providing periodicity and transéen
not easily afforded in longer-term learning systems such as
synaptic plasticity. We argue that artificial real-time au-
tonomous systems require similar systems, and review our
own efforts and approaches to providing these.

I ntroduction

Action selection is one of the fundamental problems of in-
telligence (Prescott, Bryson, & Seth 2007). For an agent
(whether biological or artificial)action selections the on-
going problem of choosing what to do next. For a devel-
oper, action selection presents two problems — designing
the agent’s action-selection process)d determining the
level of abstraction at which the the process will operate.
A physical agent must ultimately perform precise control of
motors or muscles, but this is almost certainly not the level
at which decision making should occur.

In previous work we have described Behavior Oriented
Design (BOD) (Bryson & Thorisson 2000; Bryson & Stein
2001b; Bryson, Caulfield, & Drugowitsch 2005), a method-
ology for determining through iterative development the ap
propriate decomposition of intelligent behaviour intoetr
categories:

e modules providing set primitive behaviours, which are
coded using standard object-oriented languages,

e adaptive components of these modules, which are the
mechanism through which the artificial agents can learn,
and
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e structured dynamic plans, which arbitrate between
currently-appropriate actions, providing real-time auwti
selection where there is immediate contention for an
agent’s resources (e.g. its physical location).

While one could theoretically imagine an intelligent agent
being controlled entirely by a single system, e.g. an adap-
tive neural network or an elaborate dynamic plan, we have
both demonstrated empirically (Bryson 2000b; 2001; Part-
ington & Bryson 2005; Bronet al. 2006; Bryson & Leong
2006) and argued from the history of Al agent construction
(Bryson 2000a) that the above sort of decomposition makes
the successful construction of an agent far more probable,
and makes its code easier to maintain.

We now believe that this decomposition, while well-
supported in the Al literature, is not entirely adequate. In
recent years we have engaged in scientific modelling of non-
human primates using artificial life (Bryson & Leong 2006;
Bryson, Ando, & Lehmann 2007), and creating VR hu-
manoid avatars (Tanguy, Willis, & Bryson 2006; 2007)
and intelligent game characters (Partington & Bryson 2005;
Brom et al. 2006). This has lead us to improving our cod-
ing / description of long-term complete animal behaviour.
This improvement has required developing representations
underlying emotional and other goal-directed behaviour ex
pression.

After a brief review, we describe an established Al ontol-
ogy. We then examine problems encountered, and describe
expanding the system to solve them. These problems and
solutions may be salient for explaining the role of emotlona
expression in natural action selection, a question we visit
throughout.

Durative Statein Action-Selection Architectures

We believedurative statgin contrast to permanent or tran-
sient) has not been adequately incorporated in standard
action-selection architectures. By this we mean primarily
emotions and drives, but we will also touch on conscious-
ness towards the end of the paper.

Certainly many (if not most) current Al architectures do
address emotions and/or drives in some way. However, we
do not think that the best-practice techniques of action se-
lection have been fully integrated with an emotional sys-
tems. Some systems use emotions as relatively isolated sys-
tems, essentially social effectors for human-robot irtera



tion (Breazeal & Scassellati 1999; De Rosisal. 2003; To summarise our argument in advance, it is this. The
Velasquez & Maes 1997). Outstanding in this group is Mar- components that ordinarily account for learning and execut
cella & Gratch 2002, whose emotional system also affects ing primitive actions are equivalent to synaptic-level €on
action selection by changing their military training syste nectivity and adaptation in the brain. These change at a
basic reasoning in order to better simulate civilian reargi relatively slow pace, either through evolution (learning b

to troops. Most Al research postulating agent-centrigtwtil the species) or through development and lifelong-learning
for affect have focussed on it as a sort of reward accumulator by the agent. The components that account for the context-
Emotions serve as additional pieces of internal state to as- appropriate expression of actions — that determine action
sist in learning and applying action selection policiedIéi ordering — are analogous to the electrical action potential
1995; Gadanho 1999; Zadeh, Shouraki, & Halavati 2006; in the brain. That is, dynamic planning systems correlate
Broekens, Kosters, & Verbeek 2007). Some of this research to what cells are “firing” at any instant. This accounts for
has been inspired partly by the controversial somatic mmarke changes of behaviour on the order of tens of milliseconds.
hypothesis (Tomket al. 2002)Several elaborate architec- These two types of components are the focus of this section.

tures have been proposed but not yet constructed which pos-
tulate similar referential or marker roles for emotionas-sy
tems, but operating at a higher self-referential level {Slo
man & Croucher 1981; Norman, Ortony, & Russell 2003;
Minsky, Singh, & Sloman 2004). These latter theories are
beyond the scope of this paper, which deals with basic ac-
tion selection, not reflective reasoning.

We believe emotions and drives are absolutely integral to
action selection, determining the current focus of behavio
attention. The nearest correlates to our ideas include the
work of Morgado & Gaspar (2005), but these mechanisms
are not incorporated into a full architecture. At the other e
treme, Breazeal (2003) also treats both moods and drives as
mechanisms for maintaining homeostatic goals, and has an
extremely elaborate robotic system built around them. The
system we present here emphasises generalisation and us
ability, and is cast within a well-established Al architaet
framework: the hybrid or multi-layer architecture, which
features both modules for programmability and hierarchi-
cal plan structures for coding agent priorities or persignal
Below we describe emotions and drives incorporated into a
general-purpose, publicly-available open-source madilla
control system.

We originally believed durative state should be repre-
sented simply in behaviour modules like other variablesstat
We were wrong. We were wrong. We now believe that a sys-
tem more like spreading-activation networks is needed for
influencing some of the selection of the highest-level goals
Of course, spreading activation has been shown intractable
for the problem of action selection as a whole due to poor
scaling (Tyrrell 1994). But over a small, strictly limitedts
of options (such as a list of emotions / goals) it is a feasible
system (Shanahan 2005; Maes 1991). We describe our new
action-selection systems immediately after first desegbi
the basic components of our existing action-selection mech
anism.

Currently Conventional Components of
Systems Al Action Selection

This section gives a quick overview of a widely accepted
state-of-the-art architecture for action selection. Whié-
scribing an ontology of intelligent control in ordinary Alie
also provide an analogous ontology of well-understood nat-
ural intelligence mechanisms. This will help illustraterou
account of what is currently missing.

Action selection in nature also depends on a chemical /
hormonal systems which provides a third temporal duration
for intelligent control. Like the electrical system, theeoh-
ical control is temporary, (although both chemical and elec
trical selection can have lasting secondary impact by influ-
encing long-term learning.) However, the chemical systems
have durations measured in minutes or longer — across en-
tire episodes of behaviour. During this period they influenc
metabolic shifts, thus affecting what actions are avadabl
an agent and how they are expressed, and provide additional
context for the instantaneous/ electrical action selecis-
tem, influencing its ‘decisions’. Al equivalents of this sof
control will be described in the section after this onegdltl
Durative State.

Action

Every Al (and natural intelligence, NI) system must start
from some set of primitive affordances — control the agent’s
intelligence can access. At the most basic level this may be
seen as degrees of freedom for the agent.For both NI and Al,
generally 'intelligent’ control is exercised at a more aast
level. In NI, whatintelligence controls co-evolves and co-
develops along withowit is controlled. Skill compilation is
also a popular idea in Al (see e.g. Newell 1990) although to
date it is not often used in commercial / production-quality
systems due to issues of combinatorics and the fact that sys-
tems that learn in unregulated ways can often break them-
selves (Bryson & Hauser 2002)

One widely-utilised methodology for creating action
primitives in real-time, production-quality systems isuse
modularity. This approach was championed as behavior-
based Al by Brooks; Brooks (1986; 1991). There have been
a number of different approaches to building such mod-
ules. In BOD, the ultimate purpose of a module is to pro-
duce an action, but the module must also support any per-
ception necessary to do produce its actions(Bryson & Stein
2001b). This is in common with Brook’s behavior-based ap-
proach. However, perception and action both require mem-
ory and learning. Memory is required for calibration, cate-
gory formation, and the prior expectation gathering neces-
sary for discriminating contexts which if sampled as a snap-
shot would be perceptually ambiguous. Learning is neces-

1Although see Whiteson, Taylor, & Stone (2007) for a recent
example of a system that simultaneously learns both albistnac
and control using two different learning systems.



sary for updating memory. Thus in BOD we propose Hihat M otivation
variable memory and therefore learning should be contained
within modules as well. The purpose of memory is to facil-
itate perception or action, thus it makes sense to couple the
memory inside the modules that require the memorised state
to perceive and act.

One advantage of all learning being modular is that it is
more combinatorially tractable and therefore more likely t
succeed. Representations can be biased per required learn
ing situation, as seems to be the case in nature (Bryson &
Hauser 2002; Gallistedt al. 1991). On the other hand, the
cost of specialised learning is being context or domain spe-
cific (Carruthers 2003). As we mentioned in the introduction
to this section, this is the place in our ontology equivalent
to the fundamental hardware of neural synapse connections
and weights — both what an animadnlearn, and what it
hasso far in its life. Note thatearningin this context ac-
counts for everything from very short-term perceptual mem-
ory to long-term learning of content such as semantic con-
cepts or navigation maps (Bryson 2001).

Most intelligent systems can be most easily described (and
built) by accounting for action selection at two different
levels. The first level pertains to action selection particu
lar to individual tasks, and the second to more global mo-
tivational state. This simplifies design for Al, and appar-
ently also facilitates evolution, since we see such sepa-
rate systems throughout animal intelligence (Carlson 2000
Prescott 2007).

Most commercial Al systems (that is, ones that really
need to work) have a completely separate mechanism for de-
termining high-level goals than from executing actionsisTh
is also true of some academic Al systems (e.g. Georgeff &
Lansky 1987); however in general academics have tried to
create more elegant or uniform control systems.

In developing BOD, we called the main aggregate compo-
nents of the task hierarchy (besides simple primitives and s
quences, already mentioned) Basic Reactive Plans (Bryson
& Stein 2001a). At each flexible layer of the hierarchy is
essentially a cond, switch or case statement (depending on
Sequencing your programming language of choice). Each component

of that level and module of a plan has a set of (possibly
Although many Al researchers have attempted to use a composite, otherwise primitive) action elements which are
single, homogeneous system for the actual arbitration or ytjlised for bringing about the subgoal that component is
ordering of expressed actions (Brooks 1986; Maes 1991; pyjit to achieve. These elements are prioritised, with the
Schaal & Atkeson 1994), there is a good deal of empirical highest priority going to the consummatory action (e.g- eat
evidence that having dedicated representations for seguen ng), and the next highest priority to a step that enables the
ing actions is useful, and perhaps in some C(_)mblnatonal consummatory action (e.g. holding food), and so on (see
sense, necessary (Georgeff & Lansky 1987; Nilsson 1994; 3150 Nilsson 1994). Each elements is paired with a percep-
Laird & Rosenbloom 1996; Bonass al. 1997; Bryson tual precondition, which determines whether the action can
2000b). Most commercial Al systems use finite state ma- pe executed in the current environmental context. For ex-
chines (FSM) for this purpose. Brooks (1986) also uses ample, if the consummatory act of a plan segment is to eat
FSM at a low level and linear hierarchy at a high level to 3 poiled egg, a peeled hard-boiled egg must be present. If
help order his control, even though his “Subsumption Ar- o such peeled egg is available, a hard-boiled egg must be
~Note that the issue of dedicated sequence representa-sych a dynamic plan is both robust to unexpected action fail-
tion Is no |0nger de_bated in the NI ||terature, and has ure (dropp"‘]g an egg) and Opportunisticin exp|oiting avail
not been for some time (Lashley 1951; Glasspool 2005; gaple resources (finding cooked ones in the refrigerator).
Davelaar 2007). Again this strategy may be due to the com-  Bop yses the Parallel-rooted, Ordered, Slip-stack Hi-
binatorial constraints on finding the appropriate ordedhg  erarchical (POSH) action-selection representation for dy
actions. _ _ _ _namic planning (Bryson & McGonigle 1998; Bryson 2000b;

As mentioned earlier, we consider this aspect of action Bryson & Stein 2001b). The bulk of this system is as just de-
selection analogous to teectricalaspect of NI behaviour  scriped. However, theop level of a POSH plan hierarchy,
generation — which neurons are firimpw, what are we is a different but related construction to the basic reactiv
currently doing? “Which neurons are firing” is determined  plan, Here the elements are the global goals for the agent.

by the long-term configuration of the intelligent system posH specifies only a very few differences between this top
(which we have discussed under “Action"above) combined |eye| of the hierarchy and any of its similar lower-levelipla

with the the current environmental context (as the agent per  components.

ceives it) and by the agent’s own motivational context. The ) o ) )

external environment may vary extremely rapidly, and thus ® The top level is revisited at every action selection cycle
demands rapid action control as well as perception. How-  (many times a second). This is not true of the rest of the

ever, successful execution of complex goals (includindflig hierarchy or there would be no focus, no concept of atten-
from predators or reproductive acts) often requires greate  tion, and the benefits of hierarchy would be lost. On every
persistence than is easily provided by reactive actiorcsele ~ Plan cycle,only the top elements and the current plan el-

tion. This is provided by the motivation or global attention ements are visited.This mechanism entails an interesting
of the system, which we discuss next. assumption about the sorts of things that should be con-

sidered high-level goals — they are the sorts of things that
2|n fact, variable state (as in OOD) serves as the basis of be-  you need to be able to switch your attention to even at the
haviour decomposition in BOD. (Bryson 2001). cost of disrupting your progress on another task.



e The top level has a third sort of precondition available
(besides priority and perceptual context): frequency ef ex
pression. This allows coding behaviours that are very im-
portant but should not completely monopolise the agent’s
time. For example, looking around to check for predators

or updating your beliefs about nearby obstacles based on
your sonar sensing. These can be placed at a high priority

but a low frequency, so that other lower-priority but useful
goals can be pursued.

talk [1/120 Hz]

(worth talking T)

bump (bumped ‘ yelp regbump backoff clearbump losedirection
)

halt  (hasdirectionT)

(moveview 'blocked)
pick_opendir

‘ move narrow (moveview 'clear) correctdir

sense (C) [7 Hz]
look

life (D)

walk (C) start (hasdirection 1)
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Figure 1: lllustrating the use of frequency-dependent top-
level goals — A POSH dynamic plan for keeping a robot
moving in a crowded environment. The robot only talks if
it is running short on battery — an important but rare and
gradual eventcompoundsensereports fused sonar, IR and

wait

bump sensor history input; the fusion occurs in a behaviour

module. From Bryson & McGonigle (1998).

This system worked reasonably well on mobile robots
(see Figure ) and real-time games (Partington & Bryson
2005), and very well in discrete-time artificial life simula
tions (Bryson 2000b). However, scheduling via frequencies
of action-selection attention is difficult, particularigrfany
action element more complex than a single primitive act.

Also, these two systems are not really sufficient to account

for a full range of life-long agent behaviour, where agents
oscillate over the day between pursuit of widely divergent
goals (Dunbar 1997). We now turn to describing our more
recent work extending and improving this system.

Durative State
As we introduced at the beginning of the last section, action

selection in nature always includes a chemical / hormonal

component, which provides additional action-selectiom-co
text, presumably for reducing dithering and focusing atten
tion while an episode of behaviour is completed. In biologi-
cal agents, this chemical internal context is controlléldegi

by dedicated organs (such as the adrenal gland) or as part of

broader metabolic processes, such as digestion or ovulatio
Some such “neurotransmitter” controls for excitation and i
hibition actually predate neurons phylogenetically (€anl
2000). As such, this area which is broadly (though not en-
tirely) neglected in Al may be the most essential form of NI
action selection.

Drives

Drives (like hunger and procreation) are obviously ceritral
intelligent control. Our original idea was: Since drive<flu

Navigate Groom Explore
state | x, y, size, name| drive-level, partner drive-level
focus-of-attn | groomed-when, being-groomed? direction-of-interest
actions approach groom, choose-partner choose-new-locatior]
wait, align partner-chosen? lose-target, explore
untangle tolerate, notify want-novel-loc?
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Figure 2: Plan using drive levels to force slow behaviour os-
cillations. Time between bouts of grooming and wandering
determined by tuning of thresholds, amount of consumma-
tion from actions and the rate the drive increases over time
when unattended (Bryson 2003).

should be represented as an action-generating behaviour
module. We have had some success with this approach
(Bryson 2003). We created a dedicated VariableDrive sub-

class of the behaviour modules, with these attributes:

e alevel For drives, this increases gradually with time,
while consummatory actions can reduce it. Emotions are
the inverse — the passage of time gradually reduces the
level, while perceptual events can increase it dramagicall
These are sufficiently similar that in all probability one Al
representation can suit both needs, but in 2003 we focus
on drives.

e alatch. A latch consists of two thresholds and a single bit
(true-false) of information. The first threshold deternsine
when the level of a drive has reached a level such that, if
the agent had not been currently influenced by the drive,
it now will be; while the second threshold represents the
point at which the drive will stop influencing behaviour
if it previously had been. The bit simply records whether
the drive’s behaviour is active when the level is between
the two thresholds. Without latching an intelligent agent
will suffer from dithering — a lack of persistence that re-
sults from trivially satisfying a need (e.g. eating) the #ma
amount required to make some other need (e.g. drinking)
seem more important.

We use these special drive modules to provide context
for our top-level global-attention-selecting POSH compo-
nent described earlier. Thus if the hunger module says it is
hungry, the agent will eat, unless some other higher-gyiori

tuate in level, they are variable state, and as such under BOD element is triggered (e.g. fleeing from predators). Figure 2



shows a plan that, coupled with drives from “grooming” and
“wandering” (foraging) lead simulated monkeys to alteenat
smoothly between social and individual behaviour.

Emotions

As we said earlier, from a control-theoretic standpointpem
tions are similar to drives. Each has a characteristic set of
primitive actions or perceptions which affect its leveldan

set of behaviours that tend to be expressed when the level
reaches a critical threshold. Also, the passage of time af-
fects the levels as well, although here emotions are tylgical
the inverse of drives. Drives typically build gradually inu
gency (although some are facilitated by perceptual stimuli
e.g. the presence of a courting male) and are placated rela-
tively quickly by consummatory actions (e.g. eating). Emo-
tions are triggered relatively quickly by perceptual egent
(including proprioceptive ones), and decay gradually over
time, although here again the gradual dissipation can be fa-
cilitated by new information / perceptual events.

Emotions are also relatively easy to observe, and humans
are biologically tuned to be good at observing them, be-
cause they tend to be displayed on the face. The problem
of making photo-realistic talking-head avatars motivaisd
to examine more closely the problem of accurately repre-
senting emotional state. This work was done relativady
hoc(though inspired by psychological research), and as such
does not represent scientific evidence, but it does give us a
better feel for some of the apparent problems and depen-
dencies for building biologically accurate emotions sgste
This in turn will lead us back to a discussion of drives and
action selection.

Tanguy (2006) proposes an architecture where durative
state (e.g. emotions and moods) is stored in a series of mod-
ules. Each module includes thrdenensionsone each for
governing the onset, sustain and decay shapes of thatentity
state dynamics. These modules receive their input through
a set of dynamic filters, which are themselves influenced by
both that and other modules’ current state. Raw input to
the system comes from briefotional impulsewhich are
tagged by an appraisal mechanism to indicate the type of
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Figure 3: Changes of emotional states at three different du-
rations (expressed behaviour, classical emotion and mood)

events the agent has just experienced. These influence theThe same six perceived events have very different conse-

agent’s reaction, through the combined basis of a hardewire

quences to the system depending on its prior state. Gephs

network (e.g. angry events increase anger and decrease hapb andc show state changes in the contextslefjative Mood
piness) and the dynamic filtering (the angry event's hawe les  Neutral Moodand Positive Mood respectively. Grapt

impact of the agent's mood is good. The mood is altered
negatively if the emotions change rapidly.) This resultain
system whereby the same set of events can have very differ-
ent impact on an agent's emotional state, givempiresious
emotional state (see Figure 3).

This systems is significantly more complicated than most
Al emotion systems, involving a good deal of hand coding
for the different emotions. Tanguy generated a large vari-
ety of facial expressions by allowing compatible emotians t
be active simultaneously and give mixed facial expression,
including intentional (or “fake”) emotional gestures oagr
ing real emotional state. Thisis in contrast to winner-take
emotion systems typically used for agent control (Breazeal
2003). Biological evidence indicates that each emotion / be
haviour system of intelligent control evolved more-orsles

shows the time course and strength of the emotionally-
salient events (Tanguy, Willis, & Bryson 2007).

independently (LeDoux 1996), and presumably also have a
wide variety of interacting excitation and inhibition sgsts.
This implies a high level of heterogeneity which may make
close replication of human-like systems necessarily messy
Overall, Tanguy’s system is useful for generating believ-
able and varied behaviour from a limited set of recognisable
external events and of internal interaction scripts. This c
be useful for situations such as games, FAQ-bots and per-
sonal digital assistants, where for technical reasonsghef s
available programmed behaviours maybe limited, but some
variation in the expression of these behaviours can be in-



troduced unwittingly by the users themselves, by genagatin
varied sequences of interactions and thus varied emotional
states in the avatars. However, the complexity of the sys-
tem makes it impractical for some situations e.g. rapid pro-
totyping and results analysis. Consequently we have not so
far introduced its full form into our scientific simulations
However, the practice of creating limited forms of mutual
inhibition between some emotions (and not others) lead us
to a proposed solution for a problem with our latched drive
mechanism, which we describe next.

Beyond L atches. Consciousness?

A problem with the latching system described earlier
emerged as we began making more complex primate social
simulations. As mentioned earlier, once a drive has passed
the threshold required for it to begin influencing behavjour
it continues to do so until either a higher-priority actyvii-
terrupts, or another threshold indicating satiation haanbe
reached. However, sometimes a dynamic external environ-
ment intervenes in a way that causeserternalinterrup-
tion. Return to our boiled egg example. If an agent is eating
boiled eggs until satiated, and then runs out of eggs when it
is not quite fully satiated, would it really start boiling meo
eggs? In our primate simulation, a monkey that had not quite
satisfied itself with grooming might pursue another groom-
ing partner for five minutes, only to satiate after just five
seconds of further grooming.

Our suggestion is that when an agent is reliably engaged
in an activity consummatory to its goal (or, indeed, is fajli
to engage in a consummatory action for some length of time)
it may essentially reset it's lock status and “reconsides” i
current top level drive. Such a system still escapes dither-
ing, but also provides a more efficient pursuit of goals —
a heuristic mechanism for sensing when expectations have
been violated and it is sufficiently likely that a goal may no
longer be worth pursuing to justify reassessment. The cost
is only adding mechanisms for recognising external inter-
ruption, reassessing priorities after interruption is $hene
as initial assessment. Our early results indicate a massive
increase in over-all efficiency when the agents abandon suf-
ficiently satisfied goals in the face of interruption (see-Fig
ure 4).

Interestingly, at least two established models of con-
sciousness are similar to our new model of flexibly-latched
drives. Norman & Shallice (1986) describe consciousness
as a higher-cost attentional system which is brought on
line whenever the more basic, reliable, low-cost action-
sequencing mechanism is unable to proceed. More recently,
Shanahan (2005) proposes a model of mutually-inhibiting
motives in a global workspace. We do not agree with Shana-
han that such models can account for all of action selection
(see e.g. the Tyrrell 1994 critique of Maes 1991). How-
ever, his model is similar to what we propose here for
arbitration between certain types of high-level tasks. Of
course, a simple system of eliciting drive levels and (pos-
sibly) weighing them against expected costs does not ex-

3“The real world” isn’t quite the right phrase for virtual ags,
but the concept is similar.
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Figure 4: Performance of three action-selection systems
measured in terms of the number of time steps allocated
to low-level priorities. This measure indicates the oJeral
efficiency with which higher level goals are met while the
agents’ basic needs are satisfied sufficiently for it to stay
“alive”. Latching is always more efficient than dithering,
but in the case of external interruptions strict latchingigs
nificantly less so. Flexibility in reassigning latched @sdv
after an interruption ameliorates this problem (Rohlfgrag

& Bryson 2008).

plain all the phenomena ordinarily associated with the term
consciousness That term is a repository of aggregated
folk-psychological theories for aspects of behaviour rang
ing from perceptual experience through self-concept and
on to the soul (Hobson, Pace-Schott, & Stickgold 2000;
Dennett 2001). We note only in passing a possible similarity
in functional outcome between these systems.

Returning to POSH, flexible latching requires that some
sets of elements in the top-level of the drive hierarchy &hou
share the same priority level, and determine control more or
less “between themselves” if action selection passes to tha
priority level. This determination is made on the bases of
need as modelled by internal variables, analogous to the hor
monal signalling provided by NI drive and emotion systems.
Notice that drives should not be mistaken for chemical sig-
nals of true starvation or somesuch. Rather, they represent
periodic shifts in motivation intended to guarantee that th
system as a whole stays well within a safe operating condi-
tions and is able to pursue ancillary, non-safety-critigzslls
such as procreation (Rohlfshagen & Bryson 2008). We have
successfully implemented and evaluated a basic version of
this system (see Figure 4). We are now evaluating its usabil-
ity in the context of modelling individual primate social-be
haviours such as coalition formation, behaviour assotiate
with emotions as well as drives.

Conclusions

In this paper we have argued that emotions and other du-
rative states such as drives, mood and possibly conscious
attention represent a fundamental component of biological
action selection — an intervening representation coritgl|
behaviour for durations shorter than memory but longer than



the current instant's reaction. We have described an ontol-
ogy of action selection which we have previously shown to
be wide-spread in use. Here we focussed mostly on the on-
tology’s expression in own research tools for supporting Al
systems developmehiwe then described a series of exten-
sions to that ontology, all motivated by a need to improve
arbitration between high-level goals while maintaininglre
time performance of the system in ordinary action selection
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