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A fundamental feature of the visual cortex is the reciprocity of connections between its
many distinct areas. Using the principle of Kalman filtering from classical control theory,
we describe how thisreciprocity may allow the cortex to function as a hierarchical predictor.
Feedback connectionsin this model carry predictions of lower level neural activities, while
feedforward connections convey to the higher level the differences between the predictions
and the actual lower level activities. These differences allow the higher level to maintain
optimal estimates of current visual recognition state and on a longer time scale, enableit to
learn adynamicinternal model of thevisual environment. A simulated Kalman filter network
embodying these principles produced response properties that correlated closely with those

of neuronsin the primary visual cortex.

The remarkable uniformity and regularity in the structure of the neocortex has prompted an
intense search over the past decade for the general computational mechanisms underlying cortical
organization. Numerous models have been proposed to explain various aspects of cortical function
[1, 2, 3, 4, 5], but a genera computational principle has remained elusive. In this report, we
suggest that an attractive candidate for this purpose is the statistical principle of Kalman filtering
from classical control theory [6]. We describe how this principle allows the visual cortex to be
modeled as a hierarchical predictor. Our model is motivated by two important properties of the
cortex: (a) its distinctive laminar input-output structure, and (b) the reciprocity of connections
between its constituent areas: if area A projects to area B, then area B almost invariably projects
to area A [7, 8]. While cortico-cortical feedforward connections have been well-studied, the
importance of the corresponding feedback connections has also been recently demonstrated in
several neurophysiological experiments showing that neurons in lower areas such as striate cortex
are heavily influenced by feedback from higher areas [9, 10]. An important functional role for
feedback emerges if we posit that the feedback signals carry predictions of lower level neural
activitiesfrom higher, more abstract areas[4]. The feedforward connectionsthen need only convey

the differences (or residuals [5, 28]) between the current activity and its prediction from the higher
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area. The computationally attractive idea of encoding differences between an input signal and its
prediction from a preexisting internal model is captured succinctly by the statistical construct of
the Kalman filter [11].

The Kaman filter is a linear dynamical system that attempts to mimic the dynamic behavior
of an observed natural process. It does so by calculating, at each time instant, an optimal estimate
of the current state of the observed process, where optimality is defined in terms of maximizing
the posterior probability of the state given the observed data [12]. The optimal state estimate is
used to predict the next expected input using an internal model of the observed process. Given
the next input, the filter computes the difference (or residual error) between its prediction and the
actual input, and uses thisresidual to correct its estimate of the state. Thisinvolves (a) multiplying
the residual error by a gain term that reflects the uncertainties in the internal model and the input
measurement process, and (b) adding this weighted residual to the previous state estimate (see
[13]). The new corrected estimate is then used to predict the next state, thereby compl eting one full
cycle of filter operation. A small residual error in the Kalman filter implies that the input stimulus
has been correctly predicted and recognized. A large residual, on the other hand, implies that the
stimulusis possibly novel and therefore worthy of further attention.

Figure 1A depicts a neural network that can implement the Kalman filter outlined above.
The canonical operation required by the Kalman filter is of the type: Av, where A is a matrix
and v is a vector. In the standard neural implementation of this type of an operation [14], the
matrix A represents the synaptic strength of neurons (each row represents the synapses of one
neuron) and the components of the vector v denote the pre-synaptic inputs to these neurons. Each
neuron computes a weighted sum of its pre-synaptic inputs according to the weights encoded by
its synapses. Figure 1B illustrates this operation for the matrix U/ and the vector ¥. The axonal
output vector Ut in this case forms the Kalman filter’s prediction of the next expected input I. The
subsequent residual error (I — UT) that isrequired by thefilter is generated by predictiveinhibition
of the input I as shown in Figure 1A. This residual error signal is then successively processed

by neurons representing the “bottom-up” gain matrix ., the feedforward matrix W, and the



normalization matrix N before being integrated by the prediction neurons V', which generate the
next predicted state T as their axonal output (see Figure 1A). The predicted state is transmitted to
the lower level by the feedback neurons, whose synapses U transform the higher level stateT into
the lower level signal Ur. This signal, which is at the same abstraction level as the lower level
inputs, isthen used to inhibit the next set of incoming signals1.

We have devel oped a hierarchical form of the Kalman filter that allows both bottom-up signals
from alower level aswell as“top-down” signals from ahigher level to influence the state estimates
being calculated at the current level [15]. As in the standard Kalman filter described above,
the top-down signals r;; from a higher level carry predictions of the lower level state ¥. These
predictive signals generate the top-down residua error (¥ — r;4) which is successively multiplied
by the “top-down” gain matrix (z;; and the normalization matrix N (see Figure 1A) before being
integrated with the bottom-up weighted residual to generate the new optimal state estimate [16].
The optimal state estimate can be made robust to occlusions and other forms of noise in the input
channels by allowing the gains G, and (&, to be non-linear functions of their respective residuals
(for example, see [17]). In such a setting, the correlations between the various components of
the residual vectors (t — r;y) and (I — UT) specify how the elements of the corresponding gain
matrices ;4 and (&, should be set, thereby determining the degree of |ateral interactions between
neighboring neurons in the Kalman filter network.

The visual cortex is well-suited to implement a hierarchical form of the Kaman filter, given
its roughly hierarchical organization and its distinctive laminar input-output structure [7, 8]. The
filter in this case would compute optimal state estimates of visual events occurring in the distal
environment, thereby enabling the cortex to recogni ze these events and predict future events based
on a hierarchical internal model of the visua environment. The internal model, which is learned
during exposure to the environment (see [18]), isjointly encoded by the Kalman filter parameters
U, W, and V', which correspond to the modifiable synapses of neuronsin the Kaman filter network.
Figure 1D showshow aneural implementation of the different componentsof ahierarchical Kalman

filter can fit comfortably within the laminar structure of agiven cortical area.
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In the case of the primary visual cortex (V1), the model assumes that the feedback connec-
tions from V1 to V1's thalamic input site, the dorsal lateral geniculate nucleus (dLGN), convey
predictions of the expected activities of dLGN relay neurons. These predictive signals (denoted
by UT in Figure 1) are assumed to inhibit, via inhibitory interneurons, the activities of their corre-
sponding dLGN neurons to the extent that the predictions match the afferent retinal signals. The
resulting residual activities of the dLGN neurons are conveyed to the cortex via the feedforward
thalamo-cortical pathway. Ontheir way to the cortex, the residuals are modul ated by a“bottom-up”
gain (analogous to the gain G, in the Kaman filter) which, for example, could be implemented
by the inhibitory neurons of the thalamic reticular complex (including the perigeniculate nucleus)
[19]. The modulated residual signal isthen linearly filtered through the synapses of layer 4 cellsin
V1, which would correspond to the feedforward weights W in the Kalman filter (see Figure 1A).
The signal subsequently undergoes a normalization (corresponding to the matrix N in the Kalman
filter). A plausible site for this normalization is layer 2+3 (composed of layers 2 and 3), given that
this layer receives a substantial projection from layer 4 [20, 21]. Normalization of responses has
al so been proposed by other authorsto explain saturation of neural responsesin V1 at high stimulus
contrasts [22]. The preceding sequence of neural processing suffices to compute the weighted
Kamanresidua NW Gy, (1 — UT), which isused to correct the previous state estimate () at time
instant ¢ (see [13]). The corrected estimate then generates the next state prediction ¥(¢ + 1) via
the synapses V. Neuronsin layer 5 appear to be ideally located for such a computation, given that
layer 2+3 cells project extensively into layer 5 [20, 21]. Furthermore, layer 5 projects to layer 6,
which is known to be a magjor source of cortico-thalamic feedback [20]. Layer 6 neurons could
therefore synaptically encode the feedback weights U of the Kalman filter and convey the feedback
signal Ur(t + 1) tothe dLGN for predictive inhibition of the next input I(¢ 4+ 1). Support for such
an operation comes from the work of Murphy and Sillito [9] indicating that corticofugal feedback
engages inhibitory mechanismsin the dLGN.

A final issue istherole of cortico-cortical feedback from a higher visual area, for example, V2.

As in the case of cortico-thalamic feedback, the model assumes that the higher area (V2) conveys



predictions of the state at the lower area (V1). Just asin the bottom-up case, the predictive signals
from V2 are assumed to generate residuals (¥ — r;4) viainteractions with inhibitory interneurons
in the superficial layers. These residual activities arefiltered by cellsin layer 2+3, whose synapses
would encode the top-down gain matrix ;4. The filtered top-down residuals G4(f — r;4) are
conveyed to two sites: (a) viaaxon collaterals to the layer 2+3 “normalization” neurons /V, which
integrate these top-down residuals with the bottom-up residuals W G, (I — UT) from layer 4, and
(b) to the higher visual area (V2), where this signal serves as the bottom-up weighted residual for
the higher level Kalman filter (see Figure 1C and 1D).

In order to validate the model, we trained a three-level hierarchical network (Figure 1C) on
a sample of natural images as shown in Figure 2A. For each input, the network was allowed to
converge according to the Kalman filter dynamics described above, and the feedforward, feedback
and prediction synapses W, U and V were adapted to further minimize the prediction error
using Kalman filter-based update equations, operating on a slower time scale at the synaptic level
(see [18]). Upon convergence of the synapses, we examined the response properties of neurons
situated in the different laminae of the model and compared these properties to those observed
in the mammalian visual cortex. A surprisingly large class of model neurons (87% in layer 2+3)
exhibited the classical phenomenon of endstopping: neurons that respond vigorously to a bar have
diminished responses as the bar extends beyond the classical receptive field [23].

Endstopping has previously been characterized as a feedforward effect, caused mainly by
lateral inhibition from neighboring cells [3, 23]. When viewed as a purely feedforward effect,
endstopping appears complex and highly non-linear, and has been interpreted as arising due to the
brain’sneed to represent curvature[ 3] (see Figure4). Resultsfrom our simulationshowever suggest
amore general interpretation of “extra-classical” effects such endstopping in terms of feedback and
predictive encoding. Our interpretation is supported by recent neurophysiological experimentsin
V1 showing that extra-classical effectsinlayer 2+3 neurons often manifest themselves only 80-100
milliseconds after stimulus onset, strongly suggesting arole for higher level feedback in mediating
these effects [24]. We tested this hypothesis by examining the response properties of layer 2+3



neuronsin level 1 (corresponding to V1) of the Kalman filter network that was trained on natural
images (Figure 2). Note that a class of model neurons in layer 2+3 compute the filtered residua
Ga(T — ri9). As shown in Figure 3A, the typical response of such a model neuron (solid line)
drops off sharply as a test bar extends beyond its classical receptive field (RF). The attenuation
in response can be attributed to diminishing residuals (¥ — r;;) caused by better predictions r;,
from level 2 of the state T at level 1, as stimulus length is incrementally increased up to the size
of the larger RF of the level 2 model neurons (see Figure 2D and 2E for an example). Such an
explanation is supported by the RF profilesof level 2 neurons (Figure2C), some of which appear to
be tuned towards long line segments. Further confirmation of the role of feedback in endstopping
was obtained by disabling the feedback connections from level 2 to level 1, which eliminated
endstopping in most of the level 1 model neurons (Figure 3B and 3C). Thus, ageneral prediction of
the model isthat inactivation of a higher cortical areasuch as V2 or MST should cause substantial
disinhibition and elimination of extra-classical effects such as endstopping in layer 2+3 neurons
in lower areas such as V1 or MT respectively. Preliminary results from experiments involving the
inactivation of V2 appear to lend some support to these predictions[10].

In summary, our results show that many of the apparently complex, extra-classical responses
of cortical neurons can be parsimoniously explained by considering the interactions between
feedforward and feedback signals, as captured by the functional responses of model neuronsin the
different laminae of the hierarchical Kalman filter network. Thus, rather than characterizing visual
cortical neurons unconditionally as feature detectors, the model suggests that it may be useful to
view some of them, especially those conveying feedforward signals to a higher area (such as the
layer 2+3 neurons), as feature-difference or residual detectors. Theseresidualsplay acrucia rolein
enabling the hierarchical Kalman filter network to continually adapt the activities of its constituent
neurons to accurately predict incoming stimuli. Simultaneously, but at a slower rate, the residuals
also drive the adaptation of neuronal synapsesin the network, thereby further minimizing the errors
in prediction. In doing so, the network learns a hierarchical and distributed internal model of its

environment that can be used to efficiently subserve the larger cognitive goals of the organism.
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corner show relative sizes (16 x 16 and 16 x 26 pixels) of level 1 and level 2 receptive fields (RFs). (B) Learned
synaptic weights (RF weighting profiles) of 20 of the 32 layer 4 model neuronsin thelevel 1 KF module analyzing the

central image region. Flanking image regions were analyzed by two other level 1 modules (Figure 1C), each with 32
model neurons. Values for these synapses, which form rows of W, can be positive or negative (positive values = bright
regions, negative values= dark regions). These RF profilesresemble classical oriented edge/bar detectors characteristic
of simple cells [23], previously modeled using difference of offset Gaussians and Gabor functions [3, 28]. (C) RF
profiles of 18 of the 128 layer 4 model neurons in the level 2 KF module. (D) Responses of the 32 layer 2+3 model

neurons in the central level 1 module to a dark bar (positive values = upward bars; negative values = downward bars.

Positive and negative values may be coded by separate neurons in the cortex). (E) Increase in top-down prediction
accuracy as the bar extends beyond the classical RF (solid box), up to the size of the level 2 RF (dashed box) causes a
reduction in the level 1 top-down residuals, which manifests itself as endstopping in the layer 2+3 model neurons.
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Figure 3: Endstopping Results. (A) Length tuning curves for two layer 2+3 model neurons at level 1 with
even-symmetric (left) and odd-symmetric (right) RF profiles. Both model neurons exhibit the decrease in response
characteristic of endstopping as the bar extends beyond the classical RF. The dashed line represents the corresponding
activity 7 of alayer 5 model neuron, and the dotted line represents the top-down (inhibitory) prediction r ;4 from the
corresponding layer 6 neuronin the level 2 module. (B) Effect of inactivating feedback from level 2. Plotted ontheleft
are the length tuning curves for alayer 2+3 model neuron at level 1 with and without feedback from level 2 (solid and
dotted line respectively). Tuning curves for a layer 2+3 complex cell in cat striate cortex (V1) reported by Bolz and
Gilbert [21] are plotted on theright for comparison. Disabling top-down feedback eliminated endstoppingin the model

neuron in a manner qualitatively similar to that observed in the cortical neuron after layer 6 inactivation (dotted line).

Elimination of feedback from V2 is known to dramatically affect neuronsin layer 6 of V1[9]. (C) Block histograms
summarizing distribution of length tuning in all 32 layer 2+3 model neurons in the central level 1 KF module with

feedback (left) and without feedback (right) from level 2. End-inhibition was quantified as the percentage difference
between peak response and average plateau response for lengths greater than 18 pixels: (peak - plateau)/peak x 100.
Model neurons were classified into 10 categories according to their degree of end-inhibition, with 100% inhibition
denoting a plateau response of zero tolong bars. Asshown, disabling thefeedback connections eliminated endstopping
(defined as greater than 50% inhibition) in 84% of the layer 2+3 model neurons [29].
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Figure 4. Curvature Selectivity in Endstopped Model Neurons. Numerous authors have ascribed a role for
endstopped cortical neurons in representing curvature [3, 21, 23]. To ascertain whether curvature selectivity is
subsumed by the Kalman filter model, we tested the responses of layer 2+3 endstopped model neuronsto curved edges
using stimuli similar to that used by [3]. (A) Curvature stimuli of opposite signsand increasing radii of curvature used
to test model neurons for curvature selectivity. Semi-circular arcs of radii ranging from 0 to 123 pixels were input to
the three-level network from Figure 1C, each vertically and horizontally centered such that the tangent to the curve at
mid-arc was parallel to the long axis of the level 2 receptive field (dashed box). Five of these semi-circular arc stimuli
are shown superimposed for comparison for each of the two signs of curvature (Ieft and right respectively). (B) (Left)
Curvature response curves for the two signs of curvature (solid and dashed lines) for the even-symmetric endstopped
model neuron from Figure 3A. (Right) Curvature response curves for a neuron in cat striate cortex (V1) reported in
[3]. Both show qualitatively similar symmetrical responses to curvature stimuli of opposite sign. (C) (Left) Response
curves for the odd-symmetric endstopped model neuron from Figure 3A. Negative values were rectified to zero asin
[3]. (Right) Response curves for a striate cortex neuron reported in [3]. Both show qualitatively similar asymmetrical

responses to curvature stimuli of opposite sign.
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