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Abstract

[Abstract is now out of date. Needs to be rewritten. The new version of this paper includes
a new (partial?) taxonomy of types of function of vision, showing that different forms of
representation and different mechanisms are involved.]

Clearly we can solve problems by thinking about them. Sometimes we have the impression
that in doing so we use words, at other times diagrams or images. Often it feels as if we use
both. Sometimes we have no idea what we are doing. What is going on when we use mental
diagrams or images? This question is addressed in relation to the more general multi-pronged
question: what are representations, what are they for, how many different types are there, in
how many different ways can they be used, and what differencedoes it make whether they are
in the mind or on paper? The question is related to deep problems about how vision and spatial
manipulation work. We are far from understanding what is going on. In consequence of our not
understanding this we cannot design user interfaces that understand their displays in the same
way as human users do. In particular we need to explain how people (and some other animals)
understand spatial structure and motion, and how we can think about objects in terms of a basic
topological structure with more or less additional metrical information. I shall try to explain
why modelling human visual perception is a problem with hidden depths, since we do not really
know what all the functions of vision are, and in some cases even when we have labels (e.g.
Gibson’s notion of “perception of affordances” ) it can be hard to explain what they mean.
I shall suggest that our grasp of spatial structure and affordances inherently includes a grasp
of a complex range of possibilities and their implications (counterfactual conditionals), many
of them indexed by locations in a scene or parts of seen objects, and also by possible goals.
Different sorts of examples need to be analysed in great depth in order to identify requirements
for human visualisation capabilities. Some involve 2-D structures and processes, some 3-D.
Some involve continuous structures and processes, others discrete ones, and some both. Some
involve finite structures or sequences, others infinite ones. It is all far beyond the current state
of the art in machine vision. However, it should be possible to make progress by analysing the
problems carefully and choosing designs accordingly.



[CHANGES: 29 Nov 2005: I have not made any changes to this paper for over a year. How-
ever, I have been thinking and working on the problems, and, partly as a result of working on
the CoSy project (referred to in Section 2.2) I now see vision(and more generally perception)
as primarily concerned with perceiving and understandingprocesses as opposed tostructures.
Some of the implications of this ‘gestalt-switch’ are presented in two PDF slide presentations
which partly overlap with this paper:

http://www.cs.bham.ac.uk/research/projects/cosy/papers/#pr0505
A (Possibly) New Theory of Vision

http://www.cs.bham.ac.uk/research/projects/cosy/papers/#pr0506
Two views of child as scientist: Humean and Kantian

That work arose in the context of work on requirements for representation in the CoSy robot
scenarios, available here

http://www.cognitivesystems.org/files/dr-02-01-rev1.pdf
http://www.cs.bham.ac.uk/research/projects/cosy/papers/index.php#tr0507

21 Oct 2004: Slightly expanded ‘Continuousvs enduring’ section 3.4, with comment on dis-
crete sampling of continuous motion or surfaces. Moved point about virtual machine func-
tionalism to footnote.
27 Sep 2004: added a couple of paragraphs at end of ‘prologue’. (Section 1). Added section
‘Continuous vs enduring’ section 3.4
26 Sep 2004: reduced top margin to avoid problem of loss of text at bottom in PDF version
reported by John Knapman.
19 Sep 2004: Add comment about identifying functions between logically prior to identifying
mechanisms, in 3. Expanded 3.8.2 on ‘episodic’ memory. Included more on the differences
between continuous and discrete information structures, showing how this is orthogonal to
the distinction between implicit and explicit information.
12 Sep 2004: added the section on pre-cursors of episodic memory (section 3.8.2) and the dis-
tinction between ‘perceiver-centred’ and ‘vicarious’ perception of affordances (section 3.15).
]
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1 Prologue

This paper was started in response to an invitation in 2002 tocontribute to a new journal on
diagrams, originally due out in 2003. It was going to be a paper on how our ability to see and use
diagrams was related to our ability to perceive affordances. As I worked on the paper I gradually
became aware of more and more gaps and deficiencies in my analysis (including work on vision
previously published in chapter 9 of Sloman (1978)1 Sloman (1989), and Sloman (2001b), and
work on representation previously published in Sloman (1971) and several sequels to that paper).

The need for a deeper richer theory, combined with the pressure of other work, caused repeated
delays in completion. Even now it is not complete. Perhaps itnever will be.

This draft is made available on the web as an invitation to others to contribute to the conceptual
clarification and design work that needs to be done. One of themain changes in my thinking about
the paper came from a realisation that many of the points could be made clearly and effectively
only in the context of a fairly comprehensive taxonomy offunctionsof vision, not only in humans
or human-like robots, but in all varieties of animals and machines. In part that is because most of
those functions, including evolutionarily very old functions shared by far less sophisticated animals,
remain among the diverse functions of human vision. Thus even the most ‘sophisticated’ seers
still use very primitive visual mechanisms operating in parallel with and sharing sub-mechanisms
(e.g. retinal cells) with advanced human visual processes,such as reading text or musical scores,
understanding diagrams, seeing how a machine works and seeing someone looking disappointed.
Moreover, these differences in visual function are also related to differences in ways in which
information is encoded and used, i.e. to differences in forms of representation.

Some of the differences in function are so great that some researchers prefer to drop the word
‘representation’ for some cases: but that just leads to silly semantic debates about what the word
‘representation’ means, diverting attention from the deepscientific and engineering issues about the
variety of ways in which information can be stored, transmitted, analysed, transformed, searched,
interpreted and used. That’s like arguing over whether an isotope of carbon should be called
‘carbon’ instead of getting on with understanding the periodic table of the elements.

So instead of arguing about what is and is not a representation we should collaborate in the
analysis of varieties of types of representation, and theirfunctions. When we understand that variety
properly we shall see that some debates, e.g. between those who favour symbolic and those who
favour sub-symbolic mechanisms miss the point that both areneeded in some organisms and robots.
Likewise debates about the role of embodiment and about dynamical systems vs computational
systems are pointless because both sides ignore some of the variety of phenomena that we need to
understand.

Perhaps unification of a diverse research community is too much to hope for, but it could be a
side-effect of what follows.

2 Why is Human-Machine Symmetry so far off?

Currently there is glaring asymmetry between computers andhumans even when they interact using
some structure that the computer in some sense ‘understands’, e.g. a form or a mouse-driven

1Now available online at http://www.cs.bham.ac.uk/research/cogaff/crp/chap9.html
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interface, or certain classes of graphical tools.

For example, when computers display forms for a human to fill in there may be instructions
or questions on the form which the human understands but the computer does not, and the human
can provide answers that the computer does not understand, though it may be able to manipulate
them and store them in a form that can be processed by the computer and then present new derived
information in a form that is understood by a human but not thecomputer. The computer may
even be able to perform statistical analyses of large numbers of responses, yet have no idea what
statistical methods do, or what the results mean, even when they have been transformed, by the
computer itself, into a graphical representation that humans find very useful.

More generally, computers may be able to do syntactic manipulations of verbal and other
structures, where the manipulations are meaningful to us though the computer has no understanding
of their import because it lacks a semantic interpretation of the structures.

I am not following Searle (1980), and many others, in claiming that machines, or computer-
based machines, canneverunderstand things as humans do, a claim that is often driven more
by wishful thinking than by argument.2 I am merely stating the obvious: so far non-biological
machines do not understand sentences and pictures as humansdo, though it is important to notice
that even if they do not interpret the structures they are manipulating as we do they must (as
pointed out in Sloman (1985)) havesomeunderstanding of those structures in order to be able
to manipulate, transform, compare, combine, store, and search for them. However, by analysing in
depth what is missing we may be able to move closer to adequatedesigns for machines that share
our understanding. This will also help us understand what the capabilities of humans are, and how
they can be explained, continuing a project outlined in Sloman (1985, 1987).

2.1 Is natural language understanding easier?

To some extent, advances in AI research on natural language understanding may reduce the lack of
symmetry when the interface is entirely linguistic, thoughthere are still formidable problems, since
understanding linguistic communications generally requires deep domain knowledge (as pointed
out half a century ago by Bar-Hillel). A child cannot understand ‘John went to Mary’s party’
without using a great deal of knowledge about space, time, motion, what human beings are, what
parties are, what they are for, who John is and who Mary is. Both may be either real individuals or
story characters. Understanding the last case includes understanding why the real John who lives
next door cannot go to the party in the story. These are all hard problems for AI – and psychology.

Nevertheless there are many people working on use of naturallanguage by machines, and it is
likely that useful natural language interfaces can be developed relating to limited domains where
the computer has quite a lot of information about that domain, e.g. diagnosis and treatment of
a particular class of diseases or fault diagnosis in a fairlysimple machine, just as we can produce
machines that play chess at least as well as most humans. It may be possible for the computer to get
by in restricted contexts with partial understanding of what it is talking about, like a human clerk
who can help someone by looking up and reporting or changing the contents of books, diagrams,
tables, etc. without really understanding much about the subject matter. In such cases it is not hard
to probe a little and find that the understanding between human and machine, or between employer

2Bar-Hillel’s famous paper on the impossibility of fully automatic machine translation makes a more focused claim
(Bar-Hillel, 1964).

6



and clerk is not symmetric. Asking the clerk, or the machine,a slightly unusual question (‘Did any
other disease respond to our proposed treatment?’) may produce incomprehension even though
the answer is readily accessible in the pages recently examined. Many will argue that, despite
sharing such limitations with a machine, the human assistant, unlike any machine we currently
know how to design, has a full understanding of many aspects of the communication, going far
beyond ‘mechanical’ following of a complex collection of rules.

It is sometimes thought that by embedding linguistic mechanisms in the context of a ‘complete’
machine with the ability to perceive and act on the world we can replicate such understanding
(the frequently re-invented ‘systems’ reply discussed andcriticised by Searle in his 1980 paper).
However, there are indefinitely many ways of producing any behaviourally specified competence,
no matter how many varieties of input and output the system has, and many of them will not
provide human-like understanding no matter how convincingand human-like their externally
visible behaviour. How the behaviour is produced is also important – and that depends on the
information-processing architecture.3

This paper explores some of the requirements for such an architecture in the context of visual
understanding, but the implications are more general. For example, we shall see that using vision
to perceive affordances involves the ability to use information about what does not exist but might
exist. This is related to the ability to understand descriptions of what exists but is not perceived,
statements about the past, statements about the future, andfictional stories that are not about the
past, the unseen present, or the future (Dennett, 1987). However, we shall see that there are simpler
forms of understanding, shared with many other organisms, which do not require such architectures,
some of which use only implicit representations.

2.2 Obstacles to visual understanding

Many deep difficulties stand in the way of achieving symmetric human-machine communication
based on diagrams, images, or a shared visual viewpoint in space. A similar lack of symmetry can
occur between an adult and a child looking at the same physical objects, as illustrated below in
Section 8.3

In order both to explain some of the limits common to current AI vision systems and
psychological theories about the nature of vision, and to suggest directions for future work, this
paper presents an analysis of types of things that can be seenby different sorts of organisms. This
amounts to an (incomplete, first draft) analysis of functional requirements for human vision, which
overlaps with requirements for many other organisms, and future robots. The analysis is guided by
design considerations, referring not just to differences in content of what is perceived, or differences
in physical environments, but also differences between theforms of representation required and the
mechanisms required for different visual tasks or sub-tasks.

In part the aim is to provide a framework which shows that somedisputes concerning how
to model or explain visual capabilities arise out of the factthat different researchers focus on
mechanisms required for different sub-functions of vision. So some disagreements, for instance
disagreements as to whether vision should use distributed representations in neural nets or
hierarchically structured symbolic descriptions, are pseudo-disagreements, since the proponents
are arguing at cross-purposes. They are all right about whatmay be needed for some visual

3See Sloman (1992)
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subtasks, and all wrong about what suffices for all visual processing. This is closely related to the
discussion of ontological blindness in Sloman and Chrisley(2004), which describes how scientists
and engineers may be ‘blind’ to some aspects of the things they study through use of inadequate
ontologies.

Unfortunately, our understanding of the nature of normal adult human vision is still very limited
and as a result we do not even know what the requirements are for a machine that shares our visual
capabilities. I have previously tried to identify some of the problems in Sloman (1978)[chapter
9], Sloman (1989) and Sloman (2001b) but the problems are deeper than those papers indicate.
I shall try to explain why that is so by analysing a variety of requirements for human-like visual
perception (some but not all shared with other animals) along with some tentative partial proposals
for mechanisms that can fulfil those requirements. I shall attempt to draw out features of vision that
are ignored or unnoticed by most vision researchers, especially vision that involves acquisition of
explicit, reusable information about certain subtle aspects of the environment often referred to as
‘affordances’, following Gibson, though I have no idea whether Gibson ever thought about some of
the types of affordance presented below, or whether he wouldaccept what is said about them here.

In order to explain what this means I shall contrast seeing affordances with other types of
vision requiring different mechanisms and different formsof representation. In addition,seeing
affordances can be contrasted withinferring affordances from what is seen. That distinction can
be contrasted with a distinction betweenimplicit andexplicit perception of affordances, where the
latter requires mechanisms and forms of representation notrequired for the former.

Section 3 presents a taxonomy of types of functions of visiondistinguished according to
the forms of representation required, as summarised in Figure 1. Later sections will elaborate
on a subset of the categories, especially the explicit perception of affordances, and will discuss
additional categories. No claim is made about completeness. I expect we shall still be learning
surprising things about vision for decades to come. Some of the gaps will be revealed by attempting
to design working robots that combine all the varieties of function described here.4

3 Varieties of vision

Psychologists and neuroscientists have begun to identify different sorts of visual pathways in brains,
e.g. Goodale and Milner (1992). There is, however, a logically prior task of identifying different
functionsof vision on the basis of which we can interpret evidence about neural mechanisms.5

A rather shallow attempt to do that is the well known suggestion that some visual pathways are
concerned with ‘what’ (i.e. object identification) others with ‘where’ (i.e. object location). In this

4A subset will be attempted in the multi-site EU-funded CoSy project, due to start in September 2004, described
here http://www.cs.bham.ac.uk/research/projects/cosy/.

5It is logically prior in the sense that unless the current ontology used by researchers includes a visual functionVF
they will not be able to ask whether a particular neural mechanism does or does not contribute to functionVF and
they may even ignore some mechanisms because they clearly donot serve any of the currently identified functions.
However, it need not betemporallyprior: investigation of physiological mechanisms can leadto indications that some
visual function has not been identified yet, or that what was previously regarded as a unitary function may actually
involve two separate functions. For instance, seeing the spatial relation between a slit and a card held in the hand may
appear to be one task. However, either task analysis or investigation of brain mechanisms can reveal that seeing the
relation as part of the process of a feedback loop guiding insertion of the card into the slot is a quite different function
from being able to inform someone else how the orientations differ, or being able to plan in advance the rotation
required to make the card fit into the slot – as explained below.
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paper I attempt to dig deeper into the variety of functions tobe expected in sophisticated visual
systems, especially human-like visual systems, building on earlier work in Sloman (1989), inspired
by Gibson (1986)). This section presents a high level overview of some of the variety, summarised
below in Figure 1. Later sections present more detailed analysis of some of the more complex
functions, for instance those that involve perception of structure or perception of affordances, or
perception of multiple affordances attached to various parts of complex structures.

3.1 Explicit and implicit information – and other distincti ons

We start by distinguishing transient visual information used only implicitly in controlling actions
from more enduring informationexplicitly represented in a form that can, in principle, be used
for more than one purpose and can, in principle, survive boththe sensory stimuli producing the
information and the immediately triggered responses. Thiswill be used as a basis for distinguishing
implicit and explicit visual perception of affordances. Debates about which type is needed by an
intelligent (or human-like) system are pointless if both are needed, for different reasons. We also
introduce a variety of further sub-divisions corresponding to the acquisition of different kinds of
information, or different ways of using visual information. Not all organisms, or robots, will have
all varieties.

Processes producing the explicit visual information can befurther subdivided into (a)
associativeor indirect perception, where the information gained depends on inferences using
previously learned generalisations linking different phenomena and (b) moredirect perception,
e.g., where the explicit information acquired in vision is directly caused by and structurally related
to what the information refers to. For instance, seeing a tree swaying in strong winds uses direct
perception whereas seeing that there has been a storm by seeing its after-effects, or by reading a
report about it, uses indirect, associative perception.

Within associative perception we can distinguish cases where the inferences make use of
general-purposereasoning mechanisms that can combine stored generalizations with new sensory
information to derive consequences, from cases wherespecial-purposevisual mechanisms,
produced by design, evolution, or training, react very rapidly to particular sorts of perceptual inputs
by generating interpretations.

The former (cases of associative perception using general-purpose reasoning mechanisms) are
not regarded as visual processes (even though we often describe them by saying things like ‘I now
see that the window must have been broken’.

The latter (cases of more direct associations detected by mechanisms specific to analysing and
interpreting the contents of the optic array) can be described as ‘visual’ because they are dedicated
to the analysis and interpretation of visual input and may form intermediate stages in some of the
more complex uses of vision.

Associative perception is in some ways analogous to implicit perception, except that in the
implicit case perceptual stimuli trigger particular actions (which may be external or internal),
whereas in the case of special-purpose associative perception what is triggered is creation of some
explicit information structure that can be used in different ways for different subsequent purposes,
e.g. seeing different larger wholes containing the detected feature. E.g. a vertical line in the scene
may be seen as an occluding edge of an object or as the edge at which two visible faces meet, or as
a crack in a surface, depending on the rest of the visual input; and something can be recognised as
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an eye or a tooth, and then subsequently seen as part of a tiger, or some other animal, depending on
the visual context. (Experts may be able to discriminate thewhole animal on the basis of smaller
parts than non-experts.)

Like the implicit perception in reactive mechanisms, the special-purpose associative
mechanisms may be either innate (or pre-designed in machines) or produced by training (e.g. skills
based on ‘over-learning’). Many athletic skills use highly-trained implicit perception, whereas
learning to read, or understand speech, fluently involves explicit perception, because whatever is
read or understood can be used for different subsequent purposes by different sub-systems.

3.2 Structure vs Affordances

Within the sub-category of explicit direct (non-associative) perception we shall distinguish
perception of structureandperception of affordances. The former is concerned with whatexists,
the latter with what is and is notpossible, i.e. which actions could or could not exist in the
perceived situation. (Compare the discussion of ‘actual possibilities’ in Sloman (1996a).) However,
perception of affordances often intimately combines associative and direct perception, as will be
explained below.

As argued in Sloman (1989) the low-level feature detectors that record various kinds of edge-
features, optical flow patterns, texture, colours, specularity, etc. can be seen as examples of
special-purpose associative mechanisms, since theyinfer new kinds of information from sensory
information, though they do not use general-purpose inference methods and they do not use explicit
generalisations as premises: instead the generalisationsare ‘compiled into’ the mechanisms, often
by evolution, though they may be trainable or tunable in adaptive sensor systems.

3.3 Discretevs continuousvs fuzzy

Among the other distinctions that will be seen to be important is the distinction between
‘discretized’ and non-discretized information. For example, a visual feedback control system that
continuously registers the relation between an object and the hand that is moving to grasp the object
will have (to a first approximation, ignoring discrete detection of photons) acontinuouslyvarying
information state. In contrast when a visual system categorises something as either (a) within
reach, (b) reachable if the body moves, or (c) totally out of reach, it is usingdiscretizedinformation
because information is ‘chunked’ into distinct categoriesthat may be the basis of quite different
actions. Discretization is essential for learning associations that can be used in multi-step planning
and reasoning processes, as explained in Sloman et al. (2004).

As Zadeh and others have pointed out (Zadeh, 2001), discretecategories need not be sharply
distinguished – he refers to ‘fuzzy granularity’. Chunked information structures, whether fuzzy or
not, lend themselves to recursive composition of structures to express more and more complex
contents. In contrast continuous information values are, at present, more often treated as
components of fixed dimensional arrays or vectors – a form of information composition with which
many mathematicians and engineers are comfortable.

Whether implicit information structures are continuous ordiscrete will depend on whether
the dynamical systems in which they occur change only continuously or have separate attractors
between which the system can switch. Explicit information structures may also be continuously
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variable, for instance measures of degree of hunger or thirst that are accessible by several
mechanisms and used for different purposes (Scheutz and Schermerhorn, 2002). Most symbolic
AI systems making use of explicit information structures use discrete structures, but there is no
reason why they should not also use continuously varying information structures, for instance if a
symbolic rule uses the value of some continuously varying state to check a condition.

It is sometimes thought that a crucial difference between linguistic and pictorial (or analogical)
forms of representation is that the former are discrete and the latter continuous. This is clearly
not the case, as pointed out in Sloman (1971), since for instance a discrete sequence of names or
descriptions can analogically represent an ordered set of objects or events, and moreover a discrete
structure such as a circuit diagram, where only the topology, not the metrical relationships are
important, is typically an analogical representation of a circuit.

3.4 Continuousvs enduring

Proponents of embodied cognition, or of the dynamical systems approach to mind
[REFS: e.g. Special issue on Situated and Embodied Cognition, Editor Tom Ziemke,
Cognitive Systems Research, 3,3 Dec 2002, http://www.elsevier.com/locate/cogsys ]
point out that many human activities depend on the fact that behaviour is not simply controlled
by central decision-making brain mechanisms, but often involves closed causal loops in which
continuously changing states of the body, objects in the environment, sensors, central brain
mechanisms, and motor subsystems interact. A child standing on a swing and making it gradually
swing faster is using a host of subtle feedback loops both to control balance and to control the
timing, direction and magnitude of forces exerted on the seat, on the child’s torso (e.g. when knees
are straightened) on the ropes, etc. Anyone who has learnt toplay the violin finds that getting a
good tone while playing a single soft note requires months oryears of teacher-guided practice to
coordinate sensors in fingers, arm and ear, control of pressure on the bow, the direction of motion
of the bow, the angle at which the bow is held, the detailed movements of upper and lower arm,
etc. Similar kinds of tight integration between brain, bodyand environment are involved in the
diving and swooping of insect-catching birds, the rapid movements of a squirrel or monkey along
and between flexible branches in trees, and many kinds of highly skilled operation of complex
machines from scythes to jet fighters.

All of that is true and important and certainly needs to be understood by researchers who hope
to explain how such animals work, or to produce robot swing-users, violin-players, swallows,
squirrels, monkeys, and fighter pilots.
[REFS: http://news.bbc.co.uk/1/hi/sci/tech/628270.stm (Robo Monkey)]
However, there are three points to be made about this:

1. Not all of human intelligence is of this sort (e.g. thinking about why the number of primes
less than X divided by X will decrease as X increases, or thinking about how many different
twelve-tone musical sequences there are, or composing a story in your head).

2. The fact that a dynamical system includes (to a first approximation in a quantum physical
universe) continuously changing physical components in the environment does not require
everything in the central control system to change continuously (e.g. witness the trade-offs
between digital and analog designs for radio receivers).

3. Sometimes what is important for dealing with a continuously changing environment is not
that something in the brain (or artificial control system) changes continuously, but that there
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is anenduringrepresentation of the continuously changing entity with the right causal powers
within the system. For instance, the enduring representation may change at intervals because
states of the continuously changing object aresampledat intervals, just as discrete optical
sensors can sample an image at spatial intervals even if the image varies continuously. The
processes of interpretation of such discrete image data canuse the fact that the discrete image
representation (e.g. some sort of array of pixel values) is arepresentation of something
spatially continuous, for instance by hypothesising linesor edges in the scene whose locations
are specified with sub-pixel accuracy. Similarly even though the intervening states of a
continuous process are not continuously sensed, some of thenon-sensed intermediate states
may be inferred when appropriate, on the basis of records of discrete changes in the enduring
representation. So when you watch a lion chasing a deer thereare two independently
moving objects between which your attention may be switching (including saccadic shifts)
but despite discrete sampling you interpret the environment as containing two continuously,
independently, moving objects.

Point (3) is particularly important here and will be followed up in section 3.8.2 on precursors
of episodic memory below. In particular, an organism or robot that deals with things in the
environment that endure between moments when they are sensed may need to retain information
about those objects during periods when they are not sensed.That information can be used for
different purposes, e.g. predicting where they will be sensed later, planning capture or avoidance
actions, trying to form generalisations about how the external entity behaves, etc. Such enduring
representations need not be under the continuous control ofsensors, nor do they have to exist
in a faithful continuously changing internal model of the environment, for there are many more
economical ways of doing prediction and planning.6

3.5 Implicit prediction for control

Prediction can occur not only within a deliberative mechanism exploring possible futures, but also
within the low level workings of a reactive control system. For example, during bipedal running
various signals to motors cause a foot in contact with the ground to push the ground in a manner that
launches the body forward and upward. The other foot needs tobe in position to absorb the shock of
landing and start pushing in the next stride. This requires asubtle and rapid change in muscles from
being slightly relaxed (absorbing shock) to being very tense starting the next stride. If the time to
contact can be predicted the sequence of changes when contact is made can be prepared in advance.
This does not necessarily mean that there is anything like anexplicit description of the future event:
‘The foot will make contact in 200 milliseconds’ or whatever. Rather the prediction can be implicit
in a variety of processes including the speed at which the thefoot not in contact with the ground
is brought forward and the distance it is brought forward. That prediction could either be a result
of individual learning which adjusts control parameters, or a result of evolution (species learning)
which produces a physical configuration of bone, muscle, skin, etc., and pre-wired control patterns.
Either way it involves implicit information about what is going to happen and when. There are many
other examples where smooth, fast, skilful action requiresprediction, which can be either implicit

6This use of multiple enduring, but independently changing,representations is connected with the differences
between ‘Atomic state functionalism’, which regards mental processes as sequence of indivisible states, like a finite-
state automaton, and ‘Virtual machine functionalism’ which regards mental processes as involving arbitrarily many
concurrently active, enduring, interacting components (Sloman, 1993).
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or explicit. [Ref recent discussion in BBS: Separate visual representations in the planning and
control of action, Scott Glover and commentators. Volume 27- Issue 01 - February 2004,
pp.3-78 ]

3.6 Multi-layered vision

Perception often requires multiple stages where features,objects or relations detected in some
intermediate stage form cues for subsequent stages, or are interpreted as parts of some larger
structure. In some cases the links between individual cues and information items triggered by
the cues may be ‘associative’ in the sense defined above, i.e.based on an arbitrary generalisation
(i.e. not something derivable by reversing the image formation process), whilst theorganisation
of the information thus built up is ‘direct’ because the structures are built in registration with
the sensory input, e.g. different parts of the derived information structures may be mapped onto
locations in the visual field, or onto locations in a general-purpose representation of the external
spatial environment. Thus seeing a person as ‘exerting effort’ involves a very abstract non-spatial
description, but the effort may be perceived as located in a part of the scene, where the person is
pushing, or pulling something, for instance.

There is no requirement for such multi-layered processing to use a uni-directional pipeline,
with all information flowing ‘upwards’ from sensors to more complex and abstract information
structures. On the contrary, there is much evidence of ‘top-down’ and also ‘sideways’ (including
cross-modal) influences in vision, auditory perception, haptic perception, etc., and one reason for
this is that such co-operative processing can allow global information to resolve local ambiguities
more quickly, by adding constraints on interpretations consistent with all available information.

Neither should we assume that all the intermediate perceptual structures form a linear structure
(e.g. a bi-directional pipeline). On the contrary there aregood reasons for believing that there are
many branching directions of influence in perceptual systems, e.g. because different perceptual
tasks may share some sub-tasks. This was described as ‘labyrinthine’ perception in Sloman (1989).
The key ideas are much older, and can be found in the idea Neisser proposed in the 1960s of
‘analysis by synthesis’, sometimes referred to as ‘hierarchical synthesis’ (Neisser, 1967).

These are all somewhat crude distinctions with many intermediate or hybrid cases, some of
which will be mentioned below.

3.7 Varieties of affordance

The conceptual framework sketched in the last few paragraphs will be expanded below, and
summarised in Figure 1. We shall see in later sections that there are two importantly different ways
in which an animal or machine may use information acquired perceptually, namely byimplicitly
encoding the information in the transient patterns of activity produced by sensory stimulation, or
by explicitly recording information independently of how it is used. Thisleads to two notions
of ‘affordance’, namely the affordances involved in transient implicit vision and the affordances
involved in non-transient, explicit vision. We may call them ‘implicit affordances’ and ‘explicit
affordances’ respectively. The implicit affordances are closely related to what are often referred
to as ‘sensori-motor contingencies’ (O’Regan and Noë, 2001), and are more basic than explicit
affordances in the sense that they are relevant to a wider variety of types of animals and are
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evolutionarily older.

In purely reactive organisms where perception immediatelycauses (internal or external) actions
without any intervening plan-construction and without formation of explicit intentions to perform
actions prior to performing them, it could be said thatall perception is implicit perception of
affordances: there is no other kind of perception. That is not true for all organisms.

This paper is more concerned with explicit affordances, as aspecial case of perception that
provides explicit information that is separable from the processes that use the information. However
we also need to understand implicit affordances because those are the only ones considered by some
researchers who deny the need for explicit representationsin intelligent systems. From our point
of view, both play a role and it is silly to claim that only one sort ever exists.

The rejection of symbolic AI by a subset of researchers in thelast two decades has caused a lot
of recent research to be focused on implicit affordances, especially as they can be learnt by non-
symbolic, mathematically well-defined, learning mechanisms, such as various kinds of statistical
pattern recognition systems and reinforcement learning systems. However, perceiving, learning
about, and using explicit affordances requires more than implicit affordances, and is a requirement
for many uses of vision. I shall now try to explain these ideasin more detail.

3.8 Vision in action: transient, implicit vision

Vision has many different roles. It can be usedtransientlyin tight feedback loops that control
actions such as grasping, or in transient triggers of ballistic actions such as throwing. That is
probably how perception works in the vast majority of animals. Some animals, however, including
humans, can also use perception in general, and vision in particular, to acquire less transient
information that is stored in a form that may be useful for multiple subsequent uses, sometimes only
for a short time, sometimes for longer. More importantly, ifperceptual information is separated
from the processes that use it, then it becomes possible for the same information to be put to
different uses. By definition, this is impossible for implicit perceptual information.

Producing transient implicit information in action-control mechanisms is an important function
of vision in humans and many other animals. For example, as you move a hand to pick up a mug,
the perception of the changing gap between the hand and the mug forms part of a feedback control
loop that enables the action to be performed fast, fluently, and accurately. As you run towards a
gap in a wall, the complex relations between retinal inputs,head and eye movements, and currently
sensed speed of running all feed into mechanisms controlling running actions and the direction of
running. More ballistic uses of transient visual information occur in triggering protective blinking
and saccades, in throwing, jumping and possibly ducking or dodging a fast moving object.

These control processes may use results of individual training and/or innate evolutionarily very
old mechanisms and are shared with many other animals that use vision to control walking, running,
jumping, biting, grasping, catching, hitting and even sexual responses. As suggested in Sloman
(1989) the visual information in such cases may be fed directly into action control sub-systems,
causing many sorts of changes, including acceleration and deceleration of moving parts of the body,
switches of attention, increased alertness, and many visceral changes (often related to primitive
emotions). Highly skilled performances of this sort need not make use of any explicit, re-usable,
multi-purpose intermediate representation of distances,angles, speeds, locations, shapes, object-
categories, or relationships of objects.
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This does not imply that the same perceptual input always produces the same control signals,
for at least two reasons (a) the mechanisms associating sensory inputs with triggered actions may
be stochastic rather than deterministic, and (b) the actionsignals triggered may depend on both
current sensory input and some internal state of the system.Internal and external sensor values
could be combined to form an input-vector for a neural net, orboth could be parts of conditions in
condition-action rule-systems. (Either mechanism may be either stochastic or deterministic.)

None of this requires the sensory stimuli to have any use apart from their use in triggering
the responses in the neural net or rule-system, possibly in combination with context vectors which
modulate the effect of the stimuli. In that sense there is no need for any kind of action-neutral
summary of what the input is, or what it implies about the environment. It is merely a conditional
trigger, or partial trigger.

For animals whose perception is entirely like this (e.g. insects, or simpler organisms) the
information that is implicitly represented cannot be translated into any language we would
recognise. It need not, for instance be expressible as ‘thatobject is edible’, or ‘that berry is round’,
or ‘that object is moving rapidly towards me’, even though information of that sort in a more
sophisticated perceiver could lead to the same actions via amore indirect route.

In contrast, if you passively watch some event taking place and then later either report it, or
mimic what you saw, or later move some object to prevent a similar event occurring, you must have
stored information about the event in a form that makes the information re-usable in some other way
than immediately reacting to it. In general, once a structure recording an object, event or process
is created and stored, that structure can be given differentuses, unlike information expressedonly
transiently as a pattern of activity within a mechanism thatuses the information.

How explicit information is stored can vary enormously: it might be a persisting pattern
of activation in a neural net, it may be a set of persisting weights in a neural net, it may be
holographically combined with other persistent information in a distributed memory, it might be a
persistent electromagnetic wave-form in a resonating mechanism, it might be stored in a complex
molecule or in the frequency distribution of a set of molecules in a chemical soup, or in bit-patterns
in a computer memory, or in virtual machine structures of some sort, such as virtual synapses in a
virtual neural net, or an entry in a database. That is not an exhaustive list of possibilities for explicit
information structures.

[[JK: say something about the problems of access and the variety of types of solutions.]
Various solutions in different parts of the architecture. Some neural nets provide a content-
addressable memory with completion or interpolation capabilities. Hierarchical synthesis
and structure sharing can be important. Context mechanismsare especially important at
high levels of abstraction. Combining top-down and bottom up processing allows domain
knowledge to speed up search, etc. etc. [Where should all this go?]]

In organisms or machines that have both mechanisms that use transient implicit visual
information ‘on-the-fly’ in controlling actions, and mechanisms that use explicit visual information,
the same low-level sensory input mechanisms can drive both.

Transient visual information need not be very short-lived:if a certain pattern of visual input
controls an extended action, then the implicit visual information can exist for the duration of the
action, for instance the implicit visual information aboutthe location of an object which controls
the action of grasping the object.

The fact that explicit information is re-usable, moreover,does not imply anything about how
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long it endures. Explicit information may also be very short-lived, e.g. because decay mechanisms
are used, or because it is constantly being over-written by new input. Special recording mechanisms
are needed if loss of information by constant over-writing is to be prevented.

3.8.1 Perceiving a static scene while eyes and head move

Sometimes preservation of explicit information may be a side-effect of another function. For
instance if head movements or visual saccades are very frequent then the lowest level retinal stimuli
are constantly being wiped out by new stimuli which may be discontinuously related to previous
stimuli. Thus if the results of multiple head and eye movements are to be combined to construct
a coherent information store about the current environmentthen there must be rapid transfer from
retinal sensor buffers to some other data-structure that isnot permanently in registration with the
retina, whose mapping to the retina constantly changes and depends on how each saccade or head
or body movement causes sampling of a different part of the scene (Trehub, 1991).

The structure containing integrated results of different movements will not represent retinal
stimulation but something that does not change so rapidly: it could represent a 2-D array, which
Gibson referred to as the ‘optic array’ defined by a certain viewpoint, which is sampled by multiple
saccades. Or it might, after more complex processing, represent properties of visible surfaces, e.g.
the ‘intrinsic images’ of Barrow and Tenenbaum (1978).

This enduring structure with information about the immediate environment will not have any
simple relationship to the current pattern of retinal stimulation for it is the result of ahistory of
many different patterns of retinal stimulation in the context of a history of known eye movements.

This information structure might be implicit if its only role is as a pattern of activation of a
mechanism controlling a certain class of actions. This shows that implicit visual information need
not be merely a pattern of retinal stimulation – it can bederivedinformation.

If the information structure has multiple uses and can existbeyond its use in any particular
action control process then it is an example of explicit information.

3.8.2 Precursors of ‘episodic memory’

There is much research in psychology on episodic memories that record particular events, particular
states of affairs, involving particular objects, people, and places. A key feature of such memory is
that it presupposes an ontology in which there are enduring individuals, so that what one remembers
can includeFred, or Joe’s car, or a particular house, or city, or country. Such notions arealso part
of the requirement for a functioning visual system that can maintain information about the contents
of a visual scene across saccades and other movements that disrupt the mapping between retinal
image and what is perceived. Any such mechanism needs to havethe notion of some object or place
observed at timet1 being the same as an object or place observed at a later timet2. This makes it
possible also to include information about the relationships between objects observed at different
times, and information about changes between saccades thatare not changes in retinal patterns, but
changes in the environment.

The need for an information structure that preserves information about the environment that is
invariant across a possibly lengthy sequence of saccades, head movements and body movements
producing many changes in retinal stimulation (sampling different parts of the optic array), has

16



much in common with the requirement of an animal that moves around some terrain to create
an enduring information-structure indicating where things are, and how they are related to one
another. The latter information-structure may take the form of a network of routes linking places in
the environment. If those routes are treated as lying in a common metric space then it is possible, in
principle, to glean information about directions and distances between points that have never been
traversed on the same route. This amounts to having the ability to extrapolate from routes actually
used to create the structure to routes implied by the structure (e.g. short cuts).7

It is interesting that although humans do have the abilitiesmentioned here they are notoriously
inexact and unreliable. For instance if you look at a complexscene and then shut your eyes,
and someone asks you to point at one of the objects or places previously seen you may not be
able to point as accurately as if your eyes were open. Contrast the ability of marsh tits to bury
large numbers of nuts in different locations, then later retrieve them. They even remember which
locations no longer have nuts and do not go back after eating anut. This is a highly specific ability
that has evolved more than once in different species. There could be some general mechanism
for doing this that is implementable in brains, but is too costly to develop unless there is a major
benefit.

3.8.3 Implicit information and dynamical systems

In some anti-symbolic-AI circles it has become fashionableto claim that instead of symbol-
manipulating systems dynamical systems are needed. Beer (1998) makes the slightly weaker
claim that dynamical systems are ‘more fundamental’ than computational mechanisms. It seems
that proponents of such claims are thinking mainly about types of perceptual processing which
have here been called ‘implicit’. On this view all information is encoded in the states of the
dynamical systems comprising sensors, motors, the body, the environment and possibly other
internal dynamical systems. This may indeed be a good way to think about some functions of
vision, e.g. controlling actions in tight feedback loops.

It is not so clear that the dynamical systems approach has anything useful to tell us about how
someone can plan a future journey, how an engineer can designand build a complex machine, how
someone looking at a machine can understand how it works, howmathematical formulae are read,
how marsh tits retain information about locations of buriedbut so far uneaten nuts, how stories are
composed, how stories are understood, and how many other characteristic human capabilities are
explained.8 Too often researchers find a good tool for a specific class of tasks, and then see it as the
solution to everything. This has happened too often in the history of AI.

It is worth noting that this explicit/implicit distinctionis a matter of how information is
represented and used, and is not the same as the conscious/unconscious distinction. We can
consciously perform actions using implicit information (e.g. using perceived spatial discrepancy to
control grasping or catching), and we can unconsciously perceive explicitly represented structures
and relations, for instance unconsciously perceiving relative sizes of objects, or unconsciously
perceiving grammatical structures during language learning and comprehension, or unconsciously
recording the location of an object so that you can later reach for it without looking.

7Compare the ability to point to a particular upstairs room from a downstairs room in a house permitting no direct
(straight) route between the rooms.

8Compare the critique of dynamical systems theory in Sloman (1993)
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3.9 Varieties of learning

Different forms of learning are required for implicit and explicit forms of perception. For instance,
since implicit perception merely encodes what is seen in actions that are triggered, the only kind
of learning that can happen is modification of the mappings from percept/context pairs to actions
triggered. The context may include some internal state, such as a detected need, some record of
the current situation or of recent history, or a partially completed action. Such contexts will make
a difference to the action triggered by perception. If you are not hungry and food is plentiful it is
pointless wasting energy chasing something edible that hasbeen perceived.

The learning ofimplicit affordances is mainly a matter of changing probabilities ofparticular
actions being triggered by different sensory inputs in different contexts (e.g. partly in response
to different sensed needs, such as a need for water or a particular type of nourishment, or sensed
sexual readiness). Reinforcement learning can achieve this.

In more sophisticated reactive systems it is also useful to use associative learning to change
mechanisms allowing the current state to trigger not just actions, but alsopredictions of results of
actionsso that (a) anticipation becomes possible using feedback from the predictions and (b) errors
can be detected by comparing predictions with subsequent sensory inputs.

All of this can be described as learning of ‘sensory-motor-contingencies’. In particular, at least
two distinct sorts of contingencies can be associated with aparticular perceptual input. The first
areaction contingencies: mappings between non-perceptual contexts (e.g. current sensed needs)
and appropriate actions given a particular sensory input. The second areprediction contingencies:
given this particular sensory input, what predicted outcomes should be associated with different
actions? In the case of implicit perception, both action contingencies and prediction contingencies
are implicitly encoded in the mechanisms that trigger the actions or generate the predictions. They
need not be explicit premises or rules that can be used to makedifferent kinds of inferences from
different combinations of premisses.

Such learning of contingencies can be done in various ways, including adjusting weights in
neural networks or modifying strengths of condition-action rules in a ruleset. A neural net can
be seen as simply a particularly simple kind of condition-action rule-system, where many rules
are run in parallel, where all conditions and action signalsare restricted to weighted combinations
of numerical values, where rules can share conditions and can share actions, and where the only
structural side-effects are changes in the weights.9

In more sophisticated cases there may also be a need to learn new concepts, i.e. new ways of
partitioning the space of low-level sensory input arrays, or input array sequences. However there is
no unique right way to do the partitioning: it will depend on the animal’s or robot’s needs, goals,
and action capabilities. In more complex cases the learningmay require growing new sub-nets or
creating new rule-sets.

We shall later see that there are some very subtle and sophisticated kinds of visual affordances,
and that learning them requires more complex mechanisms andforms of representation than those
required for segmenting and classifying objects.

9Compare the ‘causal diversity’ matrix in Minsky (1992)
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3.10 Explicit associative perceptual information

In contrast with the transient use of implicit visual information to control action, there is also the
use of vision to acquire information that is represented explicitly in some structure that can be
stored and then used, potentially in different ways, later on. If you see a big ripe apple in the tree
in your garden you can later use the information thus gained when you are hungry, when you want
something to throw at an intruder, when you wish to annoy the owner of the tree, when you want
to impress a visitor, when you tell someone where to find the apple, when you paint a picture of it,
and in myriad other ways.

However there is a difference between seeing the apple and seeing something else that informs
you that there is or was an apple present. For instance an expert may see from the curvature of a
branch that there is an apple weighing it down, even though the apple is out of sight behind a wall.
This uses a learnt association between apples and curvature. Even a non-expert could see someone
in the distance pick something off an apple tree and start eating it: and would describe this as seeing
the person eat an apple, even though the apple itself was not seen because it was occluded first by
leaves, then the hand holding it then something blocking theview of part of the person’s face.

We can contrast those cases with what could be called ‘directperception’, where features in the
sensory field (or Gibson’s optic array) are caused by parts ofthe apple reflecting light or obscuring
light reflected from other objects.

An intermediate case is seeing an object part of which is occluded: we normally say ‘I saw
Fred at the far side of the table’, not ‘I saw the upper half of Fred at the far side of the table’.
The inference that the whole of a partly visible object is present is not typically made by a
central general-purpose reasoner — it uses some sort of dedicated, fast, automatic, highly trained
mechanism required for rapid perception of complex scenes.10 But in some sense it is associative,
based on the general information that half humans do not talk, pick up knives and forks, etc.

For humans, reading is an important type of associative, indirect perception, e.g. reading a note
from a trusted source, saying that there is a ripe apple a third of the way up the south side of the
second tree from the front door. When we read a story we are using our eyes to learn what happened
to all sorts of people and things in the story, and it does not matter whether it is a true story about
real people and places, or an invention about real people, ora pure fantasy about people and places
that never existed. Moreover, unlike seeing, when we read, the information gained about the people,
places and events has no structural relation to the visual input: you can read a sentence near the
bottom of the page describing something happening at the topof a tower whose base was described
at the top of the page, or on another page. The description of the middle portion of the tower does
not need to come between descriptions of top and of bottom. The description of what happened in
the middle of a certain day need not come between descriptions of what happened in the morning
and evening of that day. You can read about someone looking down from a bridge, without getting
any information about how high the bridge was, whether the person was male or female, whether
the person was wearing clothes, or what sort, which way the person is facing and so on, whereas
seeingsomeone on a bridge not too far away provides a lot more specific information, derived from
the structure of the optic array.

The relations between symbols on a printed page and what theydescribe is not totally arbitrary,
for without some systematic relation we could not read new sentences about new events: novels

10Contrast the role of a general purpose associative reasonerin considering the possibility that what is seen is some
sort of illusion, e.g. when what is seen is on a magician’s stage.
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would be impossible. But the relationship is very abstract,comparable to the relationship between
a mathematical formula and what it denotes (Sloman, 1971).

The ability of vision to provide such vivid information through reading is closely related to
the ability of speech to provide the same information. Both need to be explained as part of a
general theory of perception, but for now we shall ignore perception used in the service of language
comprehension. That sort of perception is a late addition toother sorts of perception that are
evolutionarily older and shared among far more animals. Theability to read and to understand
speech may build on other non-linguistic uses of perceptionto gain information through learnt
associations, e.g. seeing a bent branch as indication of fruit at the end, seeing dark clouds as
precursors of rain, seeing tracks in the soil as an indication of presence of prey, or predator, in the
vicinity, or seeing the colour of fruit as an indicator of taste.

3.11 Non-transient direct perceptual information

In contrast with the previous cases, where seeing involves acquiring transient, implicit information
represented only temporarily in control states, or seeing involves use of a learnt association between
visual information and something not directly visible, there is a third case namely seeing that
provides non-transient, re-usable information about things, properties, relationships and processes
that are in view, so that the information acquired is structurally related to what is seen, as well as
being optically caused by it.

The question for us is: what does such seeing amount to? The answer implicit in much research
is roughly the answer given by David Marr, namely that seeinginvolves using our eyes to acquire
information about textures, colours and orientations of surfaces and the location, structure and
relationships of many objects that are in view. Our answer isthat this leaves out some of the
most important functions of vision, namely perception of non-physical aspects of other agents and
perception not just of existing structures but of affordances, which are inherently concerned with
what might happen or exist. Perception of non-physical aspects of other agents includes things
like seeing a face as happy or sad, seeing someone as looking intently, or as trying hard to do
something. This is in some ways like the associative non-transient information discussed earlier,
though the phenomenology is different: it feels more like seeing than like inferring or interpreting.
I shall return to that point later.

3.11.1 Perceiving structures and perceiving affordances

For now, let us leave aside perception of mental states and processes in other agents, and focus on
perception of scenes involving only physical objects in various relationships. In such cases there
are (at least) two importantly different aspects to the task, e.g. of understanding a picture, diagram
or movie, or visually perceiving the environment. The first aspect involvesperceiving the structures
that are presentand the second involvesperceiving affordances. This includes perceiving causal
relationships and especially relationships to possible actions. This means perceiving what can and
cannot be done in the situation and what the consequences of possible actions would be. However,
this depends crucially on the fact that the perceiver is an agent in the world perceived even when
there is no agent perceived in the world.

So perceiving affordances involves gaining information not about features that are intrinsic to
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the physical objects, properties, relationships in the environment but rather gaining information that
relates to the perceiver’s possible or actual goals, actions and capabilities. This might misleadingly
be described as perceiving ‘subjective aspects’ of objective situations. More accurately it is a matter
of perceivingrelationalproperties of things in the environment where the perceiveror some aspect
of the perceiver forms a term in the relation.

So, whereas the main focus of work on perception so far has been concerned extracting
information about what exists in the scene, of the sorts listed by Marr, perceiving explicit
affordances involves perceiving more than that: it requires seeing whatmight exist or happen,
and whatcannot. Those possibilities that are relevant to achieving an agent’s goals can be labelled
positiveaffordances, and those which impede actions or goals arenegativeaffordances. The very
same object may play a role in both positive and negative affordances. A table can allow objects
to be placed where they can easily be picked up again, a positive affordance, while getting in the
way of direct motion to the door, a negative affordance. Which set of possibilities and constraints
constitute the affordances in the scene is relative to the perceiver. However, more sophisticated
affordance-perceivers can take account of the goals and capabilities of others, and perceive other-
related affordances. E.g. a parent or nursemaid looking after an active child has to be very aware
of affordances relative to the child, for instance. I suspect humans are not the only animals able to
do that.

These points, and related points in my previous papers on, vision were inspired by Gibson’s
notion of ‘affordance’ in Gibson (1986) – originally published in 1979 – though I doubt that he
would agree with everything said here.

Affordances, as construed here, involve possibilities foraction and constraints on possible
actions, so that they include information about processes and objects that do not exist but might
exist. The affordances in a scene are all relevant to particular agents, and the same environment
can have different affordances for different agents. In particular the affordances for an agent A in a
particular situation will depend on

• the goals A can have (which A need not necessarily have at the time)
• the actions A can perform

This implies that as an agent develops, perhaps changing size, acquiring new skills, and developing
new types of goals, the affordances that are relevant to thatagent will change.

Perceiving affordances is essential for many types of humanand animal competence. Later
I discuss the objection that this is not a case of seeing but inferring or deducing. In any case, it
involves an understanding of spatial structures and processes far beyond what current AI systems
seem to be capable of.

The contents of visual perception vary in a number of different ways, including the scale of
perceived objects, the degree of abstraction or interpretation, and the differences between seeing
existing structures and seeing other things such as causal and functional relationships, and also
affordances. The next section elaborates on some aspects ofthe variety of structures that can
be seen, and later sections illustrate perception of non-geometrical, non-physical aspects of some
objects as well as perception of affordances.
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3.12 Perceiving perception: self-awareness

It is often assumed (sometimes unconsciously) that all perception has to be conscious, e.g. it is
impossible to perceive anything without being aware that you are perceiving it. This is wrong. That
is wrong, and why it is wrong, becomes clear if we understand the architectures within which can
play a role.

In the last two decades research in AI on forms of representation and algorithms or mechanisms
has been increasingly supplemented by work on architectures within which different kinds of
functionality may be combined in an integrated system.

Refer to work on meta-management and the role of meta-semantic capabilities, including the
requirements for first-order, second-order and third-order ontologies.

Choose from:

Beaudoin (1994) Wright et al. (1996)

Chapters 6 and 10 of Sloman (1978) Sloman (1990)

Sloman (1993) Sloman (1994) Sloman (1996b)

Minsky (1987)

Sloman (1997) Sloman (2000a) Sloman (2002b) Sloman and Logan (2000)

Sloman (2000b)

Sloman (2001a) Sloman and Chrisley (2003) Sloman and Chrisley (2004)

Sloman and Scheutz (2001)

Minsky et al. (2004) Sloman (1989)

Explain how meta-management can include implicit and explicit (introspective) perceptual
information. Some of the meta-management system’s meta-semantic information is about what
is being perceived.

3.13 Attention

An important topic that has not so far been mentioned is attention. It is perhaps arguable that the
need for attention is a by-product of resource limits. If an organism had sensors placed everywhere
in its environment and had unlimited power to process sensory inputs in all possible ways, there
would be no need for attention. As things are, choices have tobe made. For instance, eyes cannot
look in all directions at once, and even within a perceived part of the visual scene not all parts can
be seen with the maximum resolution because of the structureof the retina. So body and head
movements and both tracking motions and saccadic motions ofeyes can select what to process and
with how much detailed information.

At a more abstract level the same information can be processed in different ways. E.g. trying
to detect small movements requires different processing from trying to see where you dropped a
berry. Trying to estimate the distance of something lookingat you requires different processing
from trying to determine whether it has noticed you, or whether it is angry. Judging the distance in
order to throw a rock is different from judging the distance in preparation for a jump.
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A full account of attention would require an analysis of all the kinds ofchoicesthat need to be
made in the many sub-systems operating concurrently on tasks with varying levels of abstraction
and varying levels of importance. Notice that this is very different from the old idea that attention is
primarily a matter of filtering sensory input. That idea is concerned with choosingwhatto process,
but the kind of agent we are discussing also has to choosehowto process information, on the basis
of what its current needs are.

Yet another issue concerns the common assumption that attending to something involves being
conscious of it. This may be true of the selections made in a meta-management layer of a multi-
layer architecture, but many more choices are constantly being made in other sub-systems and
they all involve the generalised notion of attention as selection. For example, we are typically
ignorant of our own visual saccades which constantly switchattention in low level visual processing
mechanisms.

The question of how choices are made will be mentioned brieflylater in connection with
the problem of which affordances are relevant in situationswhere typically there are far more
affordances than can be processed. This is one of manycontrolproblems in intelligent systems.

3.14 Aesthetic aspects of perception

There are many ways in which the discussion so far is incomplete. One important gap is the lack
of anything about affective aspects of perception – e.g. what does it mean for a visual experience
to be pleasant or unpleasant, aesthetically and in other ways.

More to be added. Doing this properly requires an account of affective states and processes:
what they are, why they are needed, why they sometimes arise as dysfunctional side-effects of other
things, how they are implemented, etc. Some relevant background ideas can be found in Sloman
et al. (2004) (to be included in a volume entitledWho Needs Emotions?: The Brain Meets the
Machineedited by Arbib and Fellous (OUP 2004).

(Compare A. Sloman, M. Croucher, (1981,) ‘Why robots will have emotions’,Proc 7th Int.
Joint Conference on AI,pp. 197–202)

3.15 Perceiver-centredvs vicarious perception

It is worth noting that whereas all forms of perceptual information discussed so far are perceiver-
centred insofar as they are concerned with what a perceiver can do or predict or learn, there are some
animals, including humans, that are able to perceive what ishappening or could happen to them, but
also what is happening to another or could happen to some other object or agent. This covers a wide
range of cases and a full survey is not possible here. But it isworth noting that in altricial species,
whose young are born relatively incompetent and learn by being active as they grow and develop, it
can be useful for adults to perceive opportunities, obstacles and possible dangers confronting their
young. This covers such diverse cases as noticing that a child is approaching a deep pond, noticing
that a child will find it easier to pick up a cup if it is rotated with the handle on the child’s right,
or noticing that the child will find it easier to avoid spilling the contents if the cup is only half full,
and many, many more.

In relatively unintelligent animals such vicarious perception may use only implicit information,
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for instance if the approach of a possible predator directlytriggers some innate mechanism that
causes the mother to move between the infant and the predator, or triggers decoy behaviour. The
mother need not have any understanding of the potential consequences of the approach of the
other animal, nor the consequences of its own behaviour. If the parent is able, in addition, to
represent the impending approach explicitly, it may be ableto reason about the consequences,
investigate alternative remedial forms of action, evaluate them in relation to preventing undesirable
consequences, and use all that to select an appropriate action, which may involve aggression,
diversion, decoy, protection, etc. depending on circumstances.

In some cases vicarious perception can lead to learning. If an inexperienced animal or machine
observes something good or bad that is about to happen to another, then sees the other take
advantage of it, or take preventive measures, that perception can lead to future actions in the
perceiver that have similar effects. The ability to learn inthis way requires solution of many
problems of representation which are ignored by those who assume that imitation is an explanatory
mechanism which needs no further analysis, or that so-called ‘mirror neurons’ suffice to explain
imitative learning. Putting the ability to imitate in the context of vicarious perception, including
perception of positive and negative affordances for another individual can help us appreciate better
what the problems are.

3.16 Summary so far

Figure 1 summarises the varieties of types of perceptual information distinguished so far. Further
distinctions need to be made between different kinds ofusesof the information. For example,
perceptual information used to guide action may be used either in a process of analysis, planning,
and careful decision making, or it may be used in ‘alarm mechanisms’, which use fast, and
possibly less reliable, pattern matching mechanisms that are capable of overriding other processes
and globally redirecting processes either within a sub-system or in the whole organism. Such
mechanisms are often needed in complex control systems and have been used by engineers for a
long time. In Sloman and Croucher (1981) it was shown how sideeffects of such mechanisms
could account for some aspects of human emotions. However, alarm mechanisms are not the topic
of this paper and will not be discussed further, though they are interesting and important within a
general theory of architectures for intelligent organismsor machines, as explained in Sloman et al.
(2004).

4 Perceiving structures, at different levels of abstraction

In a 2-D graphical display there will be two-dimensional features such as colours, intensities and
textures, optical flow, gradients of various kinds (intensity, texture, colour, flow), boundaries where
the gradients are sharp, spatial gradients in intensity, colour and texture, and flow gradients and
boundaries. All of these will be located in a manner that can be specified using co-ordinates or
other representations of image points (and times), or contiguous sets of such co-ordinates making
up regions. In computer vision systems these features are often arranged in a rectangular 2-D array,
though other configurations are possible including hexagonal arrays, collections of concentric rings
of variable resolution receptive fields, linked networks ofimage locations, etc.

In a computer generating such a display there may be several representations including both
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KINDS OF VISUAL INFORMATION

1. Implicit perceived information , expressed transiently in the current state of a dynamical system,
e.g. states of (deterministic or stochastic) neural nets oractive hormonal systems mapping
combinations of internal and external sensor inputs into some kind of output vector, e.g.

(a) in action controllers, including
i. implicitly sensed external action-contingencies
ii. implicitly sensed internal action-contingencies

(b) in predictors, including
i. implicitly sensed prediction-contingencies for external actions
ii. implicitly sensed prediction-contingencies for internal actions

2. Explicit perceived information, ( ‘direct’ or ‘associative’) using dedicated visual mechanisms
in registration with sensory arrays, expressed in some lesstransient structure or state capable of
being combined with different kinds of information, and/orused for different purposes:

(a) in reactive subsystems(with no ‘what if’ representational or reasoning capabilities)
(b) in deliberative mechanisms(able to represent and reason about hypothetical past, present or

future possibilities)
(c) in meta-management systems(using meta-semantic capabilities to monitor, categorise,

evaluate, learn from, and to some extent control information-processing sub-systems)

where the information may be about perceived
• objects, properties, structures, relations, processes, i.e. things thatexistin the current

environment (using first-second, or third-order ontologies)
• affordances, i.e. things thatcan or cannot existor be done in the current environment

where complex information may be expressed as
• vectors/arrays of valuesinterpreted in parallel (e.g. by matrix operations, convolution

mechanisms, using neural nets, chemical soups or other statistical combinators)
• hierarchical/recursive structuresinterpreted using compositional (essentially sequential)

semantics, using one or more of the following modes of representation
– logical
– analogical
– procedural
– others, including mixtures

and where the processing from sensory input to percept may be

• flat i.e. a single step from low-level feature detectors to information about what is perceived
• layeredi.e. making use of intermediate layers of interpretation (as in hierarchical

synthesis) using either asingle pipelineor multiple routesperforming different kinds of
analysis in parallel – e.g. texture, colour, surface orientation, optical flow, etc.,

3. Derived, ‘associative’ information, produced from perceptual information by a general-purpose
reasoning or inference mechanism that is not dedicated to perceptual processing and does not
produce results that are ‘in registration’ with sensory input arrays.

Figure 1: Varieties of perceptual information - a high level partial overview.
[DRAFT: The table does not include all distinctions in the text.]
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some sort of high level description and a low level specification of patterns of behaviour of
streams of electrons generating illuminated points on the screen. Even if there is a systematic
mapping between the low level specification used to generatethe display and a low level sensory
configuration in the perceiver’s visual system, the computer will generally have no notion of the
higher level structures perceived by a human looking at the screen.

tee     ay      eks

"TAX"

(a)

(b)

(e)

(f)

(d)

(c)

Figure 2:Layers of interpretation of a 2-D dot pattern
(based on Sloman (1978), chapter 9).

4.1 Larger 2-D structures and more abstract 2-D structures

Within the sensory array, a human (and some other animals?) can detect higher level 2-D structures
that are made up either ofcollectionsof these structures ormore abstract interpretationsof the
features and collections of features.

4.1.1 Agglomerations in 2-D fields

The collections, or agglomerations, of features include such things as continuous groups of intensity
discontinuities, texture discontinuities, optical flow discontinuities, or other small features, forming
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lines of various sorts, or regions made of continuous sets ofpoints which share some feature or vary
only a little in respect of that sort of feature, or some feature-vector. Examples are groups of dots
in Figure 2 taken from chapter 911 of Sloman (1978). More complex hierarchical structures are
formed from groups of these aggregation structures, for instance a junction where two or more
linear features meet, or a collection of regions arranged insome regular pattern. In a changing
display there will be more complex 3-D (two spatial dimensions and one time dimension) structures
in the changing display.

4.1.2 Abstract features perceived in 2-D fields

More abstract 2-D structures, can be seen in (or some would say hallucinated onto) the initial
configuration of features, such as continuous “infinitely thin” lines, line-junctions, enclosed
regions, or more complex objects composed of such things. These include the sorts of entities
characterised in Euclidean geometry and are subtly different from the mere groupings of sensory
features. For instance a perceived intensity discontinuity with a certain degree of fuzziness and
minor variations from straightness can be interpreted as representing an infinitely thin, perfectly
straight line segment, which could not be directly sensed. (It is not clear whether other animals
can perceive instances of Euclidean geometrical objects intheir sensed 2-D or 3-D structures, nor
whether and how this ability develops during infancy in humans.)

Additional abstract entities and configurations of entities related to particular domains of
expertise, e.g. reading text, can also be seen in (hallucinated onto) visually sensed configurations of
features. Figure 2 indicates crudely how a 2-D pattern of dots can be interpreted in terms of several
layers of 2-D agglomerative structures, in addition to moreabstract structures such as sequences
of letters forming words where the letters are abstract 2-D entities made up of abstract strokes,
stroke-junctions, etc. Some of the intermediate interpretations may include a depth ordering, so
that certain objects are seen as on top of others, e.g. the interpretation labelled (d).

In pictures where the letters are fairly clearly separated it would be possible for template-based
pattern recognizers, or neural net mechanisms, to go straight from (a) to (e) just by detecting high
level features in groups of dots. However if the letters are more jumbled and there are spurious
dots, as in Figure 3, segmenting the letters without going through the intermediate levels can be
very difficult, yet people degrade gracefully in their ability to detect the words as the messiness
increases, as did the Popeye program reported in Sloman (1978). Although this is an artificially
generated image, it illustrates aspects of naturally occurring problems of vision in humans and
other animals, such as cluttered scenes with variable amounts and kinds of occlusion – whether
caused by solid objects, fences, dirty glass, shrubbery, falling snow, etc. In addition there are well
known problems of seeing things under conditions of variable lighting, speckled shadows, motion
of whole objects or relative motion of parts of flexible objects, and often in conditions where despite
the difficulties, perceptual decisions have to be made quickly e.g. because of the risk of missing
opportunities for lunch or escape from being lunch for someone else, or the risk of grabbing the
wrong branch to break your fall from a treetop.

Real seeing is often very much harder than the tasks most artificial vision systems can perform
at present. It is also often much harder than many of the taskspresented by psychologists to subjects

11Also available as http://www.cs.bham.ac.uk/research/cogaff/crp/chap9.html
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Figure 3:Illustration of graceful degradation in human vision.
(based on Sloman (1978), chapter 9)

in vision laboratories – tasks selected for suitability forrepeatable laboratory experiments.

Such graceful degradation in the face of various kinds of messiness, appears to depend on
our perceptual mechanisms being able to operate at different levels of abstraction in parallel, with
information flowing bottom up and top down, as postulated in the chapter referenced. The idea
of a mixture of top-down and bottom up perception is very old.E.g. it was labelled ‘analysis
by synthesis” in the 1960s, in Neisser (1967) and has sometimes been described as “hierarchical
synthesis”. Similar ideas were explored (and implemented on painfully slow computers) in some
speech understanding systems in the 1970s.

Part of the task in understanding images like Figure 3 is understanding the difference between
dots or lines that are missing because of random noise and dots that are missing because they
are hidden by something. The latter requires the machine to use a richer ontology, including
notions like “nearer”, or “behind”, for interpreting its sensory information. With a suitable ontology
available the interpretation process in the perceiver can ‘postulate’ something invisible that reduces
the noisiness of the picture, e.g. by ‘completing’ a partially invisible object. Later we shall
introduce more subtle requirements for a perceiver’s ontology.

4.2 Geometric and non-geometric 3-D spatial interpretations

So far we have illustrated percepts that vary in scale (for instance the number of component dots,
or the sizes and number of component lines or line groups) andalso vary in the kind of ontology
used for the interpretation of sensory data, even while remaining very close to 2-D image structure.

Humans, many animals, and robots also need to be able to use vision to acquire information
about a three-dimensional spatial environment, where objects can vary in distance from the viewer,
where surfaces can have different orientations, or can be curved, and where the 2-D appearance of
an object can vary for other reasons than noise.

28



In a three-dimensional world, there are far more complex structures and relationships that can
be detected in and ‘hallucinated’12. onto images. For instance one kind of complexity, evident in
the “flat plate” interpretation of the dot array shown in level (d) of Figure 2, includes objects having
parts that are not visible, either because they are obscuredby nearer objects or because they are on
the far side of a perceived object. Another example is self-occlusion in a cube with several faces
not visible, or partial occlusion of a table-leg by the top ofthe table, as illustrated in Figure 4.

Figure 4:Viewpoint-dependent shape and occlusion.

This raises questions about the kind of information structure built up in the perceiver. If an
object is perceived as hiding a part of another object whose full structure is known (like the
laminas in (d) of Figure 2) the conventional and obvious way to design a visual system would
lead to a mechanism that builds a representation of the complete sub-object, including invisible
parts such as edges and surfaces continuing behind the obscuring object – something like the
sort of representation that might be used in a computer-aided design package for complex 3-
D objects. This more complete representation would somehowhave to be linked to the less
complete representation depicting only visible portions.This could be done in many ways including
pointers in one or both directions between image locations and portions of the representation of 3-D
structure, or by labelling parts of the complete structure to indicate their visibility.

Where two linked representations are created, each would beuseful for some purposes and not
others. For instance the image structure with its 2-D relationships that change with viewpoint (as in
Figure 4) would be relevant to an artist painting a picture ofthe scene, or a steersman guiding a boat
into harbour by keeping two points in the scene aligned in the2-D image space. The representation
of the 3-D relationships would be useful for answering questions about functions of the object, how
it would look from a different viewpoint, how a hand should beshaped to grasp it, or, in the case of
the steersman, how long it will take to get into the harbour. (A more complete account of the uses
of each type of representation leads into the discussion of affordances, below.)

It is not necessarily the case that the perceiver knows or caninfer the structure, colour, texture
and other features of the invisible portions of perceived objects. For instance if Figure 2) were
changed to contain a “dotty-lamina” representation of an Arabic sentence, a person who did not
know the relevant alphabet would not know the shapes of hidden portions. This could also be true
for a familiar alphabet using an unusual font.

In that case, the perceiver may need to be able to construct representations that include
information about what information is missing. It may also be useful for the representation to
indicate what to do in order to answer specific questions about invisible portions of the scene – e.g.
how to change viewpoint, or how to rotate the object.

12Von Helmholtz described seeing as “controlled hallucination”
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The problem of how we see partially obscured objects is multiplied a thousand-fold when we
gaze around a cluttered room with large numbers of objects ofdifferent shapes and sizes, many
of which are partly hidden. For dealing with the problem of finding out about hidden parts of
objects there could be rules or other mechanisms “attached”to the representations of visible parts
specifying what to expect if you move your head so as to see more of the object. That might reduce
the problems of searching for an appropriate action.

This is a proposal made by Minsky long ago Minsky (1978) in which 3-D objects are
represented with information making it easy to determine how visibility of parts will change with
changing viewpoint: “the effects of important actions are mirrored by transformations between the
frames of a system”. He was thinking of a symbolic data-structure but similar general mechanisms
might be implemented in a network of neural networks whose activity levels can change in response
to inputs representing possible actions.

There are very many different ways in which the perception ofsomething as continuing behind
another might be implemented, though they vary in how well they explain thephenomenology, i.e.
the details of the experience of seeing the right hand edge ofthe “T” shaped lamina as continuing
behind the obscuring part of the “A” shaped lamina.

Later we shall see that Minsky’s 1978 proposal for providinginformation about what to do in
order to acquire more information is a special case of a more general strategy for seeing affordances.

4.3 Combining structural and procedural information

The preceding discussion implies that in a cluttered scene,information about invisible portions of
objects may be represented either (a)concretelywith hypothesised details derived, perhaps using
default reasoning, from prior knowledge (tables have straight edges) or by interpolating (assuming
a straight connection between two collinear visible edge-fragments) or (b)abstractly, perhaps
using procedural representations that hold information about how to generate hypotheses about
the invisible bits and how to generate actions to test them.

For a complex object such as a table, or a tree, or a complex scene containing many objects,
there will be many questions that could be asked about different portions of the object or the scene,
and many actions that could be performed in or on different portions of the object or scene. For
instance, a table can be moved further or brought nearer, rotated in a horizontal plane about a
vertical axis or rotated about many different horizontal axes, or lifted in various ways (e.g. enough
to allow a wedge to go under one of the legs, or lifted to enablethe whole table to be carried, etc.)
These different actions would require different parts of the table top or its legs to be grasped and
moved in different ways.

Actions required in order to fill information gaps are a special case: actions can, of course, meet
other needs. Understanding a scene can include having information about a host of potentially
useful actions that are possible in that scene, and which serve many different sorts of purposes.
For instance moving an object sideways may sometimes be useful for providing information about
more remote objects and sometimes useful for enlarging a narrow passage through which one can
move. It is useful to know about harmful consequences as wellas useful ones.

Thus we have the idea of large numbers of possible actions “attached” to various objects or
portions of objects and large numbers of possibly useful, orin some cases, harmful, consequences
of those actions. There are different ways in which this information can be acquired, stored,
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accessed and used, in different architectures.

4.4 Proto-deliberative reactive perceivers

In an organism with a purely reactive information processing architecture, all of that information
may be encoded in condition-action rules (which might be expressed in a neural net or some
other mechanism) where the conditions include both perceived external conditions and also internal
states, such as goal states, or states including previouslyacquired information. In that case when
the conditions are satisfied a corresponding action may be automatically triggered: e.g. jumping,
crouching, moving sideways, retreating, rushing forward,creeping forward, grasping, biting, etc.
In general, however, any particular context will activate or inhibit a variety of possible actions,
perhaps with different strengths of activation or inhibition, and some selection mechanism based
on those strengths may determine which of the possible actions is performed.

As this is a primitive version of what deliberative systems do we can call this aproto-
deliberative system. Proto-deliberative mechanisms must be wide-spread in organisms with
purely reactive architectures. By contrast a deliberativesystem is able to create, compare and
evaluate novel descriptions of possible futures by combining elements such as possible actions, and
consequences of the actions, for variable numbers of steps ahead. This requires not only the ability
to perceive possibilities inherent in the current scene, but also to perceive chained sequences of
possibilities that would be enabled by selection of prior possibilities: the kind of ‘what if’ reasoning
many AI planning programs do and also many humans planning complex future activities, such as
getting to a conference in another country.

4.5 Deliberative perceivers

The architectural requirements for effective proto-deliberative and deliberative systems are
different, as we have indicated elsewhere, e.g. Sloman (2001a, 2002a). In particular, proto-
deliberative mechanisms require prior evolution to have produced a linked network of condition-
action nodes, though some kinds of individual learning (e.g. reinforcement learning) could alter
the behaviour of such a network. In contrast a deliberative system can use search mechanisms to
create novel complex action sequences, though not all deliberative systems have the same power.

A deliberative system that learns about its environment will need to acquire generalised re-
usable information that is in a form that is appropriate for exploring branching futures. This requires
perceptual mechanisms that can “chunk” objects and processes in the environment so that they can
be recognize as components for which generalisations hold,for instance the generalization that if
an object is resting on another then moving the lower object will move the upper object. The ability
to use this generalisation requires the ability to perceivethe ‘resting on’ relationship, which is not
the same as the ‘above’ relationship since one thing may be immediately above another but not
resting on it. The ‘resting on’ relationship involves causal connections not implied by the ‘above’
relationship.

The ability to recognize properties and relationships thatare relevant to possible actions may be
implemented in very different ways. At one extreme there is the use of general-purpose reasoning
mechanisms that derive consequences from low level information provided by sensors. At another
extreme the perceptual mechanisms can develop (through evolution, or possibly through training)
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new special-purpose capabilities for detecting more and more abstract categories and relationships
in the environment, as sketched in chapter 6 of Sloman (1978)and in Sloman (1989). Whether this
is possible will depend on whether there are sensory features that provide reliable cues to the more
abstract properties. In the 1978 book such an environment isreferred to as a “cognitively friendly
environment”.

For someone who does not often do such things, that sort of practical information might
be derivable using general reasoning about shape, forces, the causal consequences of various
movements of hands and arms, etc. Or it might be derivable by trial and error, which appears
to be what happens much of the time in infant learning, beforethe child acquires an understanding
of spatial structure and motion.

For animal species whose members do not have the ability to reason about how to perform such
tasks, and do not have time in the lifetime of individuals to use trial and error learning, it could be
the case that evolution, over millions of years, generates the information, and stores it in genes, so
that it can be transmitted to individuals. (Examples might be nest-building in birds and insects.)
This requires that appropriate environments were encountered in the past that made it worthwhile
for a species to develop the special information. It also requires that the variety of situations and
actions is not so great that the information cannot be encoded in genes or cannot be encoded in
the individual’s nervous system. Many varieties of insectsseem to have found types of condition
action information that have proved consistently useful over millions of years, and which can be
largely transmitted genetically (though genetic information can often be compressed because the
environment itself helps to control behaviour).

Besides the time required to acquire information whether byindividual learning or by
evolutionary development, there is another way in which time is important: producing actions
in response to detected conditions will take time and if things move quickly in the environment,
the triggering of actions may have to be very fast, perhaps too fast for deliberative mechanisms that
reason using general-purpose mechanisms and representations.

4.6 Storing information for rapid access

Even for someone who has sufficient understanding of the possibilities for action and motion in
3-D structures to work out what needs to be done to achieve various desirable ends or to avoid
undesirable states, there may be a problem of speed. If a certain sort of task is performed often,
it may be worth saving the results of previous derivations instead of repeating them whenever
required. For instance someone who often has to move furniture around, such as a house cleaner,
it may be worth storing re-usable information about which movements can be applied to parts
of a table and what the consequences will be, instead of deriving it on every occasion. This
is a requirement for a wide range of human skills, including athletic skills and skills in musical
performance. For animals that have to be able to move quicklythrough tree-tops, such as monkeys
and chimpanzees, there may simply not be enough time to work out exactly how best to act at every
moment. Likewise hunting animals that need to capture prey that adopt skilful evasive actions.

How such re-usable information is stored can make a considerable difference to how accessible
it is and how much searching is required in order to select it for a particular task. Perhaps this could
be done in some cases by somehow attaching condition-actionrules to representations of different
parts of the object (e.g. “if this leg is grasped here and pushed in that direction the table will rotate
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counter-clockwise in a horizontal plane”, “if this leg is grasped here and moved vertically upwards
the surface of the table will tilt to the left”, etc.).13

The discussion so far shows that the products of visual perception may be of many different
kinds, differing in scale, in the ontology used, in the type of information (e.g. structural, causal or
procedural), in the manner of derivation, and in the form in which it is represented. Understanding
more precisely how all this works is a prerequisite for understanding human and animal vision, for
building robots with human-like visual abilities, and alsofor building machines that communicate
effectively with humans using graphical displays that are understood equally well by the user and
the machine.

Necker cube Duck-rabbit

Figure 5:Examples of geometrical and non-geometrical ambiguity.

5 What is seen: clues from different sorts of ambiguity

It is common to assume that visual perception functions primarily or exclusively to provide
information about physical properties of the environment,e.g. shape, motion, colour, texture, etc.
But we have already seen that in complex scenes there may be more abstract percepts concerning
for example how to move in order to see more of an object, or what to do to achieve other goals,
generalising Gibson’s notion of “affordance” Gibson (1986).

5.1 Perceiving non-geometrical features, states, processes

By analysing and comparing the precise nature of various kinds of visually ambiguous pictures we
can gain more insight into what is seen in those pictures. Forexample Figure 5 shows an image, the
Necker cube, whose interpretation flips between two 3-D structures, both cube-shaped, but differing
in which face is nearer or further, higher or lower, and in theslopes of the edges (e.g. sloping down
and away from the viewer or up and away). It also shows an image, the duck-rabbit, which when it
flips displays nogeometricalchange, only more subtle changes relating to which animal parts are

13For a recent proposal regarding the association of information about actions with the objects to which the actions
might be applied see Steedman (2002). A related proposal wasalso made in Pryor and Collins (1992).
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seen where, and also which way the animal is facing – a type of interpretation which in some cases
involves perceiving the animal as a perceiver, and marking adistinction between which parts of the
scene it can perceive and which it cannot.

An important fact about the duck-rabbit picture is
that people report that itlooks different in the
two views. The is not the same as seeing one
thing, treating it as evidence, and then drawing two
different sorts of mutually exclusive conclusions, like
a detective finding evidence that narrows the set of
suspects down to two individuals. Neither is it like
looking at an object, and then being reminded of
two other objects. The phenomenology of the duck-
rabbit ambiguity, along with many other familiar
ambiguities, for instance the old-woman young-
woman picture Figure 6, shows thathow things look
as opposed tohow things are thought about, or what
they remind us ofcan change even when there is no
geometric change, as in the duck-rabbit, or in addition
to geometric changes, as in the old-woman young-
woman picture, where there are 3-D shape changes
as well as changes of more abstract kinds. Figure 6:Young-old woman.

The more abstract, non-geometrical changes involve the identification of parts of a body or face,
which way the individual is facing, what the individual can see, and other attributes of an animal or
human, such as age, beauty, state of mind, and so on. Exactly what it means to say that these things
are aspects of how things look is not clear, but we can, as suggested in Sloman (1989) partially
explain this as follows. Saying that something is seen as opposed to merely being inferred implies
that the information obtained has a spatial structure, and that spatial parts of the perceived structure
are “in registration with” parts of the two dimensional visual field whose structure is determined
by the optic array. This has implications such as that shiftsof attention between parts or aspects of
what is perceived use mechanisms that are related to mechanisms involved in attending to different
spatial parts of a complex object.

Of course, in the more complex and subtle cases where what we see is an abstract mental state,
e.g. happiness, sadness, elation, dejection, there is no way for that abstract state or its component
features to be “in registration” with anything spatial. In this case the location of the state we see is
itself something more subtle, as these pictures show.

5.2 Seeing or inferring?

Saying that something is seen rather than inferred assumes that there is a distinction between
perceptual mechanisms and central cognitive mechanisms, even if they overlap and even if each
functions with the aid of the other. Some people may wish to argue that there is no distinction,
for instance that the brain is a single unified dynamical system. I shall leave it to neuroscientists
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Figure 7: We can see sadness or happiness in a face, in a posture, in movement.
How can one information-processing system see another as happy or sad? What
does it mean to say that it does? What does itMEAN to say that affective states are
SEEN – not justINFERRED from or associated with the image?

and others to refute that view, and merely suggest here that insofar as there is a visual sub-system
capable of providing information about geometrical and physical aspects of the environment and
insofar as the visual mechanisms can make use of learnt associations, for instance between 2-D
features of the optic array and 3-D features of objects in theenvironment, the same mechanisms
may be capable of being trained to provide information of other, more abstract kinds, possibly
communicated to different central subsystems. This was oneof the main claims of the 1989 paper,
subsequently partly confirmed empirically by Goodale and Milner (1992).

Thus there is a fairly clear empirical hypothesis that some non-physical, non-geometrical,
information is produced by visualperceptualmechanisms, as opposed to merely being inferred
from results of perception or triggered in a general-purpose associative memory by results of
perception. Much of the research done by psychologists on vision and many of the examples
presented in psychology text books of visual ambiguities are consistent with this hypothesis.

In a system which already has a distinction between dedicated perceptual mechanisms and
general-purpose reasoning mechanisms it makes sense to askwhether a specific task is performed
in one or the other. If the perceptual and reasoning mechanisms overlap, it could still be the case that
information derived from visually perceived features and relationships is stored in special-purpose
information structures that relate the details of the abstract interpretations to specific locations in
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a detailed representation of the 2-D structure of the original image or optic array as, happens with
other more clearlyvisualcontents, as illustrated in Figure 2.

In other words the explanation of the phenomenology ofseeingthe two interpretations of an
ambiguous figure is that mechanisms specific to visual processing produce both geometric and non-
geometric interpretations and that the more abstract, non-geometric details, including information
about affordances (and the ‘reference features’ discussedin Pryor and Collins (1992)) are stored,
like the 3-D geometric details,in registration withthe image features and relationships that give
rise to them. Exactly how this is done remains an open question.

If this were being implemented in a computer model we could imagine various ways in which
parts of a complex data-structure representing the analysis of the image structure and parts of
a complex data-structure representing the inferred 3-D andfunctional entities and relationships
could have large numbers of mutual pointers. (This was done around 1976 in an implementation
by David Owen and myself of the “Popeye” system which produced interpretations of dot pictures
of the sort shown in Figure 2). These structures and the corresponding pointers can be rapidly
computed and discarded as visual attention moves around a complex scene. It is not at all clear how
the corresponding functionality can be achieved in brains:neural connections cannot be rapidly
discarded and re-grown, for instance, so the theory impliesthat the brain somehow implements
a virtual machine able to support rapidly changing information structures representing spatial
structures. (See Trehub (1991) for some suggestions as to how this might be done.)

Of course, it’s one thing to make suggestions regarding how to represent the information and
the information relationships. It’s quite another to say how all the information and structures can be
computed quickly during a rapid sequence of foveations and how much is preserved between each
fixation to help maintain information about the surroundingenvironment, and how the information
is usedin selecting and guiding actions or in learning generalisations about the environment.

Computer-based systems are still nowhere near being able tocombine all these capabilities
as far as I know. Moreover, many researchers in vision assumethat the task of explaining and
modelling human vision is far simpler than I have suggested,because they explicitly or implicitly
accept either Marr’s position (described below) or a view that vision can be done entirely through
recognising patterns in images and learning correlations within image sequences.

6 Visions of vision

The discussion so far has proposed that vision involves a very wide range of types of functions
and can have deep connections with cognitive mechanisms of various kinds. However, a great deal
of research in vision has been based on a much narrower and more precise view of vision as a
process something like reversing the projection of light from surfaces of objects to retinal images.
A particularly clear an influential exponent of this view wasDavid Marr, who died tragically in
1981, but continued to have a powerful influence as a result ofposthumous publication of his book
Marr (1982).
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6.1 Seeing according to Marr

Everyone agrees that visual perception, at least in humans,is a process that includes operations on
a 2-D image (or sequences of images) such as feature-detection, segmentation, grouping, learning
correlations between image features and structures, alongwith recognition of segmented objects.
In more sophisticated cases, it can also include detection and representation of 3-D geometrical
structures, relationships and motion, along with surface properties such as colour, texture and
illumination. Some forms of grouping, segmentation, recognition and learning may be applied
not to the 2-D patterns but to the derived 3-D structures and motion. An early example of such
work is reported in Hogg (1983).

It is also commonly assumed that that is all that vision involves. Perhaps the most sophisticated
version of this type of viewpoint can be found in Marr (1982),where, on page 36, he describes
the function of vision as essentially concerned with information about spatial structure and
relationships. It is a“quintessential fact of human vision – that it tells about shape and space and
spatial arrangement.”He admits that“it also tells about the illumination and about the reflectances
of the surfaces that make the shapes – their brightnesses andcolours and visual textures – and about
their motion.” But he regards these things as secondary, since“... they could be hung off a theory
in which the main job of vision was to derive a representationof shape”.

Viewpoints similar to Marr’s have led to a huge amount of research on vision in AI (and also
psychology), but the considerations presented in this paper show that it ignores important biological
functions of vision, for organisms with diverse needs and capabilities.

6.2 What Marr left out: Gibsonian affordances and mental states of others

Our discussion above shows that even if a machine has a complete grasp of the 3-D structure and
motion occurring in a scene it will not yet have a human-like view of the scene if it does not
also see various possibilities and constraints (impossibilities): including possibilities for acquiring
more information by changing viewpoint or moving objects, and possibilities for achieving goals
in the environment by moving things in various ways, and constraints on both of those. In addition,
human vision involves categorising states of others, as happy, sad, quizzical, attentive, bored, angry,
embarrassed, looking left, looking right, and so on.

We can use Gibson’s word “affordances”, in more general way than Gibson did, as a generic
label for these counterfactual items of information about things in the environment, information
about what or would not happen under various circumstances.

The affordances should not be thought of asintrinsic, i.e. viewer-independent, aspects of the
environment as physical properties and relations normallyare. That is because for a particular
organism, the perceptual mechanisms will have evolved to provide information tailored not only
to what is in the environment but also to the actions which that type of organism can perform and
the needs or goals of the organism. The actions will depend inpart on its physical structure. So
affordances arerelational properties of scenes and which affordances exist will depend on what
they are being related to.

An animal that can grasp things with its tail or capture prey with a long sticky tongue that can
be shot out at moving objects will not necessarily perceive the same collections of affordances as a
human. A nest-building bird that uses only mud and feathers to build its nest will not see the same
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possibilities for action as one that assembles its nest fromrigid twigs and sticks that will not simply
remain in place if pressed on the edge of the growing nest, buthave to be woven in. A monkey that
occupies the same sort of tree as a mother orang-utang will not necessarily see the affordances that
the orang-utang uses to make a bed for the night by grasping and bending several branches with
one hand and holding them in place with its body while holdingan infant with the other hand. Even
if the monkey couldin principleperform the same actions, if it never actually builds such sleeping
platforms it will not have goals that give those actions sufficient importance for the perception of
their possibility to be part of its visual repertoire. In thecase of a trainable animal, like a monkey,
the perceivable affordances will change over time as part ofits development of new skills.

Humans seem to have a very general and versatile ability to learn to see new affordances relating
to a huge variety of different sorts of tasks. Skilled tennisplayers, boxers, pole-vaulters, polo-
players, mountaineers, orienteers, hurdlers, carpenters, roof repairers, violin makers probably all
acquire different collections of abilities to see and use affordances. However they probably also
share a vast collection of such abilities that come simply from being embedded in the same sort of
physical world, having roughly the same sort of body, and interacting from infancy through early
childhood with the same collection of materials. There may be minor differences arising out of
cultural differences in toys, play-materials, and physical disabilities and deformities.

A particular manifestation of human versatility is the factthat people who have been born with
structural abnormalities, e.g. the stunted limbs characteristic of babies whose mothers were given
thalidomide during pregnancy, often grow up with a wide range of skills other humans do not have.
For instance there are artists without arms who can use a paintbrush held with their toes to make
excellent pictures, and others who hold the paintbrush withtheir teeth.14 An implication of the
theory propounded here is that some of the detailed affordances learnt by such people will not be
shared by all humans, and some of the affordances detected bypeople who have normal limbs will
not be perceived by thalidomide victims.

The suggestion is that through interacting often with the environment using particular
collections of actions we learn to “read” the possibilitiesinherent in particular objects or
configurations of objects in something like the way learninga foreign language can involve learning
to read text written in that language. For someone who cannotread the language the characters
will still be perceived as marks on a surface, or even as a formof writing. But they will not be
immediately and involuntarily recognised and interpreted, as the phrase “a big red ball” is for a
fluent English reader. We are all constantly “reading” things in the environment that we have found
useful to detect instantly.

The fact that different people learn to perceive different affordances related to their cultural
backgrounds, their needs and goals, and their physical capabilities does not prevent them from
integrating their integrate their specific collections of perceptual and other capabilities within a
common general framework that enables them to live happily within a society where others do not
all perceive the same set of affordances,

For animals that can manipulate objects mainly using their mouth or beak (e.g. birds, and
most grazing and hunting animals) there is an important factthat the viewpoint will be constantly
changing as the grasping and moving occurs, whereas for monkeys, apes and humans the head and
eyes can remain still while hands manipulate objects. Oftenthis means that a wider range of spatial
and structural relationships can remain in view during the manipulation. This difference may lead

14See http://www.indiabuildnet.com/mfpa/index.php
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to important differences in the visual mechanisms and the types of affordances seen and used.

6.3 Perceiving empty spaces

It is common to describe an open doorway, or a gap between two large objects as an example of a
specific kind of affordance:passage. This illustrates a general point mentioned previously: there
are significant types of perception where what is seen involves absence of something physical rather
than presence: e.g. lack of any obstruction, so that the possibility of motion is perceived.

A less often noticed fact is that a blank sheet of paper, or canvas can be seen as a space in which
many things are possible. Which possibilities are perceived will depend on the perceiver. A young
child who can barely draw will not see the same possibilitiesas an experienced adult artist. There
is a more abstract collection of possibilities presented tosomeone who uses the surface not for
drawing pictures but for composing music, writing letters,solving algebraic problems or writing
computer programs.

An interesting question for our time is what happens to children who grow up spending a great
deal of time manipulating objects on a computer screen usinga mouse. Does that mean that they
will see the screen differently from people who have grown upusing such things as paper, pencil,
crayons, erasers, paint and paint-brushes?

7 The “contents” of visual perception
The discussion so far has had a number of themes,
one of which is that vision involves the detection
of hypothesized entities of varying scales, varying
degrees of abstractness, forming parts of ontologies
with different properties and relationships, not all of
them spatial or physical. Another theme, generalising
Gibson’s notion of ‘affordance’ is that vision involves
the detection of a variety of possibilities associated
with various locations in the perceived scene,
including possible changes that can occur in the
environment, possible moves that the perceiver may
make in order to gain new visual information, and
possible actions the perceiver and other active agents
may perform in the environment.

PARIS

IN   THE

THE SPRING

Figure 8: Some people cannot see the
mistake, even when they know there is
one.

There is an interpretation of all this according to which allthe visual information isimmediately
andcompletelyavailable to the perceiver. That is what it “feels like” to unreflective self-observers.
However, there are many familiar facts that indicate that this is a misleading impression. For
instance, there are many cases where we simply do not notice something we are looking for,
although it is in full view. People proof-reading text oftenfail to notice errors on the text, and
in some cases may fail to see a mistake even if they have been told that there is one, and it is clearly
visible. A well known example is in Figure 8. Another well known example is the blind spot: this
corresponds to a part of the visual field in which small items cannot be seen. This information gap
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is normally not noticed, even if one eye is shut, so that it is not possible for the other eye to provide
the missing information. However, simple experiments described in many text books on vision can
make people become aware of something like a small cross disappearing from view if it moves into
the blind spot.

These and other phenomena, including “change blindness” incontexts where large changes in
an image or scene are simply not noticed, have led some philosophers and scientists to conclude
that our experience of simultaneously experiencing a broad, completely filled in visual field, with
a great deal of detail is some kind of illusion. E.g. see the recent special issue ofJournal of
Consciousness Studiesedited by Alvar Noë Noë (2002).

A different view of the situation emerges from our discussion so far. It might be thought
that the multi-layered interpretation of dot-pictures of letters forming a word, as depicted in
Figure 2 must always give a complete specification of all the details at every level in the hierarchy.
However, we have seen that it is not normally possible for a visual system to have all the relevant
information about everything in the scene, and we have suggested that in addition to abstract high
level interpretations that do not specify the precise low level details an interpretation of visual
information can include information about what to do in order to get more information instead
of only information about what is in the optic array, and in its interpretation. In some cases,
especially where decisions have to be taken very quickly, the ability of the visual system to “jump
to conclusions” about the high level interpretation of the scene, leaving details unspecified and
unchecked may be crucially important.

This doesnot imply that the unnoticed details are not taken in. They may beretained in some
lower level information structure for a short time in case they are needed. For example, I have
found that some people who do not see anything wrong with the familiar phrase in Figure 8 even
after they have been staring at it for a few minutes and they know that others see something and are
amused can be shown to have taken in the information requiredto see it. For example, if such a
person is asked to close his eyes, and then is asked a questionlike “How many words were there?”
or “Where was the ‘THE’?” then, in some cases, merely considering a different question from the
one they originally answered by seeing a phrase, makes them notice a feature of what they saw
which they previously did not notice. They apparently notice this by inspecting, with their eyes
shut, a lower level information structure whose contents were previously not attended to in detail.
(This does not work with everyone. Some people have to look atthe picture in order to see what
they have not noticed. These individual differences are worth exploring, but I shall not speculate
about the reasons.)

There are other cases where behavioural evidence shows thatinformation has been taken in even
though people are totally unaware of the fact, for instance if artificially induced changes in optical
flow make people fall over even though they have no visual experience of a change in optical flow.

All of this implies that for the purposes of a science of psychology it can be a serious mistake
to focus attention on the question “What do I see?” as if therewere a unitary entity taking
in visual information. I have argued elsewhere e.g. Sloman (1989, 2001b, 2002b, 2001a) that
we need to construe visual perception as a process involvinga rich, multi-layered, perceptual
architecture connected with various parts (reactive, deliberative and reflective parts) of a rich central
architecture, at least in humans. From this perspective what people say they see, and what they think
they see, or what the experience themselves as seeing, may bejust a part, even a distorted part, of
what is actually going on in the whole system.
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To be continued....
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8 Betty Crow: cognitive agent and hook-maker

Two crows, Betty and Abel, learnt to use
bent wire to fish a bucket of food out of
the vertical tube (as in the picture). Then
Abel flew off with the hook.
Betty tried using a straight piece of wire
for a while, and failed. She then pushed
one end of the wire into the tape holding
the tube and moved the other round with
her beak, making a hook, which she used
to lift the bucket as shown in Figure 9.
She did this 9 times out of 10, when tested
by being given only a straight piece of
wire.a How can we find out what betty
was doing? To find more, give google:
betty crow hook

aReported in Nature and shown on BBC TV
(August 2002).

Figure 9:Betty the hook-making crow. See the video
here: http://news.bbc.co.uk/1/hi/sci/tech/2178920.stm

8.1 What sort of architecture could do what Betty did?

Betty had to perceive not only the things that were before herat the start:

• The large transparent tube
• The bucket of food in the tube
• The piece of wire

She also had to seethe possibility of things that did not exist but might exist, e.g.

• The possibility of the bucket moving up the tube,

• The possibility of the wire being bent and holding its shape (unlike most natural objects
crows are likely to encounter, which are either elastic and return to something like their
original shape after bending, or else brittle and break whenbent).

• The possibility of various steps in the process of bending the wire
• The possibility of using the bent wire (which does not yet exist) to lift the bucket of food.

These are all cases of the perception of affordances, i.e. thepossibilities forandconstraints on
action and change in a situation. In addition, it looks as if Betty either perceived or reasoned about
the affordances that did not yet exist but could come to existas a result of her actions.
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8.2 What should amaze us?

Most people are amazed when they discover what Betty was ableto do. Why? Why are we not
equally amazed that a human child (or adult) can see the possibility of a hook-making process
inherent in a straight piece of wire, and use that possibility in achieving something that is initially
unachievable?

We are not amazed in part because we do not attempt to ask: how could I design a robot that
can do such things? One consequence of attempting to design robots that can perform tasks we take
for granted in humans is that we become amazed that humans cando them: being amazed requires
an appropriate prior education.

Many explanations of Betty’s behaviour, with varying degrees of plausibility, are compatible
with anyobserved performance, e.g.:

• Pure chance?
This is highly implausible, and the more often Betty repeatsthe performance, the less
plausible this is.

• An innate behaviour triggered by some mixture of internal and external state?

– What mixture?
– How did the genes get the information? Why was this information selected? Was there

something analogous to bendable but inelastic wire in the evolutionary history of crows?

• A learnt adaptation in a trainable (altricial) reactive system?

– What sort of boot-strapping could achieve this?
– What sort of innate mechanism was required to make it happen?
– How is the learnt information acquired, represented, stored, activated, used - including

information about the properties of pieces of wire?
– Is it possible that Betty is unique because somehow a piece ofwire with which she

could play was made available to her during her previous development?

• Was it a deliberative (e.g. problem-solving) process?

– Using what sort of ontology for possible goals, states, actions?
– Using what general knowledge?
– Invoked how?
– Acquired how? (Using an architecture built in infancy?)
– Using what planning mechanisms?

(Using what representations, what search mechanisms?)

• Did it involve self-knowledge? (Reflection/meta-management)

– Did Betty understand what she was doing, or did she, like manyAI deliberative systems,
lack reflection/meta-management? (Can a crow teach anothercrow to do this?)

The questions are deep and important because understandingof spatio-temporal processes can
be re-used in many contexts. E.g. doing mathematics, designing architectures, thinking about
anything complex.
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8.3 What a child cannot see

Perhaps we also need to look at more things people cannot see,at first, then later learn to see, and
try to understand what changes in between.

An example is shown in this video of a child, Josh, aged about 18 months, playing with a toy
wooden train with trucks connected using hooks and rings:

http://www.cs.bham.ac.uk/˜axs/fig/josh340096.mpg

It is clear from the video that although he can see well enoughto pick up a truck, put it down,
turn it round, move the two metal parts together, he simply does not understand that when he brings
the two rings together he is doing the wrong thing. There is independent evidence that he can poke
an object into a hole, though that is not shown in the video. Itis difficult to tell exactly what is
going on, but it looks as if he can see that there is no way to join the trucks together, but he does
not understand what he has to do to remedy the situation, so hemerely gets frustrated, expresses
his frustration, and tries to do something else.

Figure 10:How would you have to move the trucks to join them together? Why?

A few weeks later he was able to deal competently with the hooks and rings, although nobody
had explicitly taught him (according to his parents). What changed? Of course it depends whether
he had blindly somehow learnt a sequence of movements that solved the problem or whether he
had somehowunderstoodthe affordances provided by the different shapes in different positions
and relationships. Eventually, a normal human child will understand.

My question is not

• What proportion of children of varying ages, sexes, cultures, social backgrounds, etc. can or
cannot solve the problem?

• How long does it take for a child to learn how to solve it?
• What external factors trigger or hinder understanding?

• Is there understanding or blind performance of a learnt sequence of actions?

Rather, I am asking
• What changes within the child between not understanding andunderstanding? Are there new

mechanisms, new forms of representation, a revised ontology with new concepts, new factual
knowledge using old or new concepts, new manipulative skill, or perhaps a mixture of all of
these?
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Figure 11: The two vehicles start moving towards one another at the same
time. The racing car on the left moves much faster than the truck on the right.
Whereabouts will they meet?

A different example, requiring understanding of the relationship between space and time is a
question I asked a five year old.

One five year old, confronted with the problem posed in Figure11, using two toy vehicles on a
window-sill answered by pointing to a location near ‘b’.

Me: WHY?

Child: IT’ S GOING FASTER SO IT WILL GET THERE SOONER.

Again the question I wish to ask is not anexternalquestion about the age at which a child makes
such a mistake, what proportion of children of various sortsmakes such mistakes, what external
conditions enable them to acquire the ability to produce theright answer, whether the learning can
be speeded up or hindered by any educational process, etc. Rather my question is:

What changes internally between the time when he produces the above reasoning and
the time when he understands why that is wrong, and what internal mechanisms make
such a change possible?

Is this another example where the ability to see space as a medium in which changes can occur
over time play a role? Can acquiring the ability to visualisetwo things moving at different speeds in
opposite directions play a role. Or is it a problem to be answered only by abstract logical/algebraic
reasoning: at any time the distance travelled by the faster vehicle will be greater. Therefore at the
time they meet the faster vehicle will have travelled further. Therefore they will meet nearer the
truck’s starting point.

8.4 Vision and affordances

Vision is often thought to include image and scene segmentation, object recognition, perception
of geometrical and physical structure and motion building cognitive maps for small scale or large
scale route-planning. It includes various combinations ofthese functions for different animals, and
for humans at different stages of development.

However, there’s something else, which is a deeper, more mysterious capability, evidenced by
Betty the crow, usually unwittingly taken for granted in humans, but not yet properly characterised.
This is what we have been referring to as “perception of affordances”. Affordances are not
“objective” properties intrinsic to physical configurations. Rather, they are relational features
dependent on the perceiver’s
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• Common or likely goals and needs
• Capabilities for action (physical design + software)
• Constraints and preferences (avoid stress, injury)

Affordances in a complex scene can, as suggested above, be construed as

(1) sets of setsof counterfactual conditionals,
(2) spatially indexed: different sets are associated with different parts of objects.
But this still leaves open what sorts of mechanisms, architectural configurations of mechanisms
and forms of representation can be explain the ability to perceive them. In particular it is not clear
how animal brains represent counterfactual possibilities. Do they use something like modal logics
Steedman (2002), or is there some powerful new form of representation waiting to be discovered?
Could they be built out of condition-action rules?

9 Humans can think with spatial structures.

One consequence of our ability to see possibilities for change in physical structures is that we
can use this in reasoning, by manipulating physical structures just as we manipulate sequences of
sentences in reasoning logically Sloman (1971).

9.1 An example

How do you try to answer the question in Figure 12?

In Figure 12 there are no points common to the
triangle and the circle. Suppose the circle and
triangle change their size and shape and move
around in the surface. They could come into
contact. Clearly if a vertex touches the circle,
or one side becomes a tangent to the circle,
there will be one point common to both figures.
If one vertex moves inside the circle and the
remainder of the triangle is outside the circle
how many points are common to the circle and
the triangle? What are all the possible numbers
of common points? How do humans answer the
question?

Figure 12:How many contact points can there be?

9.2 Can we believe introspections?

People often claim on the basis of introspection, sometimessupported by (admittedly controversial)
laboratory experiments (e.g. by Kosslyn and many others) tobe able to manipulate images of
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some kind when solving problems. Sometimes it is claimed that the experience is exactly like the
experience of seeing a physical image. These claims should not necessarily be taken literally.

For instance a person who claims to be able to visualise familiar words as if they were written on
a wall may be shown to be able to read the letters in a familiar word (e.g. “grandfather”) backwards
far more quickly if the letters are actually on the wall than if they are merely visualised as being on
the wall.

This may suggest that visualised structure far from being implemented in a kind of flat isotropic
2-D display may actually be implemented in something like a linked list structure, where each item
is in a link directly associated with the successor link but not the predecessor link. (See chapter 7
in Sloman (1978)15

(ADD discussion: Reasoning with infinite ordinals.)

The main basis of my criticism of logicists in 1971 was the oft-noted fact that human beings
fruitfully use many different forms of representation (Hayes 1974 calls them ‘schemes’), including
natural languages, gestures, maps, musical notation, dance notation, Venn diagrams, Euler
diagrams (often confused with Venn diagrams!), dress-making patterns, programming languages,
blueprints, flow-charts, 3-D models of molecules, many types of data-structures used in computing
systems, and a host of special-purpose mathematical notations (including, for instance, the number
notation in which concatenation of digits stands for the combination of multiplication by 10 and
addition).

More recently, connectionist representations have also added to the variety. For instance, a
neural net may include information about many instances of some category superimposed and
distributed over a collection of synaptic weights.

expressibility vs heuristic power vs economy of expressione.g.

Confusions about efficiency

analogical vs diagrammatic/spatial

My 1971 paper defined analogical representations as those that used properties and relationships
in the representing medium, rather than explicit symbols, to represent properties and relationships
in the situation depicted. This was misinterpreted by some readers as the claim that analogical
representations are always isomorphic with what they represent, even though the paper presented a
counter-example in the form of a 2-D picture of a 3-D scene.

all sorts of other types, including those mentioned above. In Sloman 1993a, 1993b, 1994b,
1994c, I have begun to develop the notion of a mind as a self-modifying, self-monitoring, control
system, and to generalise the concept of ‘representation’ to cover a host of different types of
information-bearing, causally effective, control states. These control states can exist in virtual
machines at different levels of abstraction, like functiondefinitions in a Lisp virtual machine or
rules in a Prolog virtual machine or OPS-5 virtual machine. From this general viewpoint, all
sorts of different types of representations, internal and external, can be seen as having syntax,
semantics, pragmatics and inference methods. Syntax is a matter of the available structures and
forms of variation. Semantics is concerned with one thing representing (depicting or denoting)
another. Pragmatics is concerned with the functional rolesof various sub-systems in a larger whole.
Inference methods are simply the pragmatically useful syntactic transformations.

15Also available here http://www.cs.bham.ac.uk/research/cogaff/crp/chap8.html
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I believe that attempts to understand and replicate human-like visual capabilities will not
succeed without some radically new forms of representationthat integrate information about spatial
structure and motion with information about possible changes, causal relations, and functional roles
in a deep way (Sloman 1989). The fact that we do not yet know howto give machines visual
capabilities that even begin to match the sophistication ofhuman vision, or even squirrel vision,
is one reason why it has been hard for research in AI to make useof the obvious fact that visual
representations play a powerful role in human (and animal) intelligence.

we sometimes use what weseeas a basis for reasoning or problem solving, e.g. looking at the
shape of an armchair and its relationship to a door, in order to work out how to get it through the
door by rotating it. In such cases we do not choose the representation: the environment presents us
with it, and all the hard problems of vision are there.

10 How can we increase HMS?

The

Human vs computer (program):

cognitive powers (what does that mean?):

languages (e.g. varieties of syntactic forms understood)

ontologies, reasoning abilities,

abilities to learn through doing and interacting,

visual and other perceptual abilities, goals,

ability to ask the other questions or explain things to the other

physical ability to access

Computer cannot see the screen, usually,

Human cannot see internal data-structures, usually

physical ability to change the contents of the interface, ....

(Some differences more interesting than others. Some harder to

remove than others.)

Limit the display to include only elements and structures that both the computer and the user
can change

Limit the display to include only elements and structures that both the computer and the user
can read

Limit the display content to something both human and machine can understand (limit semantic
content to something both can understand) includes restriction of ontologies

Limit goals and tasks to those either could in principle aim for and achieve

Increase cognitive powers of computers (long term goals of AI)
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11 Simple examples

Programmable Editors: Ved and Emacs - considerable symmetry at the textual level extendable by
user programs: unlike most editors

[POSTPONE OR REORGANISE OR REMOVE NEXT TWO SECTIONS]

11.1 Varieties of limitations of current machine image understanding

Sometimes the computer does not even grasp the same syntactic structure as we do. For instance,
many software packages generate diagrams or images, or evensynthetic videos, which the user can
see and understand but the machine cannot. In some cases it will have no ability to decompose the
images in the way that a human does, for instance into parts ofa human body, or different objects in
a cluttered scene. If the computer generates a picture of tworotating wire frame cubes, one behind
the other, it may not detect the changing intersection points of the lines depicting the edges of the
cube.

Even if a TV camera is placed in front of the screen and the input is fed back to a program in
the computer which does detect moving lines and their intersections, it need not notice that some
intersections in Figure 5 correspond to corners of cubes where edges meet and others correspond to
“accidental” crossing points due to two line segments in space projecting to the same plane surface.
Understanding the difference requires a grasp of the notionof depth, the difference between 2-D
and 3-D structures, and the notion of a “line of sight”.

The lack of visual competence can seriously limit the usefulness of the machine in many
applications. For instance, there are many online libraries of images where it is impossible to ask
the computer to find an image satisfying a description (e.g. “one containing at least three people
dressed up for a happy occasion”, or “one showing a horse-drawn vehicle”) unless humans have
previously studied the images and provided annotations that can be used by search processes.

If a machine can be trained to do such searches by being shown labelled examples of different
sorts of images from which it constructs a neural net or some kind of statistical analyser, if trained
using current techniques it will typically not understand the import of the human descriptions of the
images matched. E.g. it may match images on low level 2-D features whereas what we are matching
are 3-D interpretations which happen to be reliably correlated with those low level features within
a certain range of scenes, though not all. Partial occlusion, for instance, can upset the regularities.
For a statistically trained recognizer that will just be a kind of noise. For a viewer who understands
3-D structures and lines of sight the missing portions in theimage will be understood and expected.

11.2 What is it to understand the scene?

If the computer is displaying an exploded view of some complex machinery, the user may point at
something and ask “What is this for?” and get no sensible answer because the computer cannot tell
what is being pointed at, even if there is a well-defined contact point, between finger and screen.

A request to rotate the object so as to make a part more visibleto the user may not be understood,
for instance because the computer does not know what makes something visible to a person, and
therefore cannot rotate something using a grasp of spatial structures and lines of sight to tell when
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the relevant part is visible from a particular direction. Ofcourse a programmer may anticipate
such questions and put specific code into the package to deal with them, but the machine will not
thereby given an understanding of what it is doing which could be used to answer questions like
“How should the object be rotated so as to make that part visible to someone standing on the left?”

When the computer does not understand, a user may have to learn ways to move a mouse or
twiddle knobs or press “arrow” keys to get the object in the image rotated appropriately. The
machine will be able to interpret these actions as instructions to alter some numbers or other
information in data-structures which will have the side-effect of changing what is on the screen.
But the machine will not normally understand the purpose of the changes nor the effect they have
on what the user can or cannot see or understand or do.

Very young children form an intermediate case: they can see and, to some extent, understand
images of three dimensional objects but without necessarily having an older child’s ability to
understand what is visible from the viewpoint of another person nor what difference that can make
to another person’s ability to think and act, for instance the ability to work out how to move a hand
to grasp something, and then to do it.

There are many other questions that current computers wouldbe prevented from answering and
tasks they would be prevented from performing because of their limited understanding of scenes.
A person can tell whether the duck or the rabbit in Figure 5 cansee the cube, or where the cube
would have to be moved in order to be visible to the rabbit. This requires an understanding of what
X can see, where X is an intelligent agent in the scene, and perhaps knowledge of the typical field
of view of members of particular species: a hunting bird, such as an owl, has more forward facing
eyes than a duck. This is related to which way X is seen to be facing, but can be complicated by
the presence of obstacles or mirrors.

Other examples of scene understanding involve perception of causal or functional relationships,
e.g. whether X is supporting Y, whether a moving object is likely to collide with another object,
whether one rotating cogwheel will make another rotate clockwise or anti-clockwise, what will
happen if a string is cut, and so on, which way one should move in order to catch a ball, and so on.
(In Sloman (1971) it was suggested that geometric relationsbetween parts of a scene could be used
to search for causal connections relevant to answering suchquestions.)

Much of the information involved in perceiving a causal or functional relationship is inherently
concerned with counterfactual conditionals. But most workon how to represent scenes does not
address the issue of how to represent counterfactual conditionals.
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