
Towards a Compositional 
Semantics of Perception

Kevin Lande
Department of Philosophy / Centre for Vision Research

York University
lande@yorku.ca / www.kevinlande.com

SCAN FOR SLIDES

mailto:lande@yorku.ca
http://www.kevinlande.com/


Philosophy 
of 

Psychology

Philosophy of science

Empirically informed 
philosophy of mind

2



The Visual Code

it is eminently reasonable to believe that 
the perceptual representation of a square 
includes the representation of lines as 
subparts. … perceptual representations 
are selectively organized data structures.

-Stephen Palmer, “Hierarchical Structure in 
Perceptual Representation” (1978)

“

”

286 Background
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Fig. 2.7 Four types of images in which “reusable parts” overlap. (a) The pinnocio nose
is a part of the background whose gray level is close to the face, so it can be grouped
with the face or the background. This algorithm chose the wrong parse. (b) The square
can be parsed in two di!erent ways depending on which partial patterns are singled out.
Neither parse is wrong but the mid-level units overlap. (c) The two halves of a butt joint
have a common small edge. (d) The reconstructed complete sky, trees and field overlap
with the face.

such a pair. But the square is also built up from 4 line pairs meet-
ing in a right angle. Such pairs of lines also form common reusable
parts. The two resulting parses are shown in Figure 2.7(b). One “solu-
tion” to this issue is to choose, once and for all, one of these as
the preferred parse for a square. In analyzing the image, both parses
may occur but, in order to give the whole the “square” label, one
parse is chosen and the other parts representing partial structures are
rejected.

“Joints” will be studied below: often two parts of the image are
combined in characteristic geometric ways. For example, two thin rect-
angles may butt against each other and then form a compound part.
But clearly, they share a small line segment which is common to both

*Zhu & Mumford 2006
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Three Foundational Principles
1. Perceptual states represent
2. Perceptual states have constituent structure
3. What a perceptual state represents is a function solely of what its constituents represent 

and how they are related.

It should be possible to develop empirically informed semantic theories of  
perception, as there are for language.
• What would such a theory look like? 
• How could be empirically constrained?
• What would it tell us about the nature of  perceptual representation?
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Semantics – Two Conceptions
Cognitive Psychology/Computer Vision
• Mapping from input representations 

(e.g. images, percepts) to conceptual 
representations/labels (racoon, chef, 
laundromat)

• Relations among representations 
“inside the system.”

Philosophy, Logic, Linguistics
• A theory that specifies what contents or information 

representations carry.
• Mapping from representations to world.

• Reference (to what individual or property does a term 
refer?)

• Truth (under what conditions is the representation true?)

Representational System World

“Ann smokes” represents
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A Review on Deep Learning Techniques
Applied to Semantic Segmentation

A. Garcia-Garcia, S. Orts-Escolano, S.O. Oprea, V. Villena-Martinez, and J. Garcia-Rodriguez

Abstract—Image semantic segmentation is more and more being of interest for computer vision and machine learning researchers.
Many applications on the rise need accurate and efficient segmentation mechanisms: autonomous driving, indoor navigation, and even
virtual or augmented reality systems to name a few. This demand coincides with the rise of deep learning approaches in almost every
field or application target related to computer vision, including semantic segmentation or scene understanding. This paper provides a
review on deep learning methods for semantic segmentation applied to various application areas. Firstly, we describe the terminology
of this field as well as mandatory background concepts. Next, the main datasets and challenges are exposed to help researchers
decide which are the ones that best suit their needs and their targets. Then, existing methods are reviewed, highlighting their
contributions and their significance in the field. Finally, quantitative results are given for the described methods and the datasets in
which they were evaluated, following up with a discussion of the results. At last, we point out a set of promising future works and draw
our own conclusions about the state of the art of semantic segmentation using deep learning techniques.

Index Terms—Semantic Segmentation, Deep Learning, Scene Labeling, Object Segmentation
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1 INTRODUCTION

NOWADAYS, semantic segmentation – applied to still
2D images, video, and even 3D or volumetric data

– is one of the key problems in the field of computer
vision. Looking at the big picture, semantic segmentation
is one of the high-level task that paves the way towards
complete scene understanding. The importance of scene
understanding as a core computer vision problem is high-
lighted by the fact that an increasing number of applications
nourish from inferring knowledge from imagery. Some of
those applications include autonomous driving [1] [2] [3],
human-machine interaction [4], computational photography
[5], image search engines [6], and augmented reality to name
a few. Such problem has been addressed in the past using
various traditional computer vision and machine learning
techniques. Despite the popularity of those kind of methods,
the deep learning revolution has turned the tables so that
many computer vision problems – semantic segmentation
among them – are being tackled using deep architectures,
usually Convolutional Neural Networks (CNNs) [7] [8] [9]
[10] [11], which are surpassing other approaches by a large
margin in terms of accuracy and sometimes even efficiency.
However, deep learning is far from the maturity achieved
by other old-established branches of computer vision and
machine learning. Because of that, there is a lack of unifying
works and state of the art reviews. The ever-changing state
of the field makes initiation difficult and keeping up with
its evolution pace is an incredibly time-consuming task due
to the sheer amount of new literature being produced. This
makes it hard to keep track of the works dealing with se-

• A. Garcia-Garcia, S.O. Oprea, V. Villena-Martinez, and J. Garcia-
Rodriguez are with the Department of Computer Technology, University
of Alicante, Spain.
E-mail: {agarcia, soprea, vvillena, jgarcia}@dtic.ua.es

• S. Orts-Escolano is with the Department of Computer Science and
Artificial Intelligence, Universit of Alicante, Spain.
E-mail: sorts@ua.es.

mantic segmentation and properly interpret their proposals,
prune subpar approaches, and validate results.

To the best of our knowledge, this is the first review to
focus explicitly on deep learning for semantic segmentation.
Various semantic segmentation surveys already exist such
as the works by Zhu et al. [12] and Thoma [13], which do
a great work summarizing and classifying existing meth-
ods, discussing datasets and metrics, and providing design
choices for future research directions. However, they lack
some of the most recent datasets, they do not analyze
frameworks, and none of them provide details about deep
learning techniques. Because of that, we consider our work
to be novel and helpful thus making it a significant contri-
bution for the research community.

Fig. 1: Evolution of object recognition or scene understand-
ing from coarse-grained to fine-grained inference: classifica-
tion, detection or localization, semantic segmentation, and
instance segmentation.
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*Frege 1923; Tarski 1936; Davidson 1967; Montague 1974; Partee 1975; Palmer 1978
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Compositionality
• The content of  a complex representation is a function of  the 

contents of  its parts and the way they are combined.
• Exceptionally novel contents can thereby be “coded” efficiently in 

terms of  more commonplace elements and forms of  combination.

“Ann smokes”

World

14 Executing the Fregean Program 

(1) S � 
NP VP I I 
N V I I 

Ann smokes 

We want to formulate a set of semantic rules which will provide denotations 
fol' all trees and subtrees in this kind of structure. How shall we go about 
this ? What sorts of entities shall we employ as denotations? Let us be guided 
by Frege. 

Frege took the denotations of sentences to be truth-values, and we will fol
low hi m in this respect. But wait. Can this be right? The previous chapter began 
with the statement "To know the meaning of a sentence is to know its truth
conditions " .  We e mphasi zed that the meaning of a sentence is not its actual 
truth-value, and concluded that a theory of meaning for natural language should 
pair sentences with their truth-conditions and explain how this can be done in a 
compositional way. Why, then, are we proposing truth-values as the denotations 
for sentences ? Bear with us . Once we spell out the complete proposal, you 'll see 
that we will end up with truth-conditions after all. 

The Fregean denotations that we are in the midst of introducing are also 
called "extensions ", a term of art which is often safer to use because it has no 
potentially interfering non-technical usage. The extension of a sentence, then, 
is its actual truth-value. What are truth-values? Let us identi fy them with the 
numbers 1 (True) and 0 (False) . Since the extensions of sentences are not func
tions, they are saturated in Frege's sense. The extensions of proper names like 
"Ann" and "Jan" don 't seem to be functions either. "Ann " denotes Ann, and 
"Jan" denotes Jan. 

We are now ready to think about suitable extensions for intransitive verbs like 
" smokes" . Look at the above tree. We saw that the extension for the lexical item 
"Ann" is the individual Ann. The node dominating "Ann" is a non-branching 
N-node . This means that it should inherit the denotation of its daughter node .1 

The N-node is again do minated by a non-branching node. This NP-node, then, 
will inherit its denotation from the N-node. So the denotation of the NP-node 
in the above tree is dle individual Ann. The NP-node is dominated by a branching 
S-node. The denotation of the S-node, then, is calculated from the denotation 
of the NP-node and the denotation of the VP-node. We know that the denotation 
of the NP-node is Ann, hence saturated. Recall now that Frege conjectured that 
all semantic composition amounts to functional application. If that is so, we 

⟦ ⟧ ⟦ ⟧

⟦ ⟧
{x: x smokes}

Semantics

is true iff 👩 ∈ {x: x smokes}

Rule: [NP VP] is true iff ⟦NP⟧ ∈ ⟦VP⟧

Representational System

Syntax

*Heim & Kratzer 1998
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Semantics for Mental Representation

1. The Language of Thought Hypothesis: Just as natural and 
artificial languages have a syntax and semantics, computational 
psychology presupposes that so too do mental states involved 
in thinking, believing, desiring, and intending. (Fodor 1975)
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Semantics for Mental Representation

“Images do not seem to have a syntax.”

-Stephen Kosslyn, Image and Mind (1980)

“Pictorial representations do not have a canonical 
structure. Their structure can be analyzed in many 
different ways (corresponding to the jigsaw puzzles 
that one can construct from it), but none of these can 
properly be described as giving the structure of the 
state of affair.”

-José Bermúdez, “Two Arguments for the Language-
Dependence of Thought” (2010)

1. The Language of Thought Hypothesis: Just as natural and 
artificial languages have a syntax and semantics, computational 
psychology presupposes that so too do mental states involved 
in thinking, believing, desiring, and intending. (Fodor 1975)

2. There are non-linguistic types of representation (images, 
pictures, etc.) that fall outside the scope of compositional 
syntax and semantic theorizing. (Kosslyn, Cummins)
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Semantics for Mental Representation

1. The Language of Thought Hypothesis: Just as natural and 
artificial languages have a syntax and semantics, computational 
psychology presupposes that so too do mental states involved 
in thinking, believing, desiring, and intending. (Fodor 1975)

2. There are non-linguistic types of representation (images, 
pictures, etc.) that fall outside the scope of compositional 
syntax and semantic theorizing. (Kosslyn, Cummins)

3. There are non-linguistic types of representations (diagrams, 
maps) that have compositional syntax and semantics, but very 
different from language. (Shin, Casati & Varzi, Camp, Rescorla)

“A division between syntax and semantics is not 
intrinsic to symbolic systems only. For any
representation system, whether it is symbolic or 
visual, we can discuss two levels, a syntactic level and 
a semantic level. This is what representation means.”

-Sun-Joo Shin, The Logical Status of Diagrams (1994)

Thinking With Maps / 155

a b

Figure 1. Two maps constructed of the same parts in different ways representing
systematically related but distinct states of affairs.

of rules, such that the content of the entire representation is a function of the
meaning and mode of combination of those symbols. The specific symbolic and
combinatorial principles employed by a representational system are, one might
think, at best a topic for merely empirical, neurophysiological investigation. At
the extreme, one might insist that diagrams and maps just are sentences written
in a funny notation. Thus, Eliot Sober (1976, 141) claims that the fundamental
distinction between pictures and sentences is that genuine pictures are analog, in
the sense that they represent continuous values (e.g. color) in a continuous way;
given this assumption, he then claims that “where [picture-like representational
systems] are digital, they simply are linguistic systems of a certain kind.” Likewise,
Bermudez (2003, 155) claims that “the essence of language is the combination
of symbols with each other to express thoughts, taking thoughts to be complex
entities that can be assessed for truth or falsity.” Because maps satisfy these
conditions, perhaps they don’t constitute a counterexample to the claim that
thought must be language-like after all.

In this section I argue that maps and languages do operate according to
importantly different combinatorial principles, and that as a result, thinking
in maps is substantively different from thinking in sentences. In principle, we
can distinguish two aspects of any representational system. On the one hand,
there is the form of its representational vehicles: what the basic representational
constituents are and the principles that govern how those constituents are put
together. On the other hand, there is their content: what those constituents
are about and the principles that determine that they are about this. The
overall content of a complete representational vehicle is a function of the
content of its basic representational parts and the significance of their mode of
combination. In linguistic systems, this distinction is clear, and corresponds to
the distinction between syntax and semantics. In other systems, the distinction
is less clear, because the two principles interact in interesting ways. Although we
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Semantics for Mental Representation

1. The Language of Thought Hypothesis: Just as natural and 
artificial languages have a syntax and semantics, computational 
psychology presupposes that so too do mental states involved 
in thinking, believing, desiring, and intending. (Fodor 1975)

2. There are non-linguistic types of representation (images, 
pictures, etc.) that fall outside the scope of compositional 
syntax and semantic theorizing. (Kosslyn, Cummins)

3. There are non-linguistic types of representations (diagrams, 
maps) that have compositional syntax and semantics, but very 
different from language. (Shin, Casati & Varzi, Camp, Rescorla)

4. Empirically grounded semantic theories for perceptual 
representations. (Matthen, Clark(e), Burge, Quilty-Dunn, 
Lande)

12



A Case Study: Contour Perception
the human visual system represents contours and shapes in a 
piecewise manner. In other words, it segments contours and 
shapes into simpler ‘parts’ and organizes shape 
representations using these parts and their spatial 
relationships. Far from being arbitrary subsets, these 
perceptual parts are highly systematic, and segmented using 
predictable geometric ‘rules.’

-Manish Singh, “Visual Representation of Contour and 
Shape” (2015)

“

”
Just as linguists must work hard to discern the eligible 
phonemes and computational rules that ultimately lead to the 
well-formed syntax of a native speaker, so too must vision 
scientists carefully design experiments to figure out the 
features and compositional rules that govern [contour 
representations].

-Brian Keane, “Contour Interpolation: A Case Study in 
Modularity of Mind” (2018)

“

”
*Kellman 2013

INFORMATIONAL ASPECTS OF VISUAL PERCEPTION 185

Fie. 2. Subjects attempted to approximate
the dosed figure shown above with a pattern
of 10 dots. Radiating bars indicate the rela-
tive frequency with which various portions of
the outline were represented by dots chosen.

Evidence from other and entirely dif-
ferent situations supports both of these
inferences. The concentration of infor-
mation in contours is illustrated by the
remarkably similar appearance of ob-
jects alike in contour and different
otherwise. The "same" triangle, for ex-
ample, may be either white on black or
green on white. Even more impressive
is the familiar fact that an artist's
sketch, in which lines are substituted
for sharp color gradients, may consti-
tute a readily identifiable representation
of a person or thing.

An experiment relevant to the second
principle, i.e., that information is fur-
ther concentrated at points where a
contour changes direction most rapidly,
may be summarized briefly.8 Eighty 5s
were instructed to draw, for each of 16
outline shapes, a pattern of 10 dots
which would resemble the shape as
closely as possible, and then to indicate
on the original outline the exact places

3 This study has been previously published
only in the form of a mimeographed note:
"The Relative Importance of Parts of a Con-
tour," Research Note P&MS Sl-8, Human Re-
sources Research Center, November 1951.

which the dots represented. A good
sample of the results is shown in Fig. 2:
radial bars indicate the relative fre-
quency with which dots were placed on
each of the segments into which the con-
tour was divided for scoring purposes.
It is clear that Ss show a great deal of
agreement in their abstractions of points
best representing the shape, and most
of these points are taken from regions
where the contour is most different from
a straight line. This conclusion is veri-
fied by detailed comparisons of dot fre-
quencies with measured curvatures on
both the figure shown and others.

Common objects may be represented
with great economy, and fairly striking
fidelity, by copying the points at which
their contours change direction maxi-
mally, and then connecting these points
appropriately with a straightedge. Fig-
ure 3 was drawn by applying this tech-
nique, as mechanically as possible, to a
real sleeping cat. The informational
content of a drawing like this may be
considered to consist of two compo-
nents: one describing the positions of
the points, the other indicating which
points are connected with which others.
The first of these components will al-
most always contain more information
than the second, but its exact share will
depend upon the precision with which
positions are designated, and will fur-
ther vary from object to object.

Let us now return to the hypothetical
subject whom we left between the corner

FIG. 3. Drawing made by abstracting 38
points of maximum curvature from the con-
tours of a sleeping cat, and connecting these
points appropriately with a straightedge.

*Attneave 1954
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A warm-up.

1. The Semantics of Mental Representations
2. Concatenating Fragments
3. Integrating Features
4. Integrating Contours
5. The Format of Contour Perception
6. The Whole and the Parts
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Accuracy Conditions

(S1) If S1 is a representa9on of x in context 𝛿, then it is perfectly accurate ⇔ (if and only if)  
x is a contour element oriented 0° w.r.t. gravity and located at top of scene in 𝛿.

…
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Accuracy Conditions:
Representation

1. Orientation of the distal stimulus predicts task 
responses better than any independently 
individuated feature of the proximal stimulus.

2. Task responses cannot causally depend on the distal 
stimulus itself. 

3. An explanation of task responses is that they causally 
depend on an internal representation or estimate of 
distal orientation, such that, other things equal, the 
distal orientation is predictive to the degree that the 
internal representation is accurate. 

DISTAL PROXIMAL RESPONSE

(S1) If S1 is a representa/on of x in context 𝛿, then it is perfectly 
accurate ⇔ x is a contour element oriented 0° w.r.t. gravity 
and located at top of scene in 𝛿.

A B C D

A B C D

REPRESENTATION

A B C D
(S1) If S1 is a representa/on of x in context 𝛿, then it is perfectly 

accurate ⇔ x is a contour element oriented 0° w.r.t. gravity 
and located at top of scene in 𝛿.

*Cf. Burge 2010
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Accuracy Conditions:
Accuracy vs. Truth

1. Accuracy comes in degrees
• Distal orientation predicts response to the degree that the 

representation is accurate.

2. Accuracy does not require propositional truth
• Non-propositional representations (e.g. images) can be accurate.
• Sub-propositional representations (“That vertical column”) can 

be accurate.
• True propositional representations (“That vertical column 

predates Caesar”) can be inaccurate.

DISTAL PROXIMAL RESPONSEREPRESENTATION

A B C D

A B C D

A B C D

(S1) If S1 is a representation of x in context 𝛿, then it is perfectly 
accurate ⇔ x is a contour element oriented 0° w.r.t. gravity 
and located at top of scene in 𝛿.

(S1) If S1 is a representa/on of x in context 𝛿, then it is perfectly 
accurate ⇔ x is a contour element oriented 0° w.r.t. gravity 
and located at top of scene in 𝛿.
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Accuracy Conditions:
Perceptual Reference

Accuracy is evaluated with respect to a target referent in 
the context in which the perceptual representation is 
formed.

DISTAL PROXIMAL RESPONSEREPRESENTATION

A B C D

A B C D

A B C D

(S1) If S1 is a representa/on of x in context 𝛿, then it is perfectly 
accurate ⇔ x is a contour element oriented 0° w.r.t. gravity 
and located at top of scene in 𝛿.

*Cf. Kaplan 1989; Burge 2010; RecanaO 2012; Lande 2021b
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(S1) If S1 is a representa/on of x in context 𝛿, then it is perfectly 
accurate ⇔ x is a contour element oriented 0° w.r.t. gravity 
and located at top of scene in 𝛿.



Accuracy Conditions: 
Structural Description

The name of the perceptual representation (“S6”) can be 
replaced with a structural description (“{ea , eb}”) of the 
representation.

(S1) If      S6 is a representa/on of x in context 𝛿, then it is 
perfectly accurate ⇔ x is a contour element oriented 0°
w.r.t. gravity and located at top of scene in 𝛿.

{ea , eb}
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Structural Description

• Structural/syntactic descriptions function to explain 
the distribution of representations: how they can, 
cannot, and must co-occur (other things equal). (Lande
2021a)
• E.g. Garner’s speeded classification task

• Task: discriminate feature (e.g. orientation of top element).
• Baseline condition: vary target feature while holding non-

target feature constant across trials.
• Filtering condition: vary both features.
• If filtering performance doesn’t differ from baseline 

performance, then variance in response to target feature is 
independent of variance in response to non-target feature.

• Explanation: The orientations of the two elements are coded 
by separate variables, with distinct variances: S6 = {ea, eb} 0
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*Garner 1974; Ashby & Townsend 1986; Algom & Fitousi 2016
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Semantics of Concatenation

REPS = set of representations in system 

Atoms

1. Syntax: {et,0° , et,45° , … er,0° , … , el,135°} ⊆ REPS

2. Semantics: 
1. If et,0° is a representation of x in 𝛿, then it is perfectly accurate ↔ x is a 

contour located at top of scene and oriented 0° w.r.t. to scene in 𝛿.

2. …

Concatenation +

1. Syntax: 𝛂1+ …+ 𝛂n ∈ REPS, where 𝛂1+ …+ 𝛂n = {𝛂1,…, 𝛂n},

IF 𝛂1,…, 𝛂n ∈ REPS.

1. Semantics: 𝛂1+ …+ 𝛂n is perfectly accurate ⇔ for every 
constituent 𝛂i, 𝛂i is perfectly accurate in 𝛿.

21

*Cf. Sober 1976
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Sub-atomic primitives.

1. The Semantics of Mental Representations
2. Concatenating Fragments
3. Integrating Features
4. Integrating Contours
5. The Format of Contour Perception
6. The Whole and the Parts

22



Structural Description
Illusory Conjunctions
• Illusory conjunction: Correct about features, incorrect 

about how they are co-instantiated.
• Explanation:

• Representation of an item x as located at top, vertical, and blue 
consists of constituents
• Representation of an item y as at top
• Representation of an item z as vertical
• Representation of an item w as blue

• The import of combination is: the constituents must be accurate of 
the same item (x=y=z=w).

• Noise can lead to same feature representations being combined in 
different ways.

• Not all constituents are individually well-formed in the sense 
that they can be tokened in isolation.
• Orientation and position receive distinct constituents.
• But cannot represent orientation without combining with a position 

representation (see Quinlan 2003). These representations are sub-
atomic primitives.

• Constituents are not all self-standing building blocks

• No commitment to what the “binding mechanism” is (e.g. no 
commitment to FIT).

*Treisman 1982; MaWhen 2005; Clarke 2021 
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Semantics of Feature Integration
Primitives

• Syntax: 
1. Position representations: POS = {t, r, b, l}⊆ REPS

2. Feature representations: FEAT = {0, 45, 90, 145}⊆ REPS

• Semantics: 
1. Where μ is an structure-preserving mapping from psych dimensions to world dimensions (cf. 

Beck 2019):
a. If 𝞀 ∈ POS is a representation of x in 𝛿, then it is perfectly accurate ⇔ x is located at position μ(𝞀) in 𝛿.

b. If 𝚹 ∈ FEAT is a representation of x in 𝛿, then it is perfectly accurate ⇔ x has orientation μ(𝚹)° in 𝛿.

Feature Integration ⨉

CONTOUR = set of contour representations (CONTOUR ⊆ REPS)

• Syntax: 𝛂1 ⨉ … ⨉ 𝛂n ∈ CONTOUR, where 𝛂1 ⨉ … ⨉ 𝛂n has the form, 〈 𝛂1 … , 𝛂n 〉, ⇔

𝛂1 is a position representation (𝛂1 ∈ POS) and 𝛂n>1 are feature representations (𝛂n>1 ∈ FEAT)

• Semantics: If 𝛂1 ⨉ … ⨉ 𝛂n ∈ CONTOUR is a representation of x in 𝛿, then it is perfectly 
accurate ⇔

a. All its constituents 𝛂i are perfectly accurate in 𝛿, and
b. All its constituents represent the same thing: For all y, if there is a constituent 𝛂i that is a 

representation of y in 𝛿, then x=y.

0°
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*cf. Clark 2004; MaWhen 2014
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From fragments to objects.

1. The Semantics of Mental Representations
2. Concatenating Fragments
3. Integrating Features
4. Integrating Contours
5. The Whole and the Parts
6. The Format of Contour Perception
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Structural Description
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Structural Description:
Grouping Advantages

Kempgens et al. Set-size effects for sampled shapes

The random orientation experiment shows that a change in
orientation of one element, when embedded in a configura-
tion of elements with random orientations, becomes increasingly
harder to detect the more elements there are in the pattern.
Figure 5 shows thresholds for detecting a change in orientation
as a function of set-size. In contrast to the thresholds for the
“aligned circle” (Figure 3), the data for the random orientation
experiment show a strong positive set-size effect (slope = +1.1),
confirming earlier results (Orbach et al., 2005).

SPACING EXPERIMENT
In the “shape alignment” experiment (Figure 1B), the spac-
ing between pattern elements co-varied with set-size. To iso-
late the influence of inter-element spacing, elements in this
experiment were also positioned on RF shapes but set-size was
kept constant (seven elements) while the spacing between ele-
ments was varied. Reducing the average spacing of seven Gabors
resulted in patterns ranging from complete, but sparsely sam-
pled, RF shapes to short, but densely sampled, partial RF shapes
(Figure 1C).

Thresholds were determined for a circle, RF 4, and RF 8 (using
the standard 2AFC procedure) and for the random orientation
condition (modified 2AFC procedure). Data are presented as a
function of inter-element spacing, which was calculated as the
average distance between two adjacent elements (Figure 6). Six
different spacings were tested (0.4, 0.7, 1.0, 1.3, 1.8, and 2.3! cor-
responding to 3, 5, 7, 9, 13, and 16 !, where ! is the Gabor carrier
wavelength).

FIGURE 5 | Random orientation experiment. Comparison of performance
for patches aligned to a circle (filled circles) and randomly oriented patches
on a circle (open circles) shows a strong positive set-size slope for the
latter, in sharp contrast to the negative set-size slope for the former. The
insets show examples of the stimuli.

Thresholds for circular shape range between 14! (for the
widest spacing, 16 !) and 7.3! (7 !). For the RF 4, thresholds
range from 59! (16 !) to 20! (3 !) and from 81! (16 !) to 26!

(3!) for RF 8. Statistical analysis showed significant main effects
for shape [F(2, 51) = 223.52, p < 0.025] and spacing [F(5,51) =
35.23, p < 0.025] and a significant interaction between them
[F(9, 51) = 13.31, p < 0.025], consistent with the different slopes.
Post-hoc tests showed significant (p < 0.025) differences for cor-
responding spacings between each of the three shapes tested, with
the exception of RF 4 vs. RF 8 with 3, 5, and 13 ! spacing (p =
0.127, 0.72, and 0.063). The slopes were "0.22, "0.6, and "0.72
for circle, RF4 and RF8, respectively. The slope for the circle was
significantly different from those for RF 4 and 8 (p < 0.025), but
the slopes for RF4 and RF8 were not (p = 0.378).

There is an obvious similarity between the data for the “shape
alignment” experiment (Figure 3) and the “spacing” experi-
ment (Figure 6) when data are plotted with decreasing inter-
element spacing on the abscissa. To quantify this, we conducted
an ANOVA with the experimental condition (shape alignment
vs. spacing experiment) as an additional factor. This analysis
revealed no main effect of experimental condition [F(1, 114) =
0.145, p = 0.704], suggesting that co-varying the number of
elements with inter-element spacing seems to have no effect on
thresholds.

FIGURE 6 | Spacing experiment. Average performance (three observers)
for circular (blue circles), RF 4 (red squares) and RF 8 (green diamonds) is
displayed as a function of inter-element spacing expressed as multiples of
the Gabor carrier wavelength (!). Asterisks indicate conditions where the
threshold of at least one observer was above the maximum of 90! and the
resulting value is the mean across the remaining observers. The inset
shows the results of the “shape alignment experiment” as a function of
inter-element spacing. It is immediately obvious that the results of shape
alignment and spacing experiments are very similar, and that in both cases
thresholds decrease with decreasing inter-element spacing.

Frontiers in Computational Neuroscience www.frontiersin.org May 2013 | Volume 7 | Article 67 | 6

2B). Thus, one needs to give up one characteristic. One
option is to give up the feedforward processing. The other
option is that visual processing is not strictly hierarchical.
For example in the reverse hierarchy model (Hochstein &
Ahissar, 2002), when low-level features, such as lines, are
attended, they may be represented on higher stages of
vision, allowing for shape-line interactions. Likewise,
shape may be processed at early stages (Altmann,
Bülthoff, & Kourtzi, 2003) and can thus interact with the
vernier. Future research will need to address these
principled questions before embarking on detailed
modeling.

Third, it may be argued that, for example, adding
flankers increases the regularity of the stimulus
configuration and, thus, simplifies the Fourier spec-
trum. However, we could not find evidence for such a
model using standard Fourier analysis (Clarke, Herzog,
& Francis, 2014).

Fourth, models based on eye movements (Nandy &
Tjan, 2012) may explain why crowding occurs within
Bouma’s window and can account for anisotropies of
crowding. However, asmentioned, Bouma’s law does not
always hold true. In addition, the models cannot explain
the grouping and ungrouping effects in foveal vision

(Malania et al., 2007; Sayim et al., 2008, 2010), where eye
movements obviously play no role (see also for foveal
crowding: Westheimer & Hauske, 1975; Levi et al., 1985;
Huurneman, Boonstra, Cox, Cillessen, & Rens, 2012;
Lev, Yehezkel, & Polat, 2014; Norgett & Siderov, 2014).

Future models

The results described in this review provide strong
constraints and guidance for future modeling. We
sketch briefly several principled avenues but there
might be many more. As mentioned, basic pooling
models of crowding (Wilkinson et al., 1997; Parkes et
al., 2001; Greenwood et al., 2009, 2010; Van Den Berg
et al., 2010) cannot explain our results, and the same is
true for current pooling models based on summary
statistics reproducing Bouma’s law (Balas et al., 2009).
However, summary statistics models may just give up
the link to receptive field sizes or implement summary
statistics on multiple levels (Freeman & Simoncelli,
2011; Whitney, Haberman, & Sweeny, 2014). Whether
such or texture recognition models can explain
uncrowding is an open, but important, question since

Figure 5. For illustrative purposes, we have plotted various stimuli for the studies. Fixate the central cross and compare stimuli on the

right to those on the left hand side.

Journal of Vision (2015) 15(6):5, 1–18 Herzog, Sayim, Chicherov, & Manassi 10
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*Herzog et al., 2015; Livne & Sagi 2007

*Kempgens, Loffler, & Orbach 2013

FlGURE 3. An example of a stimulus used in the experiments reported. The left-hand panel shows the path of elements (the stimulus) that the subjects must detect when embedderl 
in an array of randomly oriented elements (the stimulus plus background shown on the right). In all experiments, the stimulus consisted of 12 elements aligned along a path. In this 

example each successive element differs in orientation by $30deg and for this difference in orientation the string of aligned elements is easily detected. 
FIGURE 6. The right side of the figure shows an example of a stimulus used in Expt I In this example, the path orientation variable p has the values f 60 deg. Observers found 

the task of detecting the path considerably more difficult in this condition than in the condition shown in Fig. 3 (fl = k 30deg). 

FIGURE 6. The right side of the figure shows an example of a stimulus used in Expt I In this example, the path orientation variable p has the values f 60 deg. Observers found 
the task of detecting the path considerably more difficult in this condition than in the condition shown in Fig. 3 (fl = k 30deg). 

FlGURE 3. An example of a stimulus used in the experiments reported. The left-hand panel shows the path of elements (the stimulus) that the subjects must detect when embedderl 
in an array of randomly oriented elements (the stimulus plus background shown on the right). In all experiments, the stimulus consisted of 12 elements aligned along a path. In this 

example each successive element differs in orientation by $30deg and for this difference in orientation the string of aligned elements is easily detected. *Field, Hess, & Hayes 1993
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1. Less noisy, more accurate, 
faster to represent features 
within-contour than 
across-contour.

2. Explanation: 
representations of  
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combined into a unit, 
narrowing the search 
space and disentangling 
from variance in 
representation of  other 
elements.



Structural Description:
Grouping Advantages
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in an array of randomly oriented elements (the stimulus plus background shown on the right). In all experiments, the stimulus consisted of 12 elements aligned along a path. In this 

example each successive element differs in orientation by $30deg and for this difference in orientation the string of aligned elements is easily detected. 

28

1. Less noisy, more accurate, 
faster to represent features 
within-contour than 
across-contour.

2. Explanation: 
representations of contour 
segments are combined 
into a unit, narrowing the 
search space and 
disentangling from 
variance in representation 
of other elements.



Structural Description:
No whole without the parts

1. Representation of contour 
requires representations of 
segments.

2. Explanation: representation of 
contour is composed from 
representations of segments.  

*Field et al. 1993; Baker, Garrigan, & Kellman 2020
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Structural Description:
Good continuation

Local binding via association field:
Representations of segments can combine only if
• Perceived positions and orientations of the fragments 

are aligned approximately along a smooth, non-
inflected curve.

190 DAVID J. FIELD et al 

particular, fractal models have been found to provide an 
effective description of many natural image phenomena 
(e.g. Keller, Crownover & Chen, 1987; Pentland, 1984) 
and fractals are increasingly used in the study of visual 
processing (e.g. Cutting & Garvin, 1987; Knill, Field & 
Kersten, 1989; Westheimer, 1991). 

In this study, we have data from only a single fre- 
quency band. To determine how the human visual system 
integrates information across neighboring frequency 

bands would require further experiments, which we leave 
for a later paper. However, we should point out that the 
proposed association field may have a number of par- 
ameters other than those of orientation and position. 

Relation to texture segregation 
A number of studies have been concerned with the prin- 

ciples by which textures group together and segregate 
from other textures. The Gestalt rules of organization 

FIGURE 16. The a.ssociarion$eld. The diagram at the top of the figure (a) represents the rules by which the elements in the 
path are associated and segregated from the background. The precise size of this field would be difficult to determine from 
this study since it will certainly vary with the particular experimental conditions employed. For example, in this study, the 
subjects were required to detect 12 elements in a grid of 256 elements. Changing either the path size or the grid size would 
change our estimate of the association field. The curves in (b) represent the specific rules of alignment. Grouping occurs only 
when the orientation of elements conforms to first-order curves (i.e. curves with no points of inflection) like those shown by 
the rays extending from the center of the elements as shown in this figure. The integration process thus appears to show strong 
joint constraints of position and orientation. Thus, our results suggest that elements with alignment like that shown on the 
bottom left will be “associated” while elements like that shown on the right will not even though the difference in orientation 

is the same in both examples. 

*Field et al. 1993

Can combine Cannot combine
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FlGURE 3. An example of a stimulus used in the experiments reported. The left-hand panel shows the path of elements (the stimulus) that the subjects must detect when embedderl 
in an array of randomly oriented elements (the stimulus plus background shown on the right). In all experiments, the stimulus consisted of 12 elements aligned along a path. In this 

example each successive element differs in orientation by $30deg and for this difference in orientation the string of aligned elements is easily detected. 

FIGURE 6. The right side of the figure shows an example of a stimulus used in Expt I In this example, the path orientation variable p has the values f 60 deg. Observers found 
the task of detecting the path considerably more difficult in this condition than in the condition shown in Fig. 3 (fl = k 30deg). 
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in an array of randomly oriented elements (the stimulus plus background shown on the right). In all experiments, the stimulus consisted of 12 elements aligned along a path. In this 

example each successive element differs in orientation by $30deg and for this difference in orientation the string of aligned elements is easily detected. 



Structural Description:
Good continuation

Local binding via association field:
Representations of segments can combine only if
• Perceived positions and orientations of the fragments 

are aligned approximately along a smooth, non-
inflected curve.

Global binding:
• “a contour must be represented not as a set but as a 

sequence of local elements” (Elder & Goldberg 2002: 
348).

• Markov property: A sequence of segment 
representations can combine if and only if each 
representation is combinable with the next in the 
sequence (Elder & Goldberg 2002).

190 DAVID J. FIELD et al 

particular, fractal models have been found to provide an 
effective description of many natural image phenomena 
(e.g. Keller, Crownover & Chen, 1987; Pentland, 1984) 
and fractals are increasingly used in the study of visual 
processing (e.g. Cutting & Garvin, 1987; Knill, Field & 
Kersten, 1989; Westheimer, 1991). 

In this study, we have data from only a single fre- 
quency band. To determine how the human visual system 
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bands would require further experiments, which we leave 
for a later paper. However, we should point out that the 
proposed association field may have a number of par- 
ameters other than those of orientation and position. 
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ciples by which textures group together and segregate 
from other textures. The Gestalt rules of organization 
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path are associated and segregated from the background. The precise size of this field would be difficult to determine from 
this study since it will certainly vary with the particular experimental conditions employed. For example, in this study, the 
subjects were required to detect 12 elements in a grid of 256 elements. Changing either the path size or the grid size would 
change our estimate of the association field. The curves in (b) represent the specific rules of alignment. Grouping occurs only 
when the orientation of elements conforms to first-order curves (i.e. curves with no points of inflection) like those shown by 
the rays extending from the center of the elements as shown in this figure. The integration process thus appears to show strong 
joint constraints of position and orientation. Thus, our results suggest that elements with alignment like that shown on the 
bottom left will be “associated” while elements like that shown on the right will not even though the difference in orientation 

is the same in both examples. 

Elder & Goldberg 345 

hypotheses, from which final organizations are selected 
using global criteria, e.g., endpoints (Elder & Goldberg, 
2001), closure (Elder & Zucker, 1996a), or completeness 
(Elder & Krupnik, 2001). The cost of this computation 
depends on the number of local hypotheses generated per 
tangent; stronger local cues may permit a reduction in the 
number of local hypotheses needed to ensure that the 
correct global solution is represented.  

This theory motivates a third measure of local 
inferential power, based on the concept of a local 
complexity limit. We characterize the local complexity 
limit of a computation as the maximum number m  of 
local hypotheses that may be represented per tangent. A 
local representation is then said to be in error if it does 
not contain the correct hypothesis.  

Figure 16 shows the error rates for each of the cues 
individually,11 and for all cues combined, as a function of 
the number of local hypotheses represented. Again we see 
that proximity is a far more important cue than good 
continuation and similarity cues, which are roughly equal 
in their inferential power. Importantly, we also see that 
Bayesian combination of the cues (Equation 7) yields the 
best performance, attesting to the independent 
information available in each cue.  
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Figure 16. Contour grouping performance for each cue 
individually and for the combined cues. 

7.4   On the General Shape of the 
Distributions 

Contour likelihood distributions and posteriors for 
all cues were found to be kurtotic, with long tails. Thus 
extreme values for these cues occur as generic events. 
Figure 17 shows sample contours generated using the 
developed models for proximity, parallelism, and 
cocircularity cues. While these contours are generally 
continuous and smooth, sudden gaps and corners occur 
fairly frequently. This corresponds well to our intuition 
about contours in the natural world. Occlusions are 
commonplace, and thus we expect to occasionally observe 
significant gaps. Objects and other structures often have 

corners, and thus we expect to occasionally witness 
significant jumps in tangent orientation. Objects can also 
be dappled in paint and shadow, and so discontinuities in 
luminance cues are also likely.  

Given the relative importance of the law of proximity, 
it would be a significant advance if we could unify the 
statistics of proximity cues in natural images with 
observed psychophysical data. In Section 1.1, we noted 
that Gaussian, exponential, and power law models have 
been used to describe the law of proximity in both human 
and computer vision systems. Our results show that only 
the power law is consistent with the ecological statistics of 
contours. Power laws generally suggest scale-invariant 
processes, and thus our findings support prior 
psychophysical observations of scale invariance in the 
perceptual organization of dot lattice stimuli (Kubovy & 
Holcombe, 1998).  

We can compare the estimated exponent 
2 92 0 02 � r �b  to estimates made by Oyama based on 

psychophysical data for multistable dot-lattice patterns 
(Oyama 1961; see Section 1.1). From two separate 
experiments, Oyama estimated  and 2 88 �b 2 89 �b

.05

. 
These psychophysical estimates differ by roughly 1% from 
our own estimate based on the statistics of natural images. 
This difference is not statistically significant ( ). p �

7.5   Quantitative Models for the Law 
of Proximity 

Figure 17. Sample contours generated from natural image 
statistics. 

 

The generative nature of our model is quite 
important. Generated sample contours allow us to 
visually evaluate the statistical information captured in 
the model, and can be used in psychophysical 
experiments to assess the tuning of human vision to 
natural image statistics. Note that modeling the ordered 
statistics is critical for the generative model: the 
unordered statistics are insufficient.  

 

Downloaded From: http://jov.arvojournals.org/pdfaccess.ashx?url=/data/Journals/JOV/933497/ on 10/30/2015

*Elder & Goldberg 2002
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Structure vs. metaphysics, semantics, inference

Not just metaphysics
• The point is not that 

coherent shapes 
necessarily consist of 
aligned segments.

• Rather: representations of 
coherent shapes can only 
be of contours with 
aligned segments.

Not just semantics
• The point is not just that 

a shape representation is 
accurate only if the 
segments of the 
represented contour are 
aligned.

• Rather: the degree to 
which shape 
representations can occur 
at all (whether accurately 
or inaccurately) depends 
on the alignment of the 
represented contours.

Not just process
• The point is not merely

that alignment is an input 
cue or processing 
heuristic for deriving 
shape representations 
from the retinal image.

• A systematic constraint 
on the possibility of 
contour representations 
as a function of how their 
constituents are related.
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Semantics of Contour Integration
Contour Integration ○

• Syntax†: 𝛂1 ○ … ○ 𝛂n ∈ CONTOUR, where 𝛂1 ○ … ○ 𝛂n= ( 𝛂1 , … , 𝛂n ), ⇔
for all constituents 𝛂i

1. 𝛂i ∈ CONTOUR (all are contour representations)
2. 𝛂1 ○ 𝛂i+1 ∈ CONTOUR (adjacent pairs are combinable), 

where
3. 𝛂1 ○ 𝛂i+1 ∈ CONTOUR ↔ align(𝛂1 , 𝛂i+1 ) (pairwise 

combinability corresponds to alignment of represented 
positions and orientations)

• Semantics: If 𝛂1 ○ … ○ 𝛂n ∈ CONTOUR is a 
representation of x in 𝛿, then it is perfectly accurate ⇔

1. x is a contour, and
2. Every constituent 𝛂i is perfectly accurate in 𝛿, and
3. For all y, if there is a constituent 𝛂i that is a 

representation of y in 𝛿, then x is part of y.

0°

CONTOUR

CONTOUR

FEATPOS

35†Syntac-c rules may be probabilis)c (Zhu & Mumford 2006). [But will save discussion for Q&A]
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Semantics for a Fragment of Perception
REPS = set of all representations

Primitives:

• Syntax: 
1. Position representations: POS = {t, r, b, l} ⊆ REPS

2. Feature representations: FEAT = {0, 45, 90, 145} ⊆ REPS

• Semantics: Where μ is a structure-preserving mapping
1. If 𝞀 ∈ POS is a representation of x in 𝛿, then it is perfectly accurate ⇔

x is located at position μ(𝞀) in 𝛿.

2. If 𝚹 ∈ FEAT is a representation of x in 𝛿, then it is perfectly accurate 
⇔ x has orientation μ(𝚹)° in 𝛿.

Feature Integration:

CONTOUR ⊆ REPS

• Syntax: 𝛂1 ⨉… ⨉𝛂n ∈ CONTOUR, where 𝛂1 ⨉… ⨉𝛂n has the form, 
〈 𝛂1 … , 𝛂n 〉, ⇔ 𝛂1 is a position representation (𝛂1 ∈ POS) and 𝛂n>1 are feature representations (𝛂n>1 ∈ FEAT)

• Semantics: If 𝛂1 ⨉… ⨉𝛂n ∈ CONTOUR is a representation of x in 𝛿, 
then it is perfectly accurate ⇔

a. x is a contour

b. All its constituents 𝛂i are perfectly accurate in 𝛿, and

c. For all y, if a constituent 𝛂i is a representation of y in 𝛿, then x=y.

Contour Integration:

• Syntax: 𝛂1 ○ … ○ 𝛂n ∈ CONTOUR, where 𝛂1 ○ … ○ 𝛂n = ( 𝛂1 , … , 𝛂n), ⇔ for every 
constituent 𝛂i:

1. 𝛂i ∈ CONTOUR (i.e. all constituents are contour representations)
2. 𝛂1 ○ 𝛂i+1 ∈ CONTOUR (i.e. adjacent pairs of constituents are combinable), where
3. 𝛂1 ○ 𝛂i+1 ∈ CONTOUR ↔ align(𝛂1 , 𝛂i+1 ) (i.e. pairwise combinability corresponds to 

alignment of represented positions and orientations)

• Semantics: If 𝛂1 ○ … ○ 𝛂n ∈ CONTOUR is a representation of x in 𝛿, then it is 
perfectly accurate ⇔ for every constituent 𝛂i:

1. 𝛂i is perfectly accurate in 𝛿, and
2. If there is a y such that 𝛂i is a representation of y in 𝛿, then x is part of y.

Concatenation:

• Syntax: 𝛂1+ …+ 𝛂n ∈ REP, where 𝛂1+ …+ 𝛂n = {𝛂1,…, 𝛂n}, IF

𝛂1,…, 𝛂n ∈ CONTOUR.

• Semantics: 𝛂1+ …+ 𝛂n is perfectly accurate ⇔ for every constituent 𝛂i, 𝛂i is 
perfectly accurate in 𝛿.
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The grammar of contours is unlike the grammar of languages.

1. The Semantics of Mental Representations
2. Concatenating Fragments
3. Integrating Features
4. Integrating Contours
5. The Format of Contour Perception
6. The Whole and the Parts
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Aspects of Iconicity
• Mirroring (Block 1983; Kulvicki 2014; Burge 2018)

• Representational part-whole à worldly part-
whole

39
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Aspects of Iconicity
• Mirroring (Block 1983; Kulvicki 2014; Burge 2018)

• Representational part-whole à worldly part-
whole

• Constraint projection (Shimojima 2001; Palmer 
1978)
• Combinatorial constraint à world constraints
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particular, fractal models have been found to provide an 
effective description of many natural image phenomena 
(e.g. Keller, Crownover & Chen, 1987; Pentland, 1984) 
and fractals are increasingly used in the study of visual 
processing (e.g. Cutting & Garvin, 1987; Knill, Field & 
Kersten, 1989; Westheimer, 1991). 

In this study, we have data from only a single fre- 
quency band. To determine how the human visual system 
integrates information across neighboring frequency 

bands would require further experiments, which we leave 
for a later paper. However, we should point out that the 
proposed association field may have a number of par- 
ameters other than those of orientation and position. 

Relation to texture segregation 
A number of studies have been concerned with the prin- 

ciples by which textures group together and segregate 
from other textures. The Gestalt rules of organization 

FIGURE 16. The a.ssociarion$eld. The diagram at the top of the figure (a) represents the rules by which the elements in the 
path are associated and segregated from the background. The precise size of this field would be difficult to determine from 
this study since it will certainly vary with the particular experimental conditions employed. For example, in this study, the 
subjects were required to detect 12 elements in a grid of 256 elements. Changing either the path size or the grid size would 
change our estimate of the association field. The curves in (b) represent the specific rules of alignment. Grouping occurs only 
when the orientation of elements conforms to first-order curves (i.e. curves with no points of inflection) like those shown by 
the rays extending from the center of the elements as shown in this figure. The integration process thus appears to show strong 
joint constraints of position and orientation. Thus, our results suggest that elements with alignment like that shown on the 
bottom left will be “associated” while elements like that shown on the right will not even though the difference in orientation 

is the same in both examples. 
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*hWps://www.youtube.com/watch?v=E7dYXVLPd6Y

Representa*onal Constraint
If C is contained in B and B is 

contained in A, then C is 
contained in A

World Constraint
If C ⊆ B, and B ⊆ A, then C ⊆ A

C ⊆ B
B⊆ A
C ⊆ A

Representa*onal Constraint World Constraint

Geisler et al. 2002; cf. Elder & Goldberg 2002

W.S. Geisler et al. / Vision Research 41 (2001) 711–724 715

Fig. 3. Statistical analysis of edge co-occurrence in natural images. For each image, edge elements were extracted, and then each edge element was
compared with other edge elements. (A) Edge elements. Each red pixel in this image indicates the location of the center of a significant edge
element; the orientations of the elements are not shown. (B) First edge cooccurrence property. The line segments show the most frequently
occurring orientation difference for each given distance and direction from the central reference element. The color of a line segment indicates the
relative probability. (C) Second edge co-occurrence property. The line segments show the most frequently occurring direction for each given
distance and orientation difference from the central reference element. (D) Bayesian likelihood-ratio function. Each line segment shows a possible
geometrical relationship between an element and the reference element. The color of a line segment indicates the likelihood that the element and
reference belong to the same physical contour divided by the likelihood they belong to different physical contours. (E) A thresholded local
grouping function derived from the edge co-occurrence plot in C. (F) A thresholded local grouping function derived from the Bayesian
likelihood-ratio function in D.

(r=0.98). Note that the increased scatter at small
log-likelihood values is expected because log probabil-
ities are generally more variable when the estimated
probabilities are small.

As can be seen in Fig. 3D, edge elements that are
co-circular (i.e. consistent with a smooth continuous
contour) are more likely to belong to the same physi-
cal contour. These results support our interpre-
tation of the absolute statistics in Fig. 3C, and

provide further evidence that the Gestalt principle of
good continuation has a physical basis in the statis-
tics of the natural world. Most importantly, these re-
sults allow us to determine a maximum likelihood
(optimal) local grouping function for contour group-
ing in natural scenes. Given the fundamental impor-
tance of contour grouping for useful vision, it is
possible that the human local grouping function is
near this optimum.

https://www.youtube.com/watch?v=E7dYXVLPd6Y


Aspects of Iconicity
• Mirroring (Block 1983; Kulvicki 2014; Burge 2018)

• Representational part-whole à worldly part-
whole

• Constraint projection (Shimojima 2001; Palmer 
1978)
• Combinatorial constraint à world constraints

• Map-like (Camp 2007; Rescorla 2009; Matthen
2014; Clarke 2021)
• Features must be co-assigned with position.
• Combination depends on representations of 

spatial properties.

• Analog primitives (Maley 2010; Beck 2019)
• Primitives are related in psychological similarity 

space that corresponds to similarity of 
represented features
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particular, fractal models have been found to provide an 
effective description of many natural image phenomena 
(e.g. Keller, Crownover & Chen, 1987; Pentland, 1984) 
and fractals are increasingly used in the study of visual 
processing (e.g. Cutting & Garvin, 1987; Knill, Field & 
Kersten, 1989; Westheimer, 1991). 

In this study, we have data from only a single fre- 
quency band. To determine how the human visual system 
integrates information across neighboring frequency 

bands would require further experiments, which we leave 
for a later paper. However, we should point out that the 
proposed association field may have a number of par- 
ameters other than those of orientation and position. 

Relation to texture segregation 
A number of studies have been concerned with the prin- 

ciples by which textures group together and segregate 
from other textures. The Gestalt rules of organization 

FIGURE 16. The a.ssociarion$eld. The diagram at the top of the figure (a) represents the rules by which the elements in the 
path are associated and segregated from the background. The precise size of this field would be difficult to determine from 
this study since it will certainly vary with the particular experimental conditions employed. For example, in this study, the 
subjects were required to detect 12 elements in a grid of 256 elements. Changing either the path size or the grid size would 
change our estimate of the association field. The curves in (b) represent the specific rules of alignment. Grouping occurs only 
when the orientation of elements conforms to first-order curves (i.e. curves with no points of inflection) like those shown by 
the rays extending from the center of the elements as shown in this figure. The integration process thus appears to show strong 
joint constraints of position and orientation. Thus, our results suggest that elements with alignment like that shown on the 
bottom left will be “associated” while elements like that shown on the right will not even though the difference in orientation 

is the same in both examples. 
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“But… this can’t possibly work, can it?!”

1. The Semantics of Mental Representations
2. Concatenating Fragments
3. Integrating Features
4. Integrating Contours
5. The Format of Contour Perception
6. The Whole and the Parts
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The whole is other than the sum of its parts

• Emergent contents: global features 
attributed to whole but not its parts, 
or attributed to an item in virtue of 
its being perceived as part of a 
whole.
• Closure
• Parthood

• Configural effects: the way an 
individual element is perceived 
depends on the way other elements 
are perceived.

“There are wholes, the behavior of which is not 
determined by that of their individual elements, but where 
the part-processes are themselves determined by the 
intrinsic nature of the whole.”

-Max Wertheimer, “Gestalt Theory” (1924)

+ + + +
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Explaining holistic effects
• Emergent contents through semantic 

composition 
• Feature integration introduces content about co-

instantiation.
• Contour integration introduces content about 

parthood.

• Configural effects
• Structural dependencies: a and b combine only if 

sequence of pairwise combinable representations 
connects them.

• Semantic content: representation of orientation relative 
to x.

• Recurrent processing
• Representation has a compositional code ⇏

representation is produced in purely bottom-up, 
feedforward, piecemeal way.

• E.g., “analysis-by-synthesis” models in which 
bottom-up “proposals” about constituents are 
revised in light of scene context, given prior 
models (Yuille 2006).

0°
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Summary
1. A fully explicit compositional syntax and semantics can 

be developed for visual contour representations.
a) Concatenation
b) Feature integration
c) Contour integration

2. Structural and semantic claims are empirically 
constrained.
a) Semantic claims explain why distal feature predicts 

responses better than independently identifiable proximal 
features.

b) Structural claims explain distribution of representations.
3. The syntax and semantics of contour representations is 

quite different from that of languages, and has core 
aspects of iconicity.

4. The compositional program is consistent with the 
Gestalt maxim that the whole is other than the sum of 
the parts.
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Thank you!

Kevin Lande
Department of Philosophy / Centre for Vision Research

York University
lande@yorku.ca / www.kevinlande.com
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Rosa’s Comments

1. “Could any findings in neuroscience show that in fact we were wrong 
about whether these things are represented in particular ways?”

2. “What is the goal of your systematic semantic analysis? How exactly 
does having the formalism help (and who does it help)?”

3. “Do we need compositionality for generativity?”
4. “Your semantic theory seems to require that visual representations are 

discrete”
5. “How does your theory help to illustrate how semantic theories can 

have empirical content?”
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1. Neuroscience
• Neuroscientific results can inform structural and semantic claims. But doubt that we’re in a position to 

make strong inferences from single experiments or paradigms in neuro. We’re still figuring out what 
kinds of inferences are cogent.
• E.g., “If you can’t decode the contour from neural activity, then there must not be content about contours.”

• Assuming our assumptions about the decoder reflect how the brain works.
• Assuming we’re looking in the right place, at the right level.
• Assuming we’re using the right stimulus set.
• …

• E.g., “Representations of the segments are integrated only if the neural correlates are co-active.”
• Assuming we’ve identified the relevant sense of “co-active” (Synchrony? Response enhancement? Labeled lines?)

• There’s a long line of research in neurophys. that is consistent with the contour integration research 
(Hubel & Wiesel, Pasupathy, etc.)
• In this line, there is somewhat smooth crossing between levels, both in experiment and in computational modeling.
• Vaziri and Pasupathy 2009: “during the same period in which computational vision became nonstructural, 

biological vision was discovered to be emphatically structural.”
• But a lot of the recent work on DCNNs (e.g. DiCarlo lab) is challenging that kind of cross-scale

consilience. It may be that the neurophysiology winds up looking so different from the 
psychophysically grounded models that there’s no productive way to cross scales btwn psychophysics 
inspired structural models and DCNN models of neurophys. In which case…
• But maybe not—growing recognition of need to introduce structured representations into DCNNs, even at level 

of contour perception?
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2. What’s the goal?
• Philosophy of representation: semantics provides an explicit, systematic theory of representation –

i.e. how contents are structurally encoded.
• The psych theories I’m interested in are representational theories—in that they invoke structured reps—but they 

rarely give a theory of representation. They may not need to for their aims.
• I’m interested in the nature of representation/intentionality. How is it possible? What are the varieties of 

representation in nature? How should we conceptualize how research on different perceptual capacities will come 
together to account for content about rich, complex scenes? 

• Philosophy of science:
• Explicating aspects of scientific models, explanations, and inferences and how they fit together.
• What sorts of tests probe content? What sorts of tests probe structure? Implicit knowledge about what tests to use 

and why hasn’t been systematically explicated.
• Philosophy of perception: Epistemology:

• How does perceptual warrant factor and transmit?
• Content-grounding:

• A “context principle” (cf. Frege): any account of what makes a perceptual representation represent what it does 
must take into account how that state systematically contributes to other perceptual representations.

• Benefits to science?
• Might be useful as part of the scientist’s broader perspective on what they’re doing and how everything might hang 

together (some nice examples of this: Phil Kellman and Nick Baker, Martin Arguin, Jacob Feldman, Odelia
Schwartz, Song-Chun Zhu).
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3. Generativity

• I’m sympathetic to general arguments from productivity/systematicity.
• But the conclusion is highly underspecified—that the system has a

compositional scheme, but not what the scheme is like.
• I often find debates over these arguments boring and uninspiring.
• What’s interesting to me is to see whether we can get any purchase on 

the work of actually describing the scheme in an empirically constrained 
way.
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4. Discreteness

• I assume the primitives are analog and maybe continuous within a 
dimension.
• But I think the number of dimensions is discrete and finite. Perceptual

feature space is not infinite-dimensional, no less continuum-dimensional.
• Poses an interesting question: why does a productivity argument require

finite dimensions but not finite values along those dimensions? 
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5. Empirical content

• Uncharitable gloss on a lot of past philosophical lit: filled with metaphor (the 
“shape” of a representation), descriptions that are only hypothetically 
meaningful (“Mentalese”), worship of FOL, ambitions to give grand canonical 
form of perception, empty appeals to neuro (syntax is a “neural property”), 
and in the better cases one-off appeals to experimental findings.
• Can be forgiven for thinking that there’s not much empirical content to the 

discussions. But even those who think that there is are trying to explicate 
where that content lies.
• My view: There are more or less systematic empirical constraints, some 

targeting structural descriptions and others targeting semantic attributions.
• These constraints are more often implicit than explicit in psychological lit

• So it’s not just a matter of being sensitive to experimental results, but trying to 
sort out in what ways the theory can/should be sensitive to results. 
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