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Sequence Seeking and Counter Streams:
A Computational Model for Bidirectional
Information Flow in the Visual Cortex

A computational modei is proposed for some general aspects of in-
formation flow in the visual cortex. The basic process, called “se-
quence seeking,” is a search for a sequence of mappings, or trans-
formations, linking source and target patterns. The process has two
main characteristics: it is bidirectional, bottom-up as well as top-
down, and it explores in parallel a farge number of alternative se-
quences. This operation is performed in a “counter streams” structure,
in which multiple sequences are explored along two complementary
pathways, an ascending and a descending one, seeking to meet. A
hiological embodiment of this model in cortical circuitry is proposed.
The model serves to account for known aspects of cortical intercon-
nections and to derive new predictions.

This article describes a computational model for some general
aspects. of information flow in the visual cortex. The model
combines computational and psychophysical considerations
with data concerning connectivity patterns in the visual cor-
tex, primarily interlaminar and connections between different
cortical areas.

The focus of the model is on vision (primarily the task of
visual recognition) and the visual cortex. The proposed com-
putation has, however, some useful generic aspects, and the
possible applicability of the scheme to other domains is brief-
ly considered. The first part of this report outlines the pro-
posed computation, termed “sequence seeking” and the sec-
ond part outlines its biological embodiment in a “counter
streams” structure. The model is used to account for known
features of cortical circuitry, and to derive a number of new
predictions.

Sequence Seeking and Counter Streams

A general task frequently faced by the brain is one of estab-
lishing a link between two different representations. For ex-
ample, in visual recognition, the task involves establishing a
connection between an incoming pattern and stored object
representations in visual memory. The two will often fail to
match exactly, due to changes in size, position, viewing direc-
tion, and so on. The problem is therefore not merely one of
direct pattern matching; considerable processing needs to be
performed. to overcome the possible differences between a
given image and previously stored patterns. A common view
is, therefore, that prior to the matching the input is processed
through a sequence of stages that include, for example, edge
detection, extracting features of varying complexity, normal-
ization for size, position, orientation, and so on. The model
below modifies and extends this view based on the use of
two general strategies that are supported by computational
and psychological considerations. The first is to employ a bi-
directional search, where the matching of patterns can occur
at intermediate levels rather than some “topmost” level. Sec-
ond, rather than following a single path, multiple processing
alternatives are explored in parallel. The next two sections
describe these general strategies, followed by a proposed
model that combines bidirectional processing with the par-
allel exploration of multiple alternatives.
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Bidirectional Processing

In performing visual recognition, an input pattern P is
matched with an appropriate stored representation, from a
set of stored models M, The processing stages required to
obtain the match of P with the appropriate stored model can
be described in terms of applying a sequence of processes,
or transformations, that compensate for possible differences
between the two, for example, in scale, position, viewing di-
rection, illuminations conditions, and so on (Uliman, 1993).
These processing stages could be applied to the input P the
models M, or both. Some of the processes are more naturally
applied to the incoming pattern. For example, a simple trans-
formation, such as overall shift or scaling, is best applied to
the input pattern, because then it will be applied to a single
pattern, rather than to multiple stored models. However, other
transformations are specific to a stored model, for example,
how a given 3D object appears from different viewing direc-
tions, or how a face may transform by facial expressions. Such
object-specific transformations are more difficult to compen-
sate for by processing the input pattern alone, but they can
be handled effectively by processes that utilize model-specific
information, accumulated through past experience, for ex-
ample, about the object’s 3D shape or the distortions it may
undergo (Lowe, 1985; Ullman, 1989; Grimson, 1990 Yuille and
Hallinan, 1992). An attractive overall strategy is therefore to
apply a bidirectional process, where processing can be ap-
plied simultaneously to both the input and the stored pat-
terns. An additional advantage is that a bidirectional compu-
tation can also be considerably more economical than
unidirectional processing in terms of the number of patterns
explored during the computation, as we shall see further be-
low in discussing simulation results.

There is considerable computational and psychophysical
evidence in support of the view that visual recognition is
indeed not a unidirectional process, but requires a coopera-
tion of processes applied to both the input image and stored
object models. The evidence points to a combination of bot-
tom-up and top-down processing, where “bottom-up” pro-
cesses are involved with the analysis of the incoming image,
and “top-down” processes originate with stored models and
information associated with them. In computer vision, the in-
tegration of bottom-up with top-down processing has been a
major concern. During the 1970s, the emphasis was placed
heavily on top-down processes. Fundamental difficulties with
building computer vision systems led to the view that the
processing must be guided primarily by knowledge associated
with stored models of objects and scenes, and systems in the
1970s were constructed using this approach (Freuder, 1974;
Tenenbaum and Barrow, 1976). Following in part the work of
Marr (1982), the emphasis shifted toward bottom-up process-
ing, but it was also evident that a key issue is the integration
of bottom-up with top-down processing (Marr, 1982; Grimson,
1990), and both processes are used in current recognition
systems (e.g., Lowe, 1985; Ullman, 1989; Grimson, 1990: Yuille
and Hallinan, 1992). Psychological studies have supported this
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view, and have shown the importance of both types of pro-
cesses in object recognition, segmentation, and scene percep-
tion (Palmer, 1975; Potter, 1975; Biederman et al,, 1982), as
will be described in more detail in subsequent sections.

In the sequence-seeking scheme presented below bottom-
up and top-down processes are equally important. The
scheme uses two streams of processing, an ascending one
starting at the input, and a descending one starting at the
stored models. Their integration is achieved by the interac-
tions between two complementary processing streams. From
a biological standpoint, these will correspond to the “forward”
and “backward” connections between cortical areas. A key
ingredient of the counterstreams scheme is the suggestion
that, roughly speaking, the ascending pathways subserve
mainly bottom-up processing, and the descending pathways
mainly top-down processing, and certain interactions be-
tween the streams provide a mechanism for integrating to-
gether the two types of processing.

Exploring Multiple Alternatives

A second general strategy is designed to face the possibility
that a large number of alternative routes may have to be ex-
plored before a link is successfully established between a
source and a target representation. To achieve efficient com-
putation, it will be necessary to explore simultaneously mul-
tiple alternatives. For example, to deal with size variations, the
input will be processed at multiple scales in parallel. Similarly,
in the case of recognition, the match of an input image and
stored model will be attempted by the system at different
orientations, positions, and 3D viewing directions. In many
models of visual processing, the input pattern undergoes a
single sequence of processing stages. In contrast, in the se-
quence-seeking scheme an input pattern gives rise to multiple
sequences of transformations and mappings that are explored
in parallel. The different transformations and mappings ex-
plored by the system should be taken here in a broad sense:
in addition to dealing with geometric transformations such as
changes in size, position, and orientation, the processing may
involve the recovery of different properties such as color, mo-
tion, texture, and 3D shape, as well as exploring alternative
ways of representing the pattern, for example, in terms of its
parts and its abstract shape properties (Uliman, 1989).

A simplified example can help to illustrate the processing.
Suppose that we attempt to recognize a face we have seen
before, but under novel viewing conditions, in terms of size
and 3D viewing direction. Such variations in viewing condi-
tions can be handled by combining bidirectional search with
the exploration of multiple alternatives. The top-down pro-
cesses will generate internally several representations, corre-
sponding to different 3D viewing directions, and the bottom-
up processes will analyze the input at multiple scales in
parallel. The system will explore the different alternatives for
a possible match between the transformed versions of the
input and stored model, and will be able to obtain in this
manner the appropriate match, despite the initial discrepancy
between them.

The need to evaluate multiple competing alternatives arises
frequently in computer vision systems performing tasks such
as segmentation and recognition. For example, some of the
best-performing visual recognition systems (Lowe, 1985;
Grimson, 1990) search for the best match between an input
shape and a candidate internal model by exploring and com-
paring multiple (e.g., in the hundreds) possible 3D poses of
the internal model. In current computer systems the multiple
comparisons are performed sequentially. In a biological sys-
tem, which is slower but inherently parallel, a better approach
is to explore simultaneously as many alternatives as possible.

It is interesting to note that in several recent neural net-
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work models in areas such as arm control (Jordan and Jacobs,
1993) or handwriting recognition (Matan et al., 1992), the
explicit exploration of multiple alternatives (e.g., by separate
“expert subnetworks”) proved useful in dealing with com-
plex problems that were not handled effectively by more
standard models. For example, in a network developed at
AT&T for reading handwritten numerals (Matan et al., 1992),
the letter identification stage is preceded by a process that
segments the string into individual characters. This turned out
to be a difficult task, and the segmentation was often unreli-
able. The approach adopted was to perform explicitly a num-
ber of different candidate segmentations, and later select the
best solution among the different alternatives. The network
also uses multiple-scale analysis: it processes the same input
through separate mechanisms tuned to different scales of the
letters, and again selects at the end the best alternative. This
design proved to perform better than a single network trained
to become scale invariant.

Another example is a network developed recently for con-
trolling the 3D movements of a simplified arm (Jordan and
Jacobs, 1993). In this work, the training of standard neural
networks failed to converge to a satisfactory solution to the
control problem. An approach that proved successful was to
train a number of different subnetworks, each one capable of
providing a good solution under restricted conditions. The
combined problem is then treated by letting the different net-
works work on the problem individually, followed by a gating
and selection stage.

Linking the Ascending and Descending Streams,

the Counter-Streams Structure

The scheme proposed for combining bidirectional and mul
tipath processing is diagrammed schematically in Figure 14.
The basic operation in this scheme is to seek a sequence of
processing steps linking a pattern of activity ($ in Fig. 14) in
one cortical area with stored representations (such as M, M)
in another. The pattern $ may arise from the image of an
object, for example, a familiar face, and the patterns M, rep-
resent stored object models, perhaps in visual area IT. The
recognition of the viewed object involves multiple processing
stages, applied in part to the incoming pattern and in part to
the stored models, in an attempt to establish a match between
the incoming pattern and a stored model. For example, the
bottom-up stream may include processes that compensate for
size and position variations, and the top-down stream pro-
cesses compensating for illumination conditions and viewing
direction. Intermediate patterns in the net will correspond to
different representations of the object, for example, at differ-
ent 3D orientations and scales. Biologically, the nodes in this
schematic figure represent patterns of activity, for example,
subpopulations of neurons acting together, possibly with
some degree of synchrony (Abeles, 1991; Engel et al, 1992),
and the arrows indicate how patterns activate subsequent
patterns, for example, § can activate 4,, 4,, and A;. Since dif-
ferent patterns may share neurons, implementation con-
straints will place some limitations on the coactivation of pat-
terns; for example, patterns (B,, B;, 8 may be prohibited
from being coactive. In expanding the sequences down from
M,, only a subset of these patterns will be activated initially,
and will later decay and be replaced by others.

The search is bidirectional, and a linking sequence is suc-
cessfully established when the two streams of activation meet
somewhere in this large network of interconnected patterns.
How can a successful link of patterns be found in the system?
The proposed scheme (Fig. 1B) has two main components.
First, the ascending and descending streams proceed along
separate, complementary pathways. Second, when a track is
being traversed in one stream, it is assumed to leave behind




