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Abstract— Attention and recognition have been addressed
separately as two challenging computational vision problems,
but an engineering-grade solution to their integration and interaction is still open. Inspired by the brain’s dorsal and ventral
pathways in cortical visual processing, we present a neuromorphic architecture, called Where-What Network 2 (WWN-2), to
integrate object attention and recognition interactively through
their experience-based development. This architecture enables
three types of attention: feature-based bottom-up attention,
position-based top-down attention, and object-based top-down
attention, as three possible information flows through the Yshaped network. The learning mechanism of the network is
rooted in a simple but efficient cell-centered synaptic update
model, entailing the dual optimization of Hebbian directions
and cell firing-age dependent step sizes. The inputs to the
network are a sequence of images, where specific foreground
objects may appear anywhere within an unknown, complex,
natural background. The WWN-2 regulates the network to
dynamically establish and consolidate position-specified and
type-specified representations through a supervised learning
mode. The network has reached 92.5% object recognition rate
and an average of 1.5 pixels in position error after 20 epochs
of training.

I. I NTRODUCTION
Studies in neuroscience have found two pathways in the
primate vision system, the ventral (“what”) pathway and the
dorsal (“where”) pathway. The ventral pathway takes major
part of the signals from the P cells in the retina, via the
P channel in LGN, and goes through the cortical regions
V1, V2, V4, PIT, CIT, AIT. The dorsal pathway takes major
part of the signals from the M cells in the retina, via the
M channel in LGN and goes through the cortical regions
V1, V2, MT, LIP, MST, VIP, 2a and further on. It was
suggested (e.g., Kandel et al. [1]) that the ventral pathway is
mainly responsible for the form and color of objects and the
dorsal pathway mainly processes information about motion
and position.
The inter-connection of the “where” and “what” pathways
reveals that attention and recognition happens concurrently,
known as a chicken-and-egg problem. Without attention,
recognition cannot do well: recognition requires attended areas for the further processing. Without recognition, attention
is limited: attention does not only need bottom-up saliencybased cues, but also top-down object-based and positionbased signals.
Bottom-up attention, also called saliency-based attention,
uses different properties of sensory inputs, e.g., color, shape,
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and illuminance to extract saliency. The major differences
of bottom-up attention models lie in the variety of feature
extractions, strategies of feature combination, and the rules
to find the most salient location. The first explicit computational model of bottom-up attention was proposed by
Koch and Ullman 1985 [2], in which a “saliency map” is
used to encode stimuli saliency at every lactation in the
visual scene. More recently, Itti and Koch et al. 1998 [3]
integrated color, intensity, and orientation as basic features,
and extracted intensity information in six scales for attention
control. Backer et al. 2001 [4] applied similar strategy to an
active vision system, called NAVIS (Neural Active VISion),
emphasizing the visual attention selection in a dynamic
visual scene. Instead of directly using some low level features
like orientation and intensity, they accommodated additional
processing to find middle level features, e.g., symmetry and
eccentricity, to build the feature map.
Volitional shifts of attention are also thought to be
performed top-down, through position-defined and featuredependant weighting of the various feature maps. Early topdown attention models selected the conspicuous positions
regardless of being occupied by objects or not, as is named
position-based top-down control (e.g., Olshausen et al. 1993
[5], Tsotsos et al. 1995 [6] and Schill et al. 2001 [7]
etc.). Recently, increasing research efforts were made to
accommodate object recognition abilities to boost the topdown attention control, in particular, called object-based topdown attention (e.g., Sun and Fisher 2003 [8] and Walther
et al. 2006 [9] etc.).
Aforementioned work provided computational models of
attention (bottom-up and top-down, respectively) and their
aspects of object recognition capabilities, however, limited
work has addressed an issue on their overall interactions and
integrations. Especially, what is the computational causality
accounting for the concurrent development of the brain’s
“where” and “what” pathways, using both bottom-up and
top-down controls? Deco and Rolls 2004 [10] presented a
model to integrate both invariant object recognition and topdown attentional mechanisms on a hierarchically organized
set of visual cortical areas. The model displayed positionbased and object-based covert visual search by using attentional top-down feedback. Unfortunately the proposed
architecture was not demonstrated in a scalable network for
an engineering performance of attention and recognition.
Moreover, top-down connections were used to propagate topdown signals only, without any internal development through
neural computations. Our recent Where-What Network 1
(WWN-1) (Ji et al. [11]) is a developmental architecture
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Implemented architecture of the Where-What Network 2, connected by 3 cortical areas in 2 pathways. The “where” pathway is
presented through areas V2, posterior parietal (PP), and position motor (PM), while the “what” pathway is through areas V2, inferior
temporal (IT), and type motor (TM). The pulvinar port provides soft supervision of internal attention in V2. Since the size of the object
foreground is fixed in the current WWN-2, the biological LGN and V1 areas are omitted without loss of generalities. The network is
possibly extensive to more cortices to deal with more “where” and “what” variations.
Fig. 1.

for an interactive integration of top-down attention (both
position-based and object-based) and recognition. Rather
than the simulations of fMRI data, the engineering performance of recognition rate and attended spatial locations are
presented in the experiment. However, the bottom-up featurebased attention was missing in the network, and limited
complexity of “where” and “what” outputs (5 objects and
5 positions) lacked its generality and scalability.
To solve the limitations of existing mechanisms in attention and recognition, we introduce a biologically inspired
architecture, called Where-What Network 2. It incorporates
bottom-up attention, top-down attention and object recognition interactively, solving the where-what problems for
dynamic objects in complex backgrounds. A series of advances have been made in this paper, making the work
novel, important and challenging: (1) Computational modeling of attention and recognition as ubiquitous internal actions
that take place virtually everywhere in the brain’s cortical
signal processing and thus sequential decision making. (2)
Computational understanding of saliency-based bottom-up
attention, position-based top-down attention and object-based
top-down attention as concurrent information stream. (3)
General framework on the development of sensory invariance
through the top-down abstractions driven by motors. (4)
Success in the theory and demonstration in key brain-scale
learning mechanisms – via intra-cortical architecture and
inter-cortical (i.e., cortico-cortical) wiring. (5) Mathematical
optimality modeling of time-dependent neural learning plasticity, addressing the long-time dilemma from two conflicting
aspects – large reliable long term memory and fast learning
under a limited neuronal resource. The WWN-2 uses the topk mechanism to simulate competition among neurons in the
same layer, showing its computational efficiency by avoiding
iterations within a layer. This system is demonstrated in
the complex dynamic visual environments, learns on the fly,

and produces internal attention actions and external motor
actions.
II. N ETWORK S TRUCTURE
An outline of the WWN-2 architecture is illustrated in Fig.
1. The network does not mean to duplicate all major biological details, but intends to reveal the computational aspects
that possibly contribute to the development of the brain’s
visual pathways. The network is incrementally updated at
a frequency f (e.g., 10 frames per second), taking inputs
sequentially from sensors and effectors, computing responses
of all neurons, and producing internal and external actions
through experience.
Each cortical area in the WWN-2 contains the same
organization scheme (e.g., Callaway 1998 [12]) with 4 layers,
i.e., L2/3, L4, L5 and L6, arranged in a multi-level hierarchy.
L2/3 and L4 are modeled as two functional layers, while L6
assists L4 for lateral interactions, and L5 assists L2/3 for
lateral interactions. The same number of neurons are placed
at a 3D position – r (rows) ×c (columns) ×d (depths) in
each layer of a cortex Vn (as specified in Fig. 1). There are
3 types of layer connections thereby, shown with different
colored lines in Fig. 2:
1) Intra-cortical connections (red lines) between a functional layer and its corresponding assistant layer, i.e.,
L4-L6 and L2/3-L5.
2) Intra-cortical connections (green lines) between two
functional layers, i.e., L2/3-L4.
3) Inter-cortical connections (blue lines) between the current cortex Vn and the previous cortex Vn−1 or the
next cortex Vn+1 .
In the WWN-2, V2 is locally connected with input images
and globally connected by the next two pre-motor cortices.
The pre-motor cortices PP and IT are globally connected
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A schematic illustration of inter-cortical (from Vn−1 to
Vn+1 ) and intra-cortical connections (from L2/3 to L6) in the
WWN-2. For simplicity, each layer contains the small number of
neurons, arranged in a 2-D neuronal plane (d = 1). Numbers
in the brackets denote the computational steps from (1) to (3),
corresponding to the descriptions from Sec. IV-A to Sec. IV-C.
Colored lines indicate different types of projections.
Fig. 2.

with V2 and their corresponding motor area (PM and TM)
respectively.
A. Local Receptive Fields
The receptive field of a neuron (Hubel and Wiesel [13])
is the perceived area in an input array (image in this case).
For a hierarchical neural structure, small, simple receptive
fields in an early cortex will be gradually combined to form
large, complex receptive fields in a later cortex. The current
WWN-2 utilizes square, staggered receptive fields to the
neurons in V2’ L4, each perceiving 21 × 21 local areas of
the input image plane. Fig. 3 shows the organization of the
receptive fields, where staggered distance is set to be 1 pixel
in both horizontal and vertical directions. A connection falls
outside of the neuronal plane is not allowed. Given an input
image with dimension 40 × 40, V2’ L4 contains 3 depths
of (40 − 21 + 1) × (40 − 21 + 1) neurons. It indicates that
neighboring neurons receive highly correlated features with
1 pixel shifting in stimuli, providing a structural basis for
attending objects in every position. The V2 area connects to
the next pre-motor cortices globally, where the entire input
is perceived by a single neuron’s receptive field.
B. Pulvinar
The pulvinar nucleus of the thalamus is considered as
a key structure to facilitate the stimulus-driven attentional
control in the brain [14]. The WWN-2 models this thalamus
complex through the supervision of attended neuronal area.
The pulvinar sends the control signal to the L2/3 of V2 and
impose an neuron that fully “perceives” the object, along

where N denotes the 3 × 3 × 3 neighborhood.
The soft supervision of the pulvinar assists neural competitions in V2, suppressing neuronal responses whose receptive
fields fall out of the attended fields. In contrast, two premotor cortices bridges V2 and motor areas in global connections. Neurons in these pre-motor cortices are not organized
in the position-specific manner; thus, the pulvinar supervision
is not necessary.
III. B OTTOM - UP AND T OP - DOWN F LOWS
It is well known that different cortical areas in the visual
pathway are connected by dense inter-cortical connections in
both directions, bottom-up and top-down. At a cortex Vn of
the WWN-2, each neuron i in L4 has a bottom-up weight
vector that links neurons in the earlier cortex. Each neuron i
in cortex L2/3 has a top-down weight vector that links neurons in the later cortex. Bottom-up connections generate the
information flow starting from an input image, going through
V2, branching to the ventral and dorsal pathways, and finally
reaching the position motor (PM) output and the type motor
(TM) output, respectively. The top-down flow takes signals
from two imposed motors, affecting network areas through
the corresponding pathways and finally reaching the shared
processing area V2. Both flows interact with each other in
each cortical area.
A. Attention Control
The two-way connections and separate dorsal and ventral
pathways are coordinated to integrate three types of attention
controls in a single network: (a) the bottom-up saliencybased attention, varying with an external stimulus change,
(b) the position-based top-down attention, derived from
imposed signals in PM and (c) the object-based top-down
attention, derived from imposed signals in TM.
Bottom-up attention has been modeled by a variety of
hand-designed features, especially in the aspect of saliency
properties (as discussed in Sec. I). In the WWN-2, however,
bottom-up attention is a natural consequence of experience
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Fig. 4.

of interactions (winning in competition), where no master
feature maps are required. All the salient features, i.e.,
internal representations, are developed through the regulation
of cell-centered computation in the two-way information
flows.
Position-based top-down attention has been investigated as
multi-level shifter circuits that switched the value of feature
detectors in an early layer to a standard master map in a later
layer (e.g., aforementioned Olshausen et al. 1993 [5]). Rather
than the complicated selection of feature pools, the WWN2 propagates position motor signals as a natural source of
position-based top-down control, which can be easily accessed and supplied by an external teacher. This tight integration not only allows different alternative sources of top-down
attention control to use the same network mechanism, but
also opens the door toward future self-generated autonomous
attention (e.g., through the introduction of novelty-driven
mechanisms in motor behaviors).
Object-based top-down attention has been known to exist in primate vision, but has resisted complete modeling,
computer realization and analysis. The WWN-2 explains that
both position-based and object-based attentions share the
same mechanisms of motor-specific controls.
Through three types of attentions, the WWN-2 addresses
the general attention recognition problem as follows: presented with an object of interest in an unknown complex
background, direct attention to the object, recognize it and
tell its retinal position.

B. Motor-specific Features
The three-way attention controls enable cortical neurons
to develop motor-specific features (see illustration in Fig. 4).
The top-down connections coordinate the neural competition through two functional properties of abstraction: (1)
Responses from developed neurons are insensitive to irrelevant sensory information (i.e., invariants) but are sensitive to
relevant sensory information for discriminants. (2) Neurons
form topographic cortical areas according to abstract classes,
called topographic class grouping (TCG). That is, based
on the availability of neurons, the features represented for
the same motor class are grouped together to reduce the
complexity of decision boundaries, leading to the better
performance. Both properties work together to transform
meaningless (iconic) raw sensory inputs into internal representation with abstract meanings (Luciw and Weng 2008
[15]).
Assisted by the supervision from the pulvinar and topdown propagation, V2 neurons are developed to learn object
features in different positions (e.g., F1/P1, F2/P1, F1/P2,
F2/P2 etc. in Fig. 4). However, due to the limited neuronal
resource in V2, it is not feasible to memorize every objectposition pattern. Thus, part of neural features are developed
for multiple objects or positions, presenting certain degree
of type invariance or position invariance.
Via the more direct motor abstractions, neural competition
in the IT area leads one or more neurons to fire for a specific
type feature (e.g., F1, F2 or F3 in Fig. 4) over different
positions, showing the position invariance. Similarly, the
PM cortex develops position-specific features (e.g.,P1, P2 or
P3 in Fig. 4) over multiple object types, showing the type
invariance. Compared to V2, the pre-motor cortices present
stronger and more specific motor invariance. The reason lies
in two folds: (a) the size of receptive fields and (b) the power
of the top-down abstraction. Both measures are increased
from the early (local) cortex to the later (global) cortex in
the WWN-2.
IV. C ORTEX C OMPUTATION
Given an image stimulus and two separate motors at
discrete time t, the following steps describe the neural
competition from layer to layer for a cortex Vn .
A. Pre-response in L4 and L2/3
The ith neuron at L4 takes its bottom-up input xi (t) from
the external image stimulus or the previous cortex (refer to
(4)
Fig. 2 step (1)), giving the pre-response yi (t):
wbi (t) · xi (t)
(2)
∥wbi (t)∥∥xi (t)∥
Accordingly, the ith neuron at layer L2/3 takes its global topdown input zi (t) from the next cortex or the external motor,
(2/3)
giving the pre-response yi
(t):
(4)

yi (t) =

wti (t) · zi (t)
(3)
∥wti (t)∥∥zi (t)∥
wb and wt are bottom-up and top-down weights of a
neuron i at layers L4 and L2/3, respectively.
(2/3)

yi

(t) =

B. Lateral Inhibition
Lateral inhibition refers to a mechanism of competition
among neurons in the same layer. The pre-response of a
neuron i is used to inhibit the pre-response of a neuron j,
which shares a part of the receptive field with i, totally or
partially. The net effect of lateral inhibition is to suppress
weakly responding neurons in the spatial aspect.
The pre-responses in L4 and L2/3 perform the lateral
inhibition through the modulatory signals in L5 and L6,
respectively, via their point-to-point connections (See Fig.
2 step (2)). Coordinated inhibition recruits the right number
of neurons for excitatory activities (firing patterns), providing
the spatial regulation in the cortical network.
All the pre-responses in a functional layer l (either L4
or L2/3) are sorted in the descending order through its
(l)
corresponding assistant layer (L6 or L5), such that q1 (t) ≥
(l)
(l)
(l)
q2 (t) ≥ ... ≥ qk (t)... ≥ qm (t) (m = r × c × d). The top-k
pre-responding neurons are selected to survival and all the
other neurons are set to zero responses. Thus,
{
(l)
(l)
(l)
(l)
ȳi (t) = yi (t), if yi (t) ≥ qk (t)
(4)
(l)
ȳi (t) = 0, otherwise
(l)

where ȳi presents the responses in L4 or L2/3.
In the current implementation of WWN-2, there is no
with-in class variation and an object shifted with 1 pixel
is sensitive to a specific “where” motor, therefore, k is set
1 to select the best feature in an accurate position. Such a
strong sparse-coding scheme largely disregards less relevant
feature detectors in our challenging tasks.
C. Cortex Representation
Intra-cortical connections (in Fig. 2 step (3)) link two
functional layers L4 and L2/3 by point-to-point addition. The
post-responses are computed and stored in L2/3 as follows:
[
(2/3)
(2/3)
ŷi
(t) = (1 − γ (Vn ) ) (1 − α(Vn ) )ȳi
(t)
]
(4)
(p)
+ α(Vn ) ȳi (t) + γ (Vn ) yi (t)
(5)
where α(Vn ) and γ (Vn ) are contributing factors assigned
to L4 and the pulvinar respectively at cortex Vn . In our
experiment, α(V2 ) = 0.75, α(PP) = α(IT) = 0.25 and
γ (V2 ) = 0.75. Since the pulvinar supervision is not imposed
in the pre-motor cortices, γ (PP) = γ (IT) = 0.
Lateral inhibition is again applied to the post-responses in
L2/3, where top-1 winning selects only one neuron to be fired
and updated in the cortex. The inhibited synthetic response
(2/3)
ỹi
(t) is considered as the cortex representation and then
transmitted to L4 for the neural learning of both bottom-up
and top-down weights, such that
2/3

ỹi4 (t) = ỹi

(t)

(6)

V. N EURON L EARNING
Given a neuron i with non-zero synthetic response through
lateral inhibition, its connection weights are updated using
optimized Hebbian-like learning. The ith neuron in L4 and

L2/3 adapts its bottom-up weight and top-down weight,
respectively, according to the same biologically motivated
mechanism:
{
(4)
wbi (t + 1) = (1 − Φ(ni ))wbi (t) + Φ(ni )ỹi (t) · xi (t)
(2/3)
wti (t + 1) = (1 − Φ(ni ))wti (t) + Φ(ni )ỹi
(t) · zi (t)
(7)
The scheduled plasticity is determined by its age-dependent
weight:
1 + µ(ni )
Φ(ni ) =
ni
where ni is the number of updates that the neuron has gone
through. µ(ni ) is a plasticity function defined as

if ni ≤ t1 ,
 0
c(ni − t1 )/(t2 − t1 ) if t1 < ni ≤ t2 ,
µ(ni ) =
(8)

c + (ni − t2 )/r
otherwise
where plasticity parameters t1 = 20, t2 = 200, c = 2, r =
2000 in our implementation.
Finally, the winning neuron’s age ni is incremented:
ni ← ni + 1. All the other neurons that do not fire (i.e.,
zero synthetic responses) keep their weight vector and age
unchanged for long-term memory. This competitive strategy
addresses a fundamental problem arising from two conflicting criteria (Grossberg and Carpenter [16], [17]): the need
for long term memory (stable representation) and the need
for fast adaptation (to learn quickly from just a few input
samples). Unlike traditional views where working memory
and long-term memory are two different kinds of memory,
the described cortex learning model indicates that working
memory and long-term memory are dynamic in a cortical
layer. At any time, the winner neurons are working memory,
and the other neurons are long-term memory.
A. Learning Optimality
The described learning scheme are dually optimal in
spatial and temporal space (the proof and further details
are available in [18]): (1) Spatial resource distribution of
developed features (weights) minimize the representational
error in the cortical level. (2) The recursive amnesic average
formulation enables automatic determination of optimal step
sizes in this incremental non-stationary problem. In mathematical roles, the functional layer of the cortex has an
optimal incremental solution to a general high-dimensional
nonlinear regression problem, not using the gradient of the
error function.
B. Smoothness
The neural resources should be explored to avoid unbalanced competition among developed (mature) neurons
and its undeveloped neighborhood. Since every neuron is
initialized with some uniform pattern (e.g., gaussian filter
in our case), its competition power is weak at the first
beginning, i.e., delivering low pre-responses. Once a neuron
wins for development in a neighborhood, the developed
neuron has higher competition power to keep winning similar object features associated with different “where” motor

classes (e.g., the same object types in neighboring positions).
The unbalanced development delivers high invariant features,
however, it suffers the discriminative/selective power and
idles a large mount of neural resources. A time-varying
solution is proposed here for their balance.
Lateral excitatory connections are used to populate 3×3×1
neighboring neurons around the winner, and update them
using the optimal Hebbian-like learning scheme in Eq. 7.
After the network is developed with one epoch, i.e., trained
by all the objects located in all possible positions with
different backgrounds, the network neurons become mature
and excitation neighborhood is decreased to be 1 × 1 × 1 to
boost the feature selectivity.
VI. E XPERIMENTAL R ESULTS
Fig. 1 shows a specific set-up of cortices, layers, neurons
and their connections in the implemented architecture of
WWN-2. The images of objects are normalized in size, no
larger than a square patch of 21 rows and 21 columns. One
of 5 different object types (i.e., “what” motors) is placed at
one of 20 × 20 different positions (i.e., “where” motors) in a
40 × 40 background. The background images are randomly
selected from a collection of natural images 1 . Each image
stimulus is presented with 3 repeated iterations, such that the
total number of 20 × 20 × 5 × 3 times are updated for the
network training in one epoch. A set of data examples are
shown in Fig. 5.

(a)

(b)

Fig. 7. Top-down weights of 20 × 20 neurons in the (a) PP cortex

and (b) IT cortex. Each image patch (20 × 20) in the PP cortex
presents a top-down weight from PM input, paying attention to a
position (or positions) highlighted by the white or gray pixel(s).
Each image patch (1 × 5) in the IT cortex presents a top-down
weight from TM input, paying attention to an object (or objects)
indexed by the white or gray pixel(s).

stimuli (CRS) to visualize the attended local features of
neuron i:
∑
si (t) =
ỹi (t) x(t)
(9)
t

Fig. 6 visualizes neurons’ CRS in all the 3 depths (d =
1, 2, 3) of V2’ L4. It shows that every neuron in each depth
detects a specific object (“what”) feature in a specific position
(“where”). Due to the limited neuronal resource in V2,
some neurons deal with one or multiple objects at multiple
pixel locations, presenting certain position-invariant or typeinvariant patterns (see some “muddy” weight patches in Fig.
6). The effect of motor-specific invariance will be enhanced
in later cortices, as discussed in III-B.
B. Top-down Controls From Motor
25 sample images used in the experiment, containing 5
different objects, i.e., “car”, “cup”, “house”, “girl” and “table”. Each
object is randomly placed in one of 20 × 20 “where” positions.
Fig. 5.

A. Salient Features in V2
The network weight of every neuron is initialized by a
gaussian function without any specific feature pattern. Every
neuron in V2’ L4 perceives a local receptive field with size
21 × 21. Given input stimuli x(t) over all the training time t
(t = 1, 2, 3, ...), we define the cumulative response-weighted
1 http://www.cis.hut.fi/projects/ica/data/images/ via Helsinki University of
Technology

Top-down connections propagate motor representation
through the dorsal and ventral pathways. Fig. 7 shows topdown weights in the PP cortex and IT cortex. The PM
cortex drives its top-down motor to guide the attention
of PP neurons on one or more positions, shown as the
white or gray pixel(s) in each image patch of Fig. 7 (a).
Accordingly, the TM cortex drives its top-down motor to
guide the attention of IT neurons on one or more objects,
shown as the white or gray pixel(s) in each image patch of
Fig. 7 (b). The experiment demonstrates that the emergent
top-down presentations provide position-based and objectbased top-down attentions respectively, as discussed in Sec.
III-A.

(a) Depth 1

(b) Depth 2

(c) Depth 3

Fig. 6. Cumulative response-weighted stimuli of 20 × 20 neurons in all the 3 depths of V2’ L4. Each image patch (40 × 40) presents the
CRS of one neuron in the grid plane.

Car
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Girl
House
Table

C. Position Invariance & Object Invariance
To evaluate the discussed feature invariance in III-B, we
first define empirical “probability” of neural firing across
classes:
n(i)
pi = ∑c
i ∈ 1, 2, ..., c
(10)
1 n(i)
where n(i) is the winning age of a neuron fired on a motor
class i.
Fig. 8 shows the class maps of the PP and IT cortices. At
each neuron position, a color indicates a motor holding the
largest empirical “probability” pi . There are 5 colors in total
for “what” classes and 20×20 for “where” classes. As shown
in Fig. 8 and discussed in Sec. III-B, neurons that represent
the same class tend to group together when the number of
available neurons are lager than the number of classes, e.g.,
IT area has 20 × 20 neurons for 5 “what” classes. The large
number of neurons in IT area is designed to handle with-inclass variation of objects, which is beyond the scope of this
work and being addressed by our on-going research. Through
the mechanism of topographic class grouping (TCG), the
network develops both efficient (not wasting the available
resource) and effective (simpler decision boundaries) internal
representations.
We further define the “purity” of probability distribution
entropy = −

n
∑

pi log pi .

(11)

i=1

to measures how class-selective the neuron is. A neuron
with zero entropy fires for stimuli from the same class,
while a neuron with maximum entropy fires with equal
probability for all the classes. As shown in Fig. 9, most of
the developed neurons in the pre-motor cortex (IT and PP)
have low entropy, indicating the purity of neurons in their

(r, c)

(a)

(b)

Fig. 8. 2D class maps of 20 × 20 neurons in the (a) PP cortex
and (b) IT cortex. Each neuron is associated with one color,
presenting a class (either “where” or “what”) with the largest
empirical “probability” pi .

motor perspective. As discussed in III-B, object-invariant PP
features are developed to detect a specific position (with low
entropy) over multiple object types. The position-invariant
IT features are developed to recognize a specific object (with
low entropy) over multiple positions. In other words, limited
neuron resources are recruited to handle the large variance
of input stimuli (20 × 20 positions ×5 object types ×20
epochs). The meaningless pixels values in the images (iconic
inputs) are transformed into meaningful abstract regions in
the internal cortical layer representation, where each class
region represents a meaning of one motor.
This is the first time that a network learns not only
variation within the receptive field of every neuron, but
also generalizes across all the receptive fields to reach total
position and object invariance without a need to handprogram shift-invariance (which cannot handle attention).
D. Performance Evaluation
The WWN-2 conducts the described neural competition
and learning mechanisms with 20 epochs. After the accom-

1

3
2.5

0.8

2

0.6

1.5
0.4
1
0.2
0.5

(a)

(b)

Fig. 9. 2D class entropy of 20×20 neurons in the (a) PP cortex and

(b) IT cortex. Each neuron is associated with one color to present
its entropy value.
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Fig. 10. Network performance with running 20 epochs. (a)“Where”

motor – PM. (b) “What” motor – TM

plishment of each epoch, top-down supervision is suspended
to “freeze” the network learning. The network uses bottomup features to process 20 × 20 × 5 image stimuli efficiently
(39.2 ms per sample in average), covering every object in
every position, with different backgrounds from training. The
“where” pathway is evaluated by the mean of distance errors
for attended positions, while the “what” pathway is measured
by the recognition accuracy. The network performance with
running epochs is summarized in Fig. 10.
Regardless of the large motor variations (20 × 20 × 5 =
2000), the object recognition accuracy reaches 92.5% and
the average error in position motor decreases to around 1.5
pixels. This is a very impressive result for the challenging
task as 75% of the image area of every input image are
presented with new natural backgrounds and their locations
are unknown.
VII. C ONCLUSION
The Where-What Network 2 models the brain’s “where”
(attention) and “what” (recognition) pathways using a biologically inspired architecture, where three types of attention:
feature-based bottom-up attention, position-based top-down
attention, and object-based top-down attention are integrated
through experience. In contrast with conventional views,
the bottom-up saliency in the network is a result of past
experience — a combination of image stimuli, pulvinar
and top-down flows. The external motors pass top-down
enforcement signals to the early cortices, regulating positionbased and object-based attentions through the development

of invariant “where” and “what” features respectively. In
principle, any type of sensory invariance can be automatically
learned by the framework introduced here, including object
position, object type, viewing angle, size, lighting, various
deformations. The work here reports preliminary success
in 1-pixel sifting of object positions and 5 object types in
unknown, natural and complex backgrounds. The demonstrations for other invariance and specificities are the subjects of
future work.
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