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Abstract
Vision is a crucial sensor. It provides a very rich collection of information about our
environment. The difﬁculty in vision arises, since this information is not obvious in the
image, it has to be constructed. Wheres earlier approaches have favored a bottom-up
approach, which maps the image onto an internal representation of the world, more recent
approaches search for alternatives and develop frameworks which make use of top down
connections. In these approaches vision is inherently a constructive process which makes
use of a priory information. Following this line of research, a theory of anticipatory vision
is outlined and demonstrated by a computational model of primate vision.

1

Introduction

The brain accomplishes the myriad of visual tasks seemingly without effort, yet we do not understand
its machinery. Among others our enormous ability to recognize objects has puzzled researchers for
decades. The robustness of our visual system in object recognition has still not been achieved by
current models. Object recognition is approached from two perspectives: the one tries to build models
for invariant recognition (location invariance, view-point invariance, size invariance) in scenes which
contain just a single object [9], [56], [40], [58] whereas another research direction focuses on the
recognition problem in cluttered scenes [17], [49], [36] – the ones we typically encounter. Imagine
you come late at night home with an awful headache. You know you have an aspirin bottle in the
bathroom. So you enter the bathroom and directly look onto the sink (Fig. 1). How might the brain
accomplish this task? For example, a visual system could construct an internal world model like a
labeled image where each name stands for a 3-D model of the object. Such a full reconstruction of a
scene [29] has been criticized in the last years [15] [11]. Findings in Change Blindness experiments
indicate that we are even not able to fully memorize the scene in one shot. The brain could be
overloaded with all the items in the scene. Object recognition, generally implemented in a hierarchical
bottom-up process [13], [33], [56], [40] in which the complexity of representation along with the
receptive ﬁeld size increases, leads to a strong overlapping of populations encoding features belonging
to different objects. These ambiguities in cell populations encoding features within the same receptive
ﬁeld limit the use of these approaches for non-segmented object scenes like natural images.
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Figure 1. Three models of perception and object recognition. A) The classical approach of visual
attention. An object can be recognized and used for an action, if it is ﬁrst selected by spatial
attention and then routed into higher areas. Templates can be used the modify the saliency map
on basis of simple pre-attentive features. B) Space-feature representation. A scene is represented
in parallel and then read out by gain ﬁelds. Templates can only route the relevant object to action
networks. C) Distributed processing with spatial and feature reentry. A template enhances
the sensitivity of speciﬁc populations encoding the features of interest. Top-down connections
send new templates downwards to early areas. Areas responsible for action preparation send a
spatially organized signal back to enhance populations encoding stimuli at a speciﬁc location.

The closely linked paradigms of active vision, purposive vision and animate vision [1], [33] have
accepted that bottom-up directed vision is an ill-posed-problem and suggested each task requires
its own speciﬁc algorithm. In this regard, an universal, general vision is not possible. According
to these paradigms, the fundamental problem of vision is the selection of the relevant information
within the scene and the computation of an appropriate representation. An ”active” vision system
is able to acquire the necessary information on demand by focusing on the relevant areas within
the visual scene and taking different views from the same object. Regarding visual agents, such as
robots, vision provides the necessary information to act in the environment. Within the concept of the
action-perception-cycle vision becomes interactive vision.
The approach of ”Deictic Codes for the Embodiment of Cognition” aims to provide a framework
for describing the phenomena that appear at about one third of a second in the perception-action
process [3]. Deictic primitives dynamically refer to points in the world with respect to their crucial
describing features (e.g., color or shape). The outcome of the processing after one-third second,
which is the natural sequentiality of body movements can be matched to the natural computational
economies of sequential decision systems through a system of implicit reference (called deictic) in
which pointing movements are used to bind objects in the world to cognitive programs. Ballard et
al. [3] suggested visual routines [25], [54], [23] to divide one complex task into subtasks, such as
selection and identiﬁcation.
Research in attention has focused on how the selection of objects occurs. How could then attention
facilitate object recognition? The basic idea is that once an object is selected by a focus of attention
it can easily be recognized, because the object is processed preferably and it can be placed onto an
internal canvas. This view has its origin in the classical approach of perception that separates between
a pre-attentive and attentive stage [51], [24], [59] (Fig. 1A). Computer implementations of these types
of models use a saliency map to indicate a location of interest [22] and compute a focus of attention
that selects an object [32]. This focus could be guided by some rough knowledge about an object,
such as the color of the aspirin bottle. A combination of these attention models with hierarchical

models of object recognition would solve the translation invariance problem, similar as suggested by
gain-ﬁeld [46], [10] and gating models [53], [57] (Fig. 1B).
The discussed paradigms more closely describe human vision and they provide new concepts to
solve some ill-posed problems. However, the paradigms of purposive vision and animate vision
did not revolutionize models of vision, since one fundamental problem of visual processing within
one-third second has not been solved. The crucial issue at this point is that we have no successful
algorithms to implement visual routines for difﬁcult vision problems such as object recognition. Most
approaches separate between a network that computes attention for control and one that performs object recognition. Object recognition within the focus does not beneﬁt from attention any more. Clutter
and different backgrounds typically strongly inﬂuence the results. A given scene at a particular point
of time is selectively processed but the mechanisms used to acquire selection and recognition only try
to match the outcome after one-third second – we are missing implementations of the processes that
act within the ﬁrst 300 ms.
I propose an approach of anticipatory vision to solve the recognition problem inherent to feedforward solutions. Anticipatory vision is a theory of vision for intentional or goal-directed systems,
such as robots. It acts within one third of a second and solves the problem of binding objects in
the world to cognitive programs. In this approach vision is an active, dynamic, constructive process.
Object recognition is a search according to the task at hand. The task I have to look for the aspirin
bottle produces top-down expectations, which meet the bottom-up processed stimulus features in the
ventral pathway (Fig. 1C). Recognition is not just a rigid comparison of a target template with an
incoming pattern but a ﬂexible process that enhances the features of interest. In parallel, areas responsible for action selection in the fronto-parietal network start to plan appropriate responses. By
means of reentry the different speciﬁc modules coordinate themselves and tend to work on the same
problem. Such a network might dynamically connect the external world to our intention. As a result,
the necessary computations to approach the aspirin bottle are processed in the responsible brain areas.
Strictly speaking, a representation of the scene in the brain does not exist. The only representation is
the scene itself and the brain just connects to it by developing an interpretation of the scene according
to the task at hand.

2
2.1

Anticipatory vision – a formal approach
Computation in one-third second

The proposed concept relies on top-down connections in vision, which have been discussed and its
usefulness has been demonstrated for several times [14], [31], [55], [50], [53], [34], [35], [16], [12],
[17], [6], [21], [48], [37], [38], [19]. I am now going to outline a formal approach of anticipatory
vision with emphasis on object recognition.
The detection problem in one-third second can be formulated as follows: A high level goal description, such as a given category has to be used by prefrontal areas to determine an appropriate target
template. Now all feature combinations which are consistent with this template have to be supported.
At higher areas these are typically complex patterns. At lower levels these complex patterns have to
be decomposed into more simple patterns. Thus, the inference mechanism has to rely on the reverse
weights to decompose a pattern into the parts that build the pattern. This powerful mechanism would
allow to ﬂexibly ﬁlter out the information which is inconsistent with the high level goal description.
However, the sensory evidence of the encoded items does not always allow to rule out all objects but
one. Typically this inference only strengthens the expected features, which are not necessarily the
to be reported ones. Thus, the graded response resulting from this adaptive ﬁlter will guide further
inspection, for example by focusing on one object. The target location of the planed eye movement is

used for a location speciﬁc inference operation which now ﬁlters out irrelevant locations. This spatial
attention effect could be interpreted as a shortcut of the actual planned eye movement. It facilitates
planning processes to evaluate the consequences of the planned action. As a result of both inference
operations, the high level goal description is bound to an object in the visual world.

2.2

Population-based Inference

On the theoretical level I suggest a population-based inference approach to implement anticipatory
vision. Decision making involves uncertainty arising from noise in sensation and the ill-posed nature
of perception. Thus, alternative interpretations should be represented until a decision is found. Such
constraints can be well handled by a population code. It offers a dual coding principle. A feature
is represented by the location of a cell i within the population, and the conspicuity of this feature is
represented by a value ri . The conspicuity represents the accumulated evidence and reﬂects stimulusdriven saliency as well as task relevance. I developed a population-based inference approach to continuously update the conpicuity using prior knowledge in form of generated expectations. The idea is
that all mechanisms act directly on the processed variables and modify their conspicuity. Attending a
certain feature or a location in space enhances the probability of a feature being detected.
The relevance of each feature is inﬂuenced by the search template (target) in each dimension d. For
simplicity I deﬁne the target Td by the same sets of features Fd . Thus, a target object is deﬁned by
F
the expected features r̂d,i
. For visual search I infer the conspicuity rd,i,x by comparing the expected
↑
F
features r̂d,i with the observation rd,i,x
at each location x in parallel. If the observation is similar to
the expectation the conspicuity is increased. Such a mechanism enhances in parallel the conspicuity
of all features which are similar to the target template (Fig. 2).
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Figure 2. Concept of the population based inference approach. (a) The expectation r̂ acts on the
input r↑ and increases the gain as depicted by the arrow through the circle. The y-axis encodes
the ﬁring rate of cells and the x-axis the feature space, e.g. orientation, color, or location. For
simplicity, the feature space of the involved areas is identical. To give an example, the expectation could originate from a population of cells in IT and modulate the conspicuity in V4. (b)
Population activity without a signiﬁcant top-down inﬂuence. In this case the content is simply
processed in a bottom-up manner. (c) Population activity after top-down expectation multiplicatively increases the gain of the cells and therefore emphasizes a speciﬁc pattern (or location).
Due to competitive interactions the population response for the non-supported stimuli decreases
resulting in a dynamic attention effect. The ﬁgure is reproduced from [20] with permission from
Cerebral Cortex: Oxford University Press.
In order to detect an object in space the conspicuity across all d dimensions as well as all i sampling
units is combined and an expectation in space r̂xL is generated. The higher the individual conspicuity
rd,i,x across d at one location relative to all other locations the higher is the expectation in space r̂xL

at this location. Analogous to the inference in feature space the expected location r̂xL is iteratively
↑
compared with the observations rd,i,x
in x and the conspicuity of all features with a similarity of
expectation and observation is enhanced. The conspicuity is normalized across each map. Such
interative mechanisms ﬁnally lead to a preferred encoding of the features and space of interest. Thus,
attention emerges by the dynamics of vision.
In the following I will describe how this concept of inference in vision might be implemented in
the visual system.

2.3

Feedforward pathway

The brain has developed speciﬁc functional areas in the visual cortex, which can be divided into two
major streams. Form and color travel from V1 through V2, V4 of the occipital lobe into TEO and
TE of the inferior temporal lobe [60], [27]. The ventral pathway is known to encode object identity.
It is generally accepted that the complexity of encoded features increases along the ventral pathway
(Fig. 3). V1 neurons can be driven by simple properties of a stimulus, such as the orientation of a bar.
TE neurons, however, encode highly sophisticated shape properties. These ”experts” have probably
evolved to meet the statistics of stimuli we typically encounter. The receptive ﬁeld size has also been
suggested to increase along the ventral pathway as well. Most of the receptive ﬁeld size mappings
have been done with anestesized monkeys. The idea is that the increasing receptive ﬁeld size supports
location invariance, since a cell in higher areas is less sensitive to the position of a stimulus. The
ventral pathway has been often proposed of having a limited capacity. Referring to a bottleneck, the
processing in early stages is supposed to operate in parallel, whereas further processing in higher areas
has been proposed to require stimulus selection [51], [24], [59]. Recent ﬁndings suggest that these
conclusions might depend on the artiﬁcial stimuli used in attentional experiments. In statistically
richer data sets, such as natural scenes, the similarity between target and distractors is probably much
lower than in most of the artiﬁcial stimuli used. For example, it has been shown that the detection of
animals in natural scenes is easy even in dual-task conditions [26], [43], [44]. These ﬁndings could be
taken as evidence that we can do all processing of natural scenes within the feedforward sweep. The
detection of trained and thus familiar objects placed into natural scenes, however, requires monkeys
to serially search for the target [47] .
Although visual processing seems to rely on a massively parallel feedforward pathway, at least two
factors limit the capacity of feedforward processing: increasing receptive ﬁeld size and competition
for visual short term memory. The latter seems to have a roughly ﬁxed capacity of about four items
[28]. I propose that the former capacity limit rather depends on the statistics of the stimuli used and
their spatial arrangement than it reﬂects a general capacity limitation. As long as the overlapping of
the neural populations encoding target and clutter is low, detection can be done within the feedforward
sweep at least without extensive use of feedback loops. In other cases reentry is required to tune the
visual system dynamically towards the relevant information in the visual scene.

2.4

Feature-speciﬁc reentry

The capacity limitation in the visual system probably arises to force the system to decide between
alternative interpretations on the high level scene interpretation and low level receptive ﬁeld competition. The competition at the level of a high level scene interpretation becomes obvious in bistable
ﬁgures. The simultaneous perception of both interpretations is impossible, the percept switches from
one to the other but they are never perceived that the same time. At the local level competition within
the receptive ﬁeld could led to a competition at the neural level among competing patterns. In order
to give priority to one pattern over the other, e.g. by attending to the location of one stimulus, a
top-down bias was proposed [7], [39]. Similarly, a feature-based mechanism allows to emphasize one
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Figure 3. A formal approach to anticipatory vision.

pattern over others [5], [52]. Thus, more general, feedback allows to resolve ambiguities and to reveal
visual details. Extending the idea of a mere ”attentional” bias, I propose that a target template travels
the ventral pathway downwards via massive feedback connections [41], [42] and enhances the ﬁring
rate of cells supporting the target template by the proposed inference approach. This mechanism implements a dynamic ﬁlter to compute the relevant properties within a general purpose machinery of
localized experts.
The target template is generated in prefrontal areas. I hypothesize, it is not limited to simple
properties, such as color, it can be highly complex. The prefrontal cortex (PFC) has a vital role in
the control of goal-directed behavior. Recent evidence suggests that the prefrontal cortex relies on an
adaptive neural coding [8] which could compute and provide a rich target template given the context
of the present task to perform. Thus, I suggest that the prefrontal cortex guides visual perception
by generating an appropriate target template in time, which is then used for an inference mechanism
implemented by the visual system.

2.5

Spatial reentry

I have proposed that occulomotor areas responsible for planning an eye movement, such as the frontal
eye ﬁeld, inﬂuence perception prior to the eye movement [18]. The activity reﬂecting the planning of
an eye movement reenters the ventral pathway and provides a spatially selective expectation used in
the described inference mechanism. In the following, I focus on the FEF as a putative source of this
reentry signal [20]. The FEF has connections to occipital, temporal and parietal areas, the thalamus,
superior colliculus and prefrontal cortex [45]. It can be subdivided into a lateral and medial part. The
lateral FEF, which generates short and precise saccades is connected to the dorsal (LIP, MT, MST,
V3) and ventral (TEO, V4, V2) pathways, the ventrolateral prefrontal cortex [45]. The projections
from V2 and V3 are weak, while the one from V4 are intermediate. Strong projections from TEO,
MT and MST suggest that the FEF uses features after several stages of processing for target selection
[45]. The neurons in the FEF can be categorized based on both their responses to visual stimuli and
to saccade execution into visual, visuomovement, ﬁxation and movement cells [4], [45].
By means of reentry into extrastriate visual areas from the FEF, neurons in V4 and IT that have
their receptive ﬁelds at the location of an intended eye movement could increase their sensitivity by
the proposed inference mechanism. There is some recent experimental evidence that the source of the
reentry signal is indeed the FEF [30]. Simulations speciﬁcally support the movement cells in the FEF
as an ideal reentry source [20].

3

A model

The validity of the outlined framework is now demonstrated by a computational model on an object
detection task in a naturalistic image. The areas, their interactions and the temporal activity of the cells
are grounded in neuroanatomy and neurophysiology [20]. I demonstrate how a top-down directed
expectation, which alters the gain of the feedforward signal, modulates the vision process to allow
for detecting an object in a natural scene. The detection problem is simpliﬁed in two aspects. Firstly,
the high level goal description is not constructed by the model on its own but a target template is
presented to the model. Secondly, the target template is deﬁned only in low level feature space. This
constraint occurs, since the complexity of the feature space does not increase along the models ”what”
pathway.

3.1. Overview
Each feature set is modeled as a continuous space with i ∈ N cells at location x = (x1 , x2 ) by assigning each cell a conspicuity rd,i,x . From the feature maps we determine the contrast maps according
to a measure of stimulus-driven saliency (Fig. 4). Feature and contrast maps are then combined into
feature conspicuity maps which encode the feature and its initial conspicuity by means of a population
code. The mechanisms in the model act directly on the processed variables encoded by the population
and modify their conspicuity.
The conspicuity of each encoded feature is altered by the target template. A target object in prePFC
. We infer the conspicuity of each feature in
frontal cortex is deﬁned by the expected features r̂d,i
T E↑
TE
PFC
TE rd,i,x by comparing the expected features r̂d,i with the bottom-up signal rd,i,x
. If the bottom-up
signal is similar to the expectation we increase the conspicuity. Such a mechanism enhances in parallel the conspicuity of all features in TE which are similar to the target template. The same procedure
is performed in V4 where the expected features are those from TE.
In order to detect an object in space the conspicuity across all d channels in the perceptual map
is combined and an expectation in space r̂xF EF m is generated in the movement map. The higher

the individual conspicuity rd,i,x across d at one location relative to all other locations the higher is
the expectation in space r̂xF EF m at this location. Thus, a location with high conspicuity in different
channels d tends to have a high expectation in space r̂xF EF m . Analogous to the inference in feature
↑
in x and
space the expected location r̂xF EF m is iteratively compared with the bottom-up signal rd,i,x
the conspicuity of all features with a similarity of expectation and bottom-up signal is enhanced. The
conspicuity is normalized across each map by competitive interactions. Such interative mechanisms
ﬁnally lead to a preferred encoding of the features and space of interest.
Early visual processing: We compute feature maps for Red-Green opponency (RG), Blue-Yellow
opponency (BY ), Intensity (I), Orientation (O), and Spatial Resolution (σ). We determine the initital
conspicuity by center-surround operations [22] from the feature maps which gives us the contrast
maps. The feature-conspicuity maps combine the feature and conspicuity into a population code, so
that at each location we encode each feature and its related conspicuity.
V4: V4 has d channels which receive input from the feature conspicuity maps: rθ,i,x for orientation,
rI,i,x for intensity, rRG,i,x for red-green opponency, rBY,i,x for blue-yellow opponency and rσ,i,x for
V 4F
TE
spatial frequency (Fig. 4). The expectation of features in V4 originates in TE r̂d,i,x
0 = rd,i,x and
the expected location in the movement map r̂xV04L = rxF0EF m . Please note that even TE has a coarse
dependency on location.
TE: The features with their respective conspicuity and location in V4 project to layer TE, but only
within the same dimension d, so that the conspicuity of features at several locations in V4 converges
onto one location in TE. A map containing 9 populations with overlapping receptive ﬁelds is simulated. The complexity of features from V4 to TE is not increased. The expected features in TE
T EF
PFC
and the expected location in the movement map
= w · rd,i
originate in the target template rd,i,x
F EF m
T EL
r̂x = w · rx
FEF visuomovement cells: The FEF visuomovement cells (FEFv) indicate salient locations by
integrating the conspicuity of V4 and TE across all channels. In addition to the the conspicuity in V4
and TE the match
of the target template with the features encoded in V4 is considered by computing
Q
V4
PFC
. This implements a bias to locations with a high joint probability of
· rd,i,x
the product max rd,i
d

i

encoding all searched features in a certain area.
FEF movement cells: The projection of the visuomovement cells onto the movement cells (FEFm)
transforms the salient locations into a few candidate locations which provide the expected location
for V4 and TE units. This is achieved
by subtracting the average saliency from the saliency at each
P F EF
F EF v
rx v . Simultaneously, the movement units indicate the target
location wF EF v rxF EF v − winh
location of an eye movement.
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Results

I now demonstrate how the principle of inference facilitates object detection in cluttered scenes (Fig.
5). I present an object to the model for 100 ms and let it memorize some of its features as a target
template. I do not give the model any hints which feature to memorize. The model has to identify in
parallel the location where the features of the target template sufﬁciently match the encoded features.
The inference operation in the model allows the binding of features encoded in high level areas (TE)

Control
Unit

Match
Detection

Target
Template

PFC
FEF Movement map
(expected location)

Fixation
Unit

r^d,iPF

r^xF E F m
TE

r d,i,x
FEF Perceptual map
(Saliency)

TE

TE

r d,i,x

RG

r^xF E F m

V4

BY
I
O

r d,i,x

TE
r^d,i,x

V4

Inhibition of Return
(IOR)

r d,i,x

V4

O

Feature-conspicuity maps
contrast maps

feature map s

feature map s

,

contrast maps

Feature and Contrast maps

Figure 4. Model of anticipatory vision. From the image, 5 feature maps (RG, BY , I, O, σ) are
obtained. For each feature at each location x the conspicuity in the contrast maps is computed.
The feature-conspicuity maps combine the feature and conspicuity into a population code, so that
at each location a feature and its related conspicuity is encoded. This initial, stimulus-driven
conspicuity is now dynamically updated within a hierarchy of levels. From V4 to TE a pooling
across space is performed to gain a representation of features with a coarse coding of location.
The target template holds the to be searched pattern regardless of its location. It represents the
PFC
expected features r̂d,i
which are used to compute the (posterior) conspicuity in TE. Similarly
TE represents the expectation for V4. As a result, the conspicuity of all features of interest is
enhanced regardless of their location. In oder to identify candidate objects by their saliency the
activity across all 5 channels is integrated. The saliency is then used to compute the expected
locations of an object r̂xF EF m , which in turn enhances the conspicuity of all features in V4 and TE
at these locations. Thus, objects at expected locations are preferably represented. By comparing
the conspicious features in TE with the target template in the match detection it is possible to
continuously track if the object of interest is at the expected location. If the match is lost an
inhibition of return is triggered which marks the expected location as being visited. Otherwise
the expectation increases until an overt shift occurs.

with only crude location information with the same features at a lower level (V4) with intermediate
location information. The difﬁculty of this search task lies in the heavy overlapping of the target with
distractors. The template, e.g. the color and orientation of edges provides only little evidence for
the target, since many other objects will show at least a partial match with the target template. The
reason is that the present model does not use the highly sophisticated feature detectors that humans
use. Thus, the difﬁculty of the search task for the model cannot be directly compared to the difﬁculty
humans have in the same scene. The search task itself, however, describes a similar problem that
humans face if they have to search for stimuli in natural scenes.
When presenting the search scene, TE cells that match the target template quickly increase their
activity to guide V4 cells. Thus, the feature-speciﬁc inference mechanism implements a dynamic
ﬁlter. It emphasizes all features throughout the ”what” pathway from higher areas to lower areas
which are consistent with the target template. As a result the model produces patches of enhanced
feature and location speciﬁc activity. This information allows to guide the planning of the saccade in
the FEF. The process of planning an eye movement provides the expectation for a location speciﬁc
inference. This, now implements a decision process by enhancing the gain of all cells at the target
location of the intended eye movement.
I now speciﬁcally demonstrate that the feature-based inference operation can be beneﬁcial for object detection. The orientation ﬁlter responses of the lighter in isolation are vertical at the left and
right corner and close to horizontal in the middle (Fig. 5 A). The model has obviously no problem
in detecting the lighter in a cluttered scene (Fig. 5 B), although it memorized only the slightly tilted
orientation (Fig. 5 C). However, the spatial focus (Fig. 5 D) increases the conspicuity of all features
within its area, so that the vertical edge of the cigarette box gets dominant as well (Fig. 5 C, E). The
V4 conspicuity in the orientation channel initially exhibits a dominance for slightly tilted horizontal
edges due to the top-down feature-based inference (Fig. 5 E). The emergence of a spatial focus (Fig.
5 D), however, increases the conspicuity of all features within its area. Thus, a spatial focus of attention does not sufﬁciently resolve the interference of distractors. In densely cluttered scenes features
from distractors are enhanced as well. A purely feedforward approach of object recognition could
be impaired by the clutter. The feature-based inference facilitates the detection, since knowing the
target features keeps those dominant against the inﬂuence of distractors, so that even when distractor
features become conspicuous the target features remain represented to allow a match. Thus, featurebased inference serves as a cue to ”segment” the object features in feature-space similar in effect to
cue based region segmentation.

5

Discussion

I have outlined a theory of anticipatory vision. Anticipatory vision provides a concept of binding
objects to cognitive programs. Such binding is necessary to ensure that all parallel modules from
action selection to recognition operate on the same event. In this respect, it is essential to recognize
that a vision system must have the capability to dynamically change its internal ﬁlter. The paradigm
of anticipatory vision localizes the recognition problem not solely at a high level of abstractions but
at many levels of abstraction.
I have suggested a population based inference approach to implement the theory of anticipatory
vision into a model of primate vision. This model has been demonstrated to be able to detect objects
in natural scenes. I have speciﬁcally shown the inﬂuence of feature-based inference. Rather than
selecting just the location of an object by some spatial mechanism, features of interest are dynamically
enhanced. The deﬁnition of a task, e.g., looking for red items, is reﬂected by an enhancement of cells
encoding these properties. An activity landscape is therefore constructed according to internal goals
which is not equivalent to a representation of the external world.
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Figure 5. Illustration of effect of feature-based and spatial inference. A) Target object. B) Target
detection in the scene. C) Conspicuity of each cell in the orientation orientation channel in
TE over time. The target orientation encoded in PFC is shown by the tick marks at the top.
Initially the conspicuity in only high for the target features. Prior to the correct detection a
non-target feature (vertical orientation) raises its conspicuity. D) The spatial expectation builds
up over time and it is directed towards the location of the target. E) Feature difference of the V4
conspicuity. At each location, the activity for vertical orientation is subtracted from the feature
activity of the orientation of the lighter to illustrate the relative strength of the target feature.
The strength of the conspicuity is scaled by the intensity. Dark areas represent the activity of
the distracting feature – in this case the vertical orientation. Although the vertical edge from the
cigarette box becomes dominant by the spatial inference operation, the feature-based inference
facilitates the match detection of the lighter such that the lighter can be detected up to 55 ms
after scene onset even in the presence of a strong distractor.

Despite recurrent interactions in the system, the detection of objects is still fast. Processes in the
model do not have to wait until a selection process in one area is settled, they can immediately start
to plan an action or make a decision on basis of a slight preference in the input. Thus, the concept of
reentry does not require extensive recurrent processing to achieve a solution.
The present model argues for two lines of future research. Firstly, a usage of this model in autonomous robots demands that the goals of vision have to be internally constructed. The present
model has no knowledge what to search for. Thus, an object is presented as a cue, and the model
memorizes its features as a target template. I suggest that the use and generation of templates is a
natural way of perception. Learning to see means learning to generate appropriate templates from
the context of a scene. Thus, approaches that allow to generate such templates will be part of future
research.
Secondly, the present model uses only simple features as detectors of visual properties. However,
object recognition requires a much richer set of detectors. If we want to incorporate those into the
model we have to ensure that the feedforward and feedback connections are consistent with each other.
Learning appropriate feedforward and feedback connections by the statistics of the visual scene would
allow to generate consistent complex feature detectors. With such an extension the model would be
able to shed more light on the puzzling issues of perception in natural scenes. Furthermore, it could
provide an interesting alternative in computer vision tasks which require a high ﬂexibility of vision –
any knowledge about an object can be used to increase the conspicuity of object features without the
need of an engineer to pre-determine the cue information.
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