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Abstract. Al has many techniques and tools at its disposdlsgems to be lacking
some special “juice” needed to create a true baiig.propose that the missing
ingredients are a general theory of motivation andperational understanding of
natural language. The motivation part comes largenfour animal heritage: a
real-world agent must continually respond to exieavents rather than depend on
perfect modeling and planning. The language partthenother hand, is what
makes us human: competent participation in a socialipg requires one-shot
learning and the ability to reason about objectsastivities that are not present or
on-going. In this paper we propose an architedrself-motivation,and suggest
how a language interpreter can be built on top wthsa substrate. With the
addition of a method for recording and internalizofiglog, we sketch how this
can then be used to impart essential cultural kedgé and behaviors.
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1. What is intelligence?

In order to achieve Al it helps to know how the gmabduct will be evaluated. In
particular, we focus on “perceived intelligenceet what might count as the true
Platonic ideal of intelligence, but what propert@s external observer might take as
evidence that there is something there. In therabtworld the layered ordering shown
below is what is typically observed. There are aldy more organisms that are aware
than ones with personality (e.g. ants), and theeeamimals that are social without
having much in the way of abstraction capabilifeg. guinea pigs). Yet it is not clear
that the lower levels are an absolute prerequfsitehe higher levels. For instance,
there are many computer programs that deal inadigins but have no personality.

Criteria for Perceived Intelligence
. Animate — Coordinated movement, many degrees of freedom
. Aware — Responds and changes actions based on envirboharge
. Personality— Individuals have different likes / dislikes, faeences learned
. Social- Aware of social order, use other beings as agent

. Abstract — Conceptualize situations remote in space ané, folanning

o 00 A W N P

. Communicative— Express internal ideas and ingest situationsérigtions
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To better understand the above criteria imagindyapp them to a robot toy.
Obviously if it just sits there and does nothingsipretty boring — it has failed criterion
1. Now suppose that it can zoom around at highdspeé constantly runs smack into
things. It seems vaguely alive but not very smadlla— it has failed criterion 2. The
next step is to exhibit some sort of personal pesfees for things, activities, situations,
or people. The Roomba vacuum cleaner, createdas,dails criterion 3. By contrast,
Furby, an animatronic toy that complains about ¢dirned upside down, succeeds.
Furby also partially passes criterion 4 becauss forever badgering its owners to
“Feed me! Yummm.” and having them comply. Althowgimoying, Furby is arguably
closer to what we want in a true Al than many otheifacts (or at least it has what
most other Al programs lack).

The next two criteria seem more applicable to atsrtiean robots. There is a lot of
literature on parrots, crows, pigs, dogs, dolphinsnkeys, and chimps concerning tool
use, sequential tasks, and delayed reward scenar@$ activities requiring some
proficiency at criterion 5. By contrast, criteri@hseems largely limited to humans.
Much of this is tied to language, something aninmege been able to acquire only to a
limited extent [1]. In many ways language is abssiurequired for being human.
People do not exist as singletons: we are all para progressively more tightly
coupled “super-organism”. Language is the basistli® coupling — it allows us to
have knowledge of things our bodies have never rexpeed directly, particularly
things remote in space or time (cf. criterion 5).13¢ human is to be able to participate
in this cultural super-organism, and to do thatinexs language.

Looking to existence proofs for inspiration, whemtghing an animal that has
undergone clicker training it really feels like faeone” is there. The whole training
paradigm provides a nice mechanism for autonomaassgand learning [2]. On the
other hand, there are programs like BORIS [3] wlhitbrprets narratives and handles
natural language questions. This exhibition of diegyguage understanding is hard to
ignore. Moreover, BORIS allows its deductions tadired by instruction, something
that feels very human. To get the best of both me@gse fusing animals and humans.

2. The animal part — general purpose motivation

The animal part is largely about motivation: whynaals do what they do and when
they do it. Yet it is important to realize that imails spontaneously do things all the
time. Pets do not await a command from their owreard wild animals obviously have
no external agency calling the shots. In this whgyt are very different from

contemporary computer programs which amplify amdbetate on imperatives supplied
by their users. Moreover, although goals can beriatly generated rather than
supplied from the outside, it seems unlikely thatreals are always operating in a goal-
driven manner, except in the loosest sense. Thaiush of what animals seem to do is
routine or reflexive — there is no specific artateld goal which they are pursuing.
Ongoing activities such as foraging, grooming, amdration can not be traced back
through a logical chain of reasoning to a conciggal proposition. To mirror this

observation, the motivation system proposed hesedmly a loose coupling between
goals and actions. As shown in Figure 1, the béitke activity is controlled reactively

using situation-action policies [4, 5]. Some ofgbepolicies are active all the time,
while others can be switched in or out dependinghensituation [6]. Much of the
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Figure 1. A loosely coupled architecture for self-motivation

switching of polices is governed by a set of peesisdirectives. In this respect the
action component of the architecture is similaMiasky’s K-lines [7].

Yet where do these policies and directives commP®ne possible answer is that
we can exploit <S, E, A> triples. Here E is an @rgievent, S represents the observed
situational context, and A captures the curreniator settings. These <S, E, A> triples
are not recorded all the time, but only when sometHinteresting”. The rules
governing their formation and use are detailedwelo

S&E&A&I(E) —<S,E, A> <S,E,A> &S & I(E)— D(E)
D(E) &<S,E,A>&S— A D(E) & <S, E, A>— I(S)

There are three uses for <S, E, A> triples. Firelythan function as affordance
detectors — determining when the environment magffeging a useful opportunity to
the agent. In this case the recorded S is usedddigd the interesting additional
observation E that might already hold, or may bedd to become present through
some action. Although E was originally “interestingghen it was recorded, the
organism’s desires and needs routinely change twer. Thus each such proposed
affordance is evaluated against the current “isteremetric (). Then, if sufficiently
stimulating, a desire (D) for this event is latchirdas one of the persistent directives
that control the behavioral policies. The otheranaise for <S, E, A> triples is as part
of a policy. If the E part matches one of the cotrrdirectives then when situation S
occurs the agent will be prompted to try actionTAiples can also be used for loose
backwards chaining. If E is one of the active diress then the agent should become
interested in situation S. In this way it can seipitously learn how to accomplish
subgoals in the course of an activity (whetherairthe associated action is taken).

As an example, suppose you are walking along tbheeshf a pond and there is a
sudden splash as a frog jumps into the water. Ssockelen noises are intrinsically
interesting this would prompt the formation of iple like <pond, splash, walk-along>.
Now every time you see a pond the splash will lrught to mind. If this is still an
interesting occurrence you will latch it in as sdiniregy you desire to happen. This in
turn activates one or more policies that bias yda doing things that might lead to a
splash, such as if you see a pond you should walkgaits shore. The desire for
splashing may also activate other triples such ameé® rock, splash, drop-rock>.
Since the situation part of this is not yet fuffdl its action is not performed. Yet the set
of interesting things will be expanded temporarity include rocks, prompting
background learning about where to find rocks {figs or any other purpose).
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3. The human part — a language interpreter

The bulk of human-level intelligence is due to adpeph cultural knowledge, at least

observationally. If a person suffers amnesia angefts his family and culture, in many
ways he has been erased as the person he prewaasyhus it is essential for an Al

to have the ability to learn patterns of culturgkraction. Language is both the key for
learning this and the medium by which proficienoyculture is evidenced [8]. It is a

sort of mind-sharing “telepathy” that makes an aget of a cultural super-organism
and allows its peers to “program” it to act in e@mtways in specific situations [13].

At the bottom, language can be viewed as a geperglese scripting system that
invokes sensory/motor specific subroutines as rieedre way to become proficient in
a language is to build an interpreter that alloles agent to receive descriptions and
instructions via language then evaluate thesetsireg to operationalize the knowledge.
The starting point for this is to ground the fragit@ey acoustic utterances in sensory
and actuator experiences [9, 10]. As a prerequikiesystem must have some innate
mechanisms of parsing the world into physical disjeand temporal events. It also
needs some reflexes which will exercise all thei@ctr options and an initial good/bad
reinforcement signal as feedback. An intrinsic nsetm guide attention is also very
useful. All these abilities can be bootstrappedtiigher levels of sophistication with a
method like clicker training (i.e. operant conditiog with staging and shaping) [11].

Once a basic level of linguistic grounding has rbeehieved, learning new
concepts and tasks becomes much easier [12]. Bamnite, one can say “No, this is a
moth not a butterfly. Look at its fuzzy antenna€tiis explanation is much simpler and
faster than showing the agent tens of contrastkagmgles and having it guess which
features are relevant to the classification. Siryijdanguage can be used to directly
impart routines for accomplishing sequential taskssh as opening a jar of pickles.
Instead of letting the agent fiddle with it for iewand shouting “Hurray!” when the top
finally pops off, language allows the teacher tp ‘44old the jar in your left had, grasp
the top with your right hand, and twist hard”. fig sequence of verbal directions is
memorized and played back through the interpréteragent has essentially learned a
plan for how to do the task in one shot (perhapgbhaut ever actually performing it!).

Recording is one aspect of internalizing dialog [&]t there is more. The agent
may start out with a running stream of remembe@droentary: “Okay, the stop sign
is coming up. Slow down and watch for other carthatintersection. It the car on the
cross street arrives first he gets to go firstodiks like there is no one around, so you
can go now ..."” Yet this scaffolding can eventualydompiled out [14] until all that is
left are the relevant behavioral policies. In garr, compiling out responses can yield
internal deduction with out requiring any specialpse “declarative assertion” action
module. The agent predicts what it is going to @ag what this will sound like. It can
then get the effect of the interpreter running bat tacoustic input directly without
actually speaking out loud. That is, the middle steps below get compiled out.

(see: shaggy animab say: “It's a dog”) — (hear: “It's a dog.— represent: dog)
see: shaggy animab> represent: dog

Similarly, compiling in questions can yield behaviors for directing atenaind more
thoroughly processing input. Here a teacher-natraggjuence about identifying birds
is condensed by means of removing the dialog coepsrin the middle.



AGI-08: Conf. on Artificial General Intelligence IBM Computer Science Report RC24377

(see: bird— hear: “It's a bird!") —» (hear: “What shape is its beak®' look: at beak)
see: bird — look: at beak

4. Discussion

Our basic recipe for intelligence has three stépsst, the animal part provides a
substrate for learning an interpreter for languégcond, language in turn unlocks a
method for rapid transmission of concepts and hiehgyatterns. Third, competent

performance within such a defined culture compribeshuman part. So why not just
build a language interpreter and jettison the ahingsitage? Presumably the agent
could be trained to be properly curious, ask qoastiwhen appropriate, and initiate
further information gathering activities when neg@d@erhaps the answer is that the
animal part lets the agent fall back weak methods [15] when its programming fails.

Instead of just crashing and staring blankly ahaeatll it receives new top level

instructions, if the agent maintains the properdetirectives and interest biases it can
muddle through to some state where the more détpilegram can pick up once again.

In this paper we proposed six criteria for percédivetelligence, sketched an
architecture for the lower three, and argued tbat dne was largely a function of
language. What then of the middle two? It has lpaesited that deep social intelligence
is another hallmark of humanity [16]. Yet some ie&ing work [17] has shown how a
beginning theory-of-mind can be built on top of im&cisms like shared gaze, all
implemented in an animal-like architecture. Abstridliought, the remaining criterion,
may need some pre-existing mechanism (e.g. spatiagation) for language to latch
on to. Then again, it may be that abstract alsliliee planning can emerge as a natural
outgrowth of remembered or internalized activitt@ans (cf. opening the pickle jar).
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