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Abstract

We consider a hierarchical two-layer model of natural signals in which both layers are estimated si-
multaneously. Estimation is accomplished by Score Matching, a recently proposed estimation principle for
energy-based models. By squaring the first layer outputs, and constraining the second layer weights to be
non-negative, the model learns responses similar to complex cells in primary visual cortex from natural im-
ages. The second layer pools a small number of features with similar orientation and frequency, but differing
in spatial phase. For speech data, we obtain analogous results. The model unifies previous extensions to
ICA and is promising as a general method which can be applied in many different domains.

1 Introduction

A variety of methods like Independent Component Analysis (ICA) (Comon, 1994) and Sparse Coding (Olshausen
& Field, 1997) have been applied to model the statistical structure of natural signals such as images and sounds.
In computational neuroscience, the goal of modelling these signals with unsupervised learning methods is to
understand more about sensory processing, which has been linked to the statistics of ecologically valid stimuli
(Barlow, 1961; Hyvérinen et al., 2009).

ICA is limited in scope since it is linear and cannot remove arbitrary dependencies, so novel models use
a nonlinear representation to better model the structure of the data. These models can roughly be divided
into two classes: Direct extensions to ICA such as Independent Subspace Analysis (ICA) and topographic ICA
(Hyvérinen et al., 2001; Hyvérinen & Hoyer, 2000) make use of a manually selected, fixed second layer that
models dependencies between first layer features. Fixing the second layer, the probability density function
(pdf) can still be normalized in closed form, making a simple gradient optimization on the log likelihood
computationally feasible.

More recently a new class of models has begun to receive attention. At the expense of a a more complicated
estimation, this second class of models tries to learn the optimal connectivity in both layers. A successful model
of this kind is (Karklin & Lewicki, 2005), where linear features in the first layer are estimated first, using a variant
of linear ICA. Subsequently the second layer is learned conditional on the first layer features. Simultaneous
estimation of both layers is computationally expensive, so the estimation was simplified by sequential learning
of the two layers. In a related model Osindero et al. (2006) reported that this does not affect the resulting first
and second layer features, whereas a later study reports a large change in first layer features as they adapt to
the second layer (Karklin & Lewicki, 2006). Thus an important question is, what effect does a simultaneous
estimation of both layers have on these models of natural signals? In particular, as the authors in the previous
study (Karklin & Lewicki, 2006) do not report on the effect that a simultaneous estimation has on the pooling
patterns, this question deserves further investigation.

In this paper, we propose an alternative approach based on Score Matching. We argue that this method is
particularly suited for simultaneous learning in a multilayer model, and compare the results to those obtained
by (Karklin & Lewicki, 2005) and (Osindero et al., 2006). Recent work (Hyvérinen, 2005, 2007a) has established



Score Matching as a novel way of estimating parameters in energy-based models, which cannot be normalized
in closed form. Compared to previous methods like Contrastive Divergence (Hinton, 2002) and Markov Chain
Monte Carlo, its computational efficiency makes it particularly attractive for learning in a multi-layer framework.
The alternative methods tend to be computationally expensive and careful tuning of parameters is often required.

We present a two-layer model of natural stimuli where both layers are estimated simultaneously, and analyze
the resulting pooling patterns in the second layer. We follow the classical energy model of complex cells
(Adelson & Bergen, 1985; Spitzer & Hochstein, 1985), where linear filter outputs are squared and then pooled.
We therefore constrain the model by limiting the second layer to non-negative connectivity. Estimating the
model with natural stimulus data, this leads to the emergence of sparse pooling in the second layer. For natural
images, this corresponds to complex cell like properties in the outputs, where a few units with similar orientation
and frequency, but different phase are pooled together. For speech data, similar results are obtained, with a
pooling of basis functions that are similar in timing and frequency, but differ in phase. We compare the results
from a simultaneous estimation of both layers with sequential estimation and show that with simultaneous
estimation the outputs show more phase invariance and are therefore more like the complex cells of primary
visual cortex than the outputs from the simpler model with sequential estimation of both layers. Thus we argue
that simultaneous estimation of both layers should be preferred as the most principled model estimation.

In Section 2, we give a more detailed account on modelling natural image with a focus on ICA and its
extensions in particular. In Section 3, the two-layer model itself is presented including mathematical details of
our implementation and an introduction to the estimation method we used, Score Matching. In particular we
quickly review how the Score Matching objective function is derived, highlighting the simplicity of the approach.
We show experiments performed on synthetic data in Section 4 to demonstrate the performance of the model
and estimation under controlled conditions. Then, in Section 5, we apply the method to natural image data.
We provide a detailed account of the complex cell properties we obtain by analyzing the tuning statistics of the
modelled cells. Similar experiments with speech data are shown in Section 6, where we obtain a sparse pooling
in the second layer that is very similar to the results for natural images. In Section 7 we discuss how our work
compares to similar two-layer models that have been developed recently. We highlight the principled estimation
of our model and the effect of estimating the layers simultaneously rather than sequentially like other authors
have done. Finally we conclude with Section 8, and sketch some possible future research directions. Preliminary
results have been published in (Koster & Hyvérinen, 2007).

2 Modelling of Natural Images

The statistics of natural image patches have recently received a great deal of attention in computational neuro-
science. Since mammalian visual receptive fields (RF’s) were first described by Hubel and Wiesel in the 1960’s
(see e.g. (Hubel & Wiesel, 1959, 1962)), efforts have been made to understand why the RF’s have the properties
that were observed. One very fruitful route to this end was based on the idea that neural processing should
be matched to statistics of ecologically valid stimuli, e.g. natural images. The amount of information collected
by the retina is so large that is was conjectured that techniques from signal processing such as compression
and denoising - which are based on statistical properties - would be employed by the brain. This lead to the
development of statistical models like sparse coding (Olshausen & Field, 1996) and ICA (Jutten & Herault,
1991; Comon, 1994), which produced receptive fields with a strong resemblance to those of simple cells.

The model we use in this paper here takes its inspiration from the classical ICA model, so we will quickly
review the principles of ICA and how it can be applied to natural images. ICA is built around the assumption
that a vector of independent components s is mixed to generate the observed data vector x. This is usually
written as

X = As (1)

In the simplest case that is usually considered the dimensionality of the component vector and the observation
vector is the same, so A is a square mixing matrix which can be inverted. Thus the components can be recovered
from the data with the inverse transform

s =Wx (2)



There is a range of methods for the estimation of this model, one of the most common being a likelihood-based
approach. There, the distribution of the components is modelled by probability density functions (pdf’s) p;,

p() = [T ps0) )

where the independence of the s; is used to factorize the pdf. This allows us to write down the pdf of the data
as
p(x) = |det W| [ [ pi(w!'x) (4)

where w! is one of the rows of W, and the determinant serves to normalize the distribution. Thus we obtain

the sample version of the log-likelihood of the parameters as

log L(W) = Y 3 log pi(w! (1)) + T log(| det W) (5)

where x(t) runs over T samples from the data. This can easily be maximized by gradient ascent.

However, most of the cells in primary visual cortex are not well described with a linear response, in particular
complex cells which are insensitive to spatial phase cannot be modeled with a linear transform. Therefore efforts
were made to develop ICA-type models with a fixed second layer: Methods such as ISA (Independent Subspace
Analysis) (Hyvérinen & Hoyer, 2000) and Topographic ICA (Hyvérinen et al., 2001) show that phase-invariant
responses can be obtained if a pooling of individual linear filters is imposed on the model. ISA is an extension
of ICA where the individual components s; are projected onto a number of subspaces. Squared norms of
projections onto the subspaces are computed as

uj =Y s (6)
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where the index i runs over all the components that belong to the j** subspace. The model then takes the form

p(x) = [det Wiexp | =3 f | > (wix)’ (7)

1€S;

where the squaring operation implies a projection on subspaces, and the scalar nonlinearity f(.) defines the
overall shape of the pdf. The pooling can also be viewed as a second linear transformation, or layer of neurons,
where a number of first-layer units converge into one higher order unit. Since independence is required only for
the higher order units u;, the linear features that project to one subspace may have dependencies. Applied to
natural images, this has the effect of grouping features with similar frequency and location, but different spatial
phase. Thus it can be argued that complex cells are tuned to minimize energy dependencies, or correlations in
the variance of higher-order units (Schwartz & Simoncelli, 2001), which the above model makes explicit by the
squaring operation.

3 The Model and its Estimation

3.1 A two-layer model

While the models like ISA and TICA described above give important insight into the interpretation of simple
and complex cells as feature detectors tuned to the statistics of natural stimuli, they are somewhat limited as
explanations why the specific pooling is taking place, since only a linear transformation is learned from the
data and the additional connectivity is pre-specified. This rules out certain types of connectivity that might
provide a better model of the data in favor of architectures that have been observed physiologically or have
been hypothesized from theoretical principles. A less strongly constrained two-layer model allows to evaluate



whether the kind of connectivity used in earlier models is actually valid from the point of view of statistical
optimality. A conceptually very simple extension to the models described in the previous section would be to
retain the basic structure, but learning the second layer from the data rather than pre-supposing it. To this
end, let us start by formally defining the two-layer model. We define a pdf that can be viewed as describing a
rather generic two-layer network

logp(x) =Y f[vig (Wx)] —log Z (8)
h

where the total log-probability is given by the sum of individual probabilities, which correspond to the outputs
of individual second layer units. The constant Z is the normalization constant, i.e. a function of the model
parameters W and V which makes the integral of the pdf equal to one. Here, the vj are row vectors of the
second layer weight matrix V, while the first layer W has been retained from the ICA model. Because of
the generality of the estimation method the two matrices do not need to be square, so in general W will be
of size n x m and V of size m x 0. We have two scalar nonlinearities g(.) and f(.), the first of which allows
us to form a nonlinear representation of the data, whereas the second shapes the overall pdf. Such a model
cannot be normalized easily since the normalization constant Z cannot be computed analytically. Therefore
Score Matching (SM) is the estimation principle of choice, since it provides a straight-forward path to learning
in this kind of energy-based model.

For the results presented in this work, we have specified g to be a squaring operation. This is the obvious
choice for the energy model of complex-cells, which obtains outputs as a pooling of squared, or rectified simple
cell responses (Pollen & Ronner, 1983; Spitzer & Hochstein, 1985). The second nonlinear function is chosen to

be of the form
fluw)=—=vI]ul+1 (9)

which ensures that the overall distribution of the model is supergaussian. Using these nonlinearities, the model

distribution becomes:
logp(x) = — Z /v (Wx)? +1—1logZ (10)
h

This fixed combination of nonlinearities was used in all the simulations, unless otherwise mentioned. Also in
accordance with the classic complex cell model, the second layer was constrained non-negative.

A very important point is normalization of the weight layers. We constrain the first layer to be orthogonal
and whiten the data. This is typical in ICA models since an orthogonal matrix is sufficient to perform ICA
on whitened data. It is less clear what kind of normalization should be applied to the second layer, but
the following argument should make clear that some form of normalization is required: When optimizing for
sparseness, we have to distinguish between sparseness of representation and sparseness of a feature (also referred
to as population sparseness and lifetime sparseness, see (Willmore & Tolhurst, 2001)). For the representation
to be sparse, it is sufficient to have some features that are always active, and others that are completely silent.
This is of course a rather meaningless concept, and for a useful representation we require each feature to be
sparse, and in particular, become active at some point. We enforce the correct type of sparseness by normalizing
the mean activity of each feature to be equal to some constant value. We normalize the v to unit L;-norm,
which corresponds to contraining the second layer units to have unit output energy. After each gradient step,
the rows of the second layer were projected on the contour of unit L;-norm. To make sure that the sparseness
in the results is not an artifact of the Li-norm contraint, we compare the results to experiments where the
weights are normalized with respect to the Lo-norm.

3.2 Score Matching

Score matching (Hyvérinen, 2005, 2007b,a) (SM) is a statistical method that allows the estimation of statistical
models which can only be determined up to a multiplicative normalization constant. These so-called ”energy-
based” models come up frequently in machine learning and computational neuroscience. Previously problems of
this kind had to be solved with Markov Chain Monte Carlo methods, which are typically very time-consuming.

Consider a random vector x € R™ that follows a pdf px(€). We define a parametrized model density p(£|©)
where © is a parameter vector that we would like to estimate.



For the kind of problem we consider here the normalization constant Z of the pdf cannot be computed, and
we use ¢ do denote the unnormalized distribution. In the form of a log-probability we have the model:

log p(£|®) = log q(£|©) —log Z(©) (11)

The model score function, which we define as the gradient of the log-probability with respect to the data, is
obviously identical for ¢ and p, and given by:

(& 0) = Velogp(§;©) (12)
Likewise the score function of the observed data is denoted by
Uy (.) = Velogpx(.) (13)

Working with the score function thus has the advantage that it is independent of the normalization constant Z.
The model can now be estimated by minimizing the squared distance between the model score function ¥(; ®)
and the data score function Wx(.) This objective function is defined by

1©) =5 | pe(@1¥(E:©) ~ un(e)|Pae (14)

This may not appear to be very useful at first sight, because estimating the data score function is a nonparametric
problem, and would require as much effort as an estimate of the normalization constant.

We will now sketch a proof how a much simpler form of the objective function can be obtained. The full
proof can be found in (Hyvérinen, 2005). We start by expanding the squared term to

1©) =5 [ peluEONas sy [ p@n@Pd - [ puE o) ek 09

Here we note that the first term does not depend on the data score function, so rewriting it with the inner
product expanded as a sum we get

1 "1
IR GG S SETEL: (16)
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The second term is constant wrt. @, so we simply set
1
IR GILAGI e (1)
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Thus we focus on the third term, where we start by writing out the inner product

3, pelO(E Ol (18)

and consider only a single term. We now rewrite the score function ¢ ;(§) = 810%72‘”(5), so making use of the

chain rule, the term becomes

Z/&Rn £)0:(£: ©) [8logpx ]dE Z/E 8]25(7’5)1!}‘(&@)(16 (19)
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We then use multivariate partial integration (Hyvérinen, 2005) to obtain the i-th term as

Ip=(§) i(r;©)
- i(&;©)d€ = ——
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Working with a sample of data, we replace the integrals w.r.t. p, with sample expectations. Putting this
together we obtain the expression

S |

T n
0)= 7 13 |MHEEN L L) + ¢ (1)

Score matching has been shown to be consistent in (Hyvérinen, 2005), so if the data follows the model, the
method is guaranteed to converge.

3.3 Estimating the model

We can now apply the score matching framework to the model pdf that was given in Equation (10). The score
function of the two-layer network is given by

(&) =Ve > flvig (WE)] (22)
h

so we can write down the score match, i.e. the squared distance between model and data score function as

T n m
VW) - Ty z[w) TS (8 o >] 3)

+ > Fi (Vi g(Wx(t))) [Z wy vﬁgé(wiTX(t))]
t=1 k=1 h=1 =1
T n 1 o m 2
+ > 3 > wivge(wlx(0) fi (Vi g(Wx( )))1
t=1 k=1 h=1/{=1

Estimating this model is straightforward by gradient descent, which requires the gradients of the above
expression with respect to the elements of the weight matrices W and V. These gradients are algebraically
rather tedious, they are given in the Appendix. For the estimation the algorithm was initialized with Gaussian
white noise of unit variance for W and with an identity matrix for V. The convergence of the algorithm was
checked by visual inspection of the score matching objective function and the weight matrices.

4 Experiments on Simulated Data

As a test of the identifiability of the model we applied it to simulated data with a known higher-order structure.
We generated data following the ISA model, which is a special case of the proposed two-layer model and easy to
generate data with. Analyzing this special case also has the advantage of being simple enough for easy analysis.
The generated data contains higher order dependencies in the form of common variances for groups of source
variables, which are beyond the reach of a linear model such as ICA. Data following the ISA model was generated
as follows: To obtain T observations of an n-dimensional vector which contains k£ independent subspaces, we first
create a matrix M of n X T observations from a Gaussian distribution of unit variance, and a matrix B of k x T
variance parameters from a uniform distribution. We introduce dependencies between groups of the Gaussians
by multiplying them with a common variance from the uniform distribution: U(¢,t) = M(Z,t)B(j,t),Vi € S;.
This supergaussian data is then mixed with a mixing matrix A that is also generated randomly, so the data
matrix is X = AU. Before the estimation the data is whitened. For the experiments shown below we choose
T = 5000, n = 21 and k = 7, so each subspace had three elements. The performance of the algorithm was
judged by visual inspection of the product of the filter matrix W with the mixing matrix to obtain Z = W x A,
which should be identity up to permutations and signs in the case of perfect recovery of the components.

The experiments with artificial data mainly served the purpose to confirm the consistency of the estimation
method, but also to determine the correct initialization and normalization procedures for the experiments on



natural stimuli. We compare L;- and Ls-normalization of the second layer matrix V , and we compare randomly
initializing V and initializing it with an identity matrix. Finally we compare initializing the first layer W with
Gaussian white noise and initializing it by learning ICA filters with a fixed second layer.

Figure 1 shows the results for each of these various trials. In ICA, one can simply multiply the mixing
matrix A with the estimated filter matrix W which should be a permuted diagonal matrix if the components
are identified correctly. Thus visual inspection of Z = W x A can be used to to determine convergence. The
ISA or two layer model is identifiable only up to subspaces, where the second layer determines the subspace
ownership of each element of Z. By multiplying the second layer matrix V with Z, a block-diagonal matrix
with permuted rows should be obtained if the algorithm converges correctly.

In each of the four experiments (a)-(d) we performed, the top row shows the second layer V on the left and
the product V x Z, on the right. In the bottom row, on the left we show V where the rows have been sorted
in such a way that identical rows are next to another. This is purely for visualization purposes and does not
affect the objective function. Again, on the right we plot the product V x Z. If this results in a permuted
block-diagonal matrix, the second layer has correctly identified the dependencies in the first layer.

Firstly, the comparison between (a) and (b) shows that convergence is possible both from V initialized with
the identity matrix and from a random V. However the number of iterations is about an order of magnitude
greater starting from random. For this reason all experiments with image patches were performed with V ini-
tialized as identity. Secondly, in between (a) and (¢) we compare the effect of L; and Lo-normalization. In this
case, the Lo-normalized model has converged to a local minimum and has not identified all the components cor-
rectly. Finally, in (a) and (d) we analyze the effect of learning the layers separately, rather than simultaneously.
The results indicate that the correct solution is still found if the first layer W is initialized with V clamped
to identity. After W has converged, learning continued with both layers simultaneously. This approach, which
amounts to initializing the first layer with an ICA basis, was retained for the experiments on natural images,
because of an increase in the speed of convergence.

5 Experiments on Natural Images

After confirming the consistency of the estimation method with simulated data, we tested the model on natural
images which have a particularly rich statistical structure with complex higher order dependencies.

5.1 Methods

All experiments were performed on images taken from P. O. Hoyer’s ImageICA package!, using 20,000 image
patches of size 16 x 16. The whole images were preprocessed by approximate whitening assuming a 2 power
spectrum and contrast gain control with a Gaussian neighborhood of 16 pixels diameter. Details of this prepro-
cessing can be found in (Hyvérinen & Koster, 2007). The preprocessing can be given a physiological justification
in terms of the processing in the retina (contrast gain control) and lateral geniculate nucleus (whitening), or
it can be viewed more pragmatically as simplifying the statistical structure of the images slightly. We then
randomly samples patches from the images, remove the DC component from the patches, and discard any blank
image patches. Finally we used an eigenvalue-decomposition to whiten again and reduced the dimensionality
using Principal Component Analysis. The dimensionality was reduced from 256 to 120. The dimensionality
reduction corresponds to low-pass filtering and eliminates sampling artifacts from the image patches. In all
experiments both weight matrices W and V were chosen to be square, of size 120 x 120.

The matrix W was initialized as white noise, and V as an identity matrix. Both were optimized using
gradient descent with a constant stepsize. To increase the speed of convergence, we first estimated the first
layer only, keeping the second layer fixed. After the conditional convergence of the first layer, we performed two
different experiments. In the first type of experiment, the estimation was continued by updating both layers
simultaneously after W had converged. In the second type, which served as a control, W was held fixed after
initial convergence, and only V was continued to be estimated. During the estimation of the second layer, the

Lwww.cs.helsinki.fi/patrik.hoyer



outputs units (rows of V) were normalized to unit L; or Ly norm after every step. Convergence was determined
by visual inspection and took about 300 hours on a Pentium IV workstation.

To analyze the tuning properties of the filters in the first layer, we fit Gabor functions to the rows of the
filter matrix W. For each of the first layer responses, we used a least squares fit (adapted from (Hyvérinen
et al., 2001)) to determine location, orientation, size, phase and frequency. To compute tuning curves of the
second layer complex cell outputs, we followed our model by taking squares of the first layer filter responses
and summing them, weighted by a row of V. The second layer nonlinearity is required in the estimation to
define a supergaussian pdf, but it is not considered part of our complex cell model, so we analyzed the second
layer outputs without any further nonlinearity. To obtain tuning curves the ”optimal stimulus” for a particular
complex cell was chosen to be a Gabor function constructed from a weighted average of the constituent first
layer filter parameters. One of the parameters (location, orientation, phase, frequency) was then varied while
the others were held at the optimum value. The response of the complex cell was computed for 100 different
instances of the parameter.

5.2 Results

In Figure 2 we show the first and second layer weights learned from 16 x 16 image patches. We analyze the
effect of the two types of normalization of the second layer, (a-c) show Lq-norm results and (d-f) Ls-norm
results. In each case, the first layer (a, d) shows Gabor-like filters tuned in orientation, location, frequency and
phase, very similar to those obtained by ICA models. In (b, e) we plot the most active features for a random
selection of second order units. Like complex cells, the units can be seen to share similar frequency, orientation
and location, but vary in spatial phase. In (¢, f) the pooling connections that were learned for the individual
features are shown. The connectivity can be seen to be sparse, with only a few first layer features contributing
to each row of V. Since V was initialized with an identity matrix, there is strong activity at the main diagonal.

To show the relation to the work by Karklin and Lewicki, we plot the higher order components in in Figure
3 in a similar way to Fig. 6 in (Karklin & Lewicki, 2005). Rather than plotting a point for each component,
we show an ellipse, with the orientation of the major axis corresponds to the orientation of the first-layer
basis function. This is an intuitive way of plotting since most of the bases are reasonably well described by
location and orientation. The brightness of the ellipse represents the activation strength, light gray being close
to zero and black corresponding to maximal connection strength. The most striking feature compared to the
components estimated by Karklin and Lewicki is that there are no higher order features in which a large fraction
of basis functions are active (this was the case in about half of the components estimated by Karklin & Lewicki).

In Figure 4 we show a quantitative comparison on the effect of simultaneous vs. sequential estimation of
the weight layers for Li-norm experiments. We analyze the tuning curves of the output units by presenting
various Gabor stimuli to the estimated units. In (a) only the first layer was learned and the second fixed to the
identity matrix. This results in simple cell behavior with strong phase selectivity. In (b) we present statistics
from a sequential estimation of the two weight layers. There is an obvious decrease in selectivity to spatial
phase, indicating complex cell properties. In (¢) both layers have been estimated simultaneously. This leads
to a striking decrease in phase selectivity, i.e. the second layer outputs become more complex cell-like. In
particular the upper 10% quantile of the outputs becomes essentially completely phase-invariant, whereas in
the sequential estimation, there is still a 40% modulation in this quantile. At the same time the selectivity for
position, orientation and frequency are not affected considerably, with a slight broadening that seems miniscule
in comparison to the change in phase selectivity. This highlights the importance of simultaneously estimating
both layers of the model.

Finally in Figure 5 we further analyze the connectivity in the second layer V for the two different cases of
L1- and Ls-normalization. We show histograms of the values of the elements in 'V which give the connectivity
between first- and second-layer units. In both cases we clearly see the emergence of sparse connectivity, with
the majority of the connections having zero strength. Of the 14,400 connections more than 10,000 fall into the
lowest bin in the two experiments.



5.3 Estimation without non-negativity constraints

In addition to the experiments with a non-negative second layer, we also estimated the model with two dif-
ferent nonlinearities that did not have a non-negativity constraint. This has the effect that negative energy
correlations can be modelled in addition to positive ones. First, we analyzed the case of a symmetric nonlin-
earity f(u) = logcoshu, which leads to an output distribution that is sparse with both negative and positive
outputs. Additionally we report on the results with an asymmetric nonlinearity, where the negative half of the
nonlinearity corresponds to a Gaussian distribution, and the positive half follows a logistic distribution. In both
cases an Lo-norm constraint as imposed on rows of V, which was initialized randomly. Moreover, the first-layer
nonlinearity was set as g(u) = log coshu instead of the simple squaring, in order to be able to better model a
heavy-tailed distribution.

In the symmetric model (results not shown), we found sparse connectivity of the second layer, but with
higher order features very different from the complex cell-like responses of the non-negative model: For some of
the outputs, the first layer forms pairs of features which both contain two Gabors in their receptive field, one
that is identical in both features, and one that is identical but of opposite sign, as in (Lindgren & Hyvérinen,
2006). Individual higher order outputs pool one such pair of features with one strong negative and one positive
weight. Using the identity a? —b? = (a — b)(a+b), this can be interpreted as taking the product of the sum and
difference of the two linear filters, which turns out to be the product of two individual Gabor filters. Thus the
model can be interpreted as taking products of linear filter outputs, with results very similar to those observed
previously in quadratic ICA (Lindgren & Hyvérinen, 2006). In the model with sparse positive and Gaussian
negative outputs (results not shown), we report higher order features with one or a small number of highly
active positive inputs, and a larger number of small negative inputs. This could possibly be interpreted as a
surround-inhibition, or a gain control phenomenon.

Thus we see that the results depend very much on the choice of the nonlinearity f, and very different results
can be obtained by changing the nonlinearity. It seems very difficult to to make a principled choice of f,
because the usual measures of sparseness do not easily generalize to two-layer models. In future research, f
could possibly be estimated from the data. In the current work, we choose to analyze only the results from the
non-negative model, because it seems to be most in line with the visual processing in mammalian visual cortex,
i.e. complex cell responses. Furthermore we view our model as a direct extension to models with non-negative
second layers such as ISA and topographic ICA. These have previously been motivated by the observation of
strong positive energy correlations between linear filter outputs, so non-negativity seems to be a most reasonable
constraint.

6 Experiments on Audio data

In order to demonstrate the general applicability of our model to a variety of data sets, we also tested it on
speech data from the TIMIT database. The model was estimated exactly the same way as for image data, and
the data was preprocessed as follows: We took 100 short utterances from the database, and resampled them to
8kHz. The data was high-pass filtered with a cutoff at 100Hz and then normalized to unit variance. We sampled
10,000 random sound windows of 16ms length, which corresponds to 128-dimensional data and removed the DC
component. We also applied our standard preprocessing consisting of whitening and contrast gain control, as
described above for image data. Simultaneously we reduced the dimensionality from 128 to 120 which amounts
to low-pass filtering and serves to eliminate artifacts due to the windowing procedure. The rows of second layer
were again constrained to unit Li-norm.

The results we obtained from the speech data are remarkably similar to those from image data and are
presented in Figure 6. In (a) we show the first layer features in the time domain, which are tuned to specific
frequency bands as well as positions and extend in time. The second layer in (b) is shown in the same way as
for image data, and shows that a sparse connectivity has been learned between groups of first layer features.
This is analyzed further in (¢), where we we show which first layer features are pooled in the second layer.
We obtain higher order features where similar frequencies with slightly different temporal position are pooled.
Interestingly the pooling size is considerably smaller than for image data, some of the outputs have as few as
three contributing first order features. This seems to indicate that the breaking of the independence assumption



is not as severe for audio data as it is for images, and that residual dependencies after the first layer are smaller.

7 Discussion

In the past, relatively little work has been done with full two-layer models, since one very important feature
is lost in the transition from a carefully designed second layer to a free one: While e.g. ISA has a pdf that
is straightforward to normalize in closed form, this is not the case for a more general model. Therefore it is
not possible to express the likelihood in simple terms (the partition function cannot be solved analytically),
and learning becomes very difficult, possibly requiring stochastic methods such as Markov Chain Monte Carlo.
Only recently it has become computationally feasible to estimate two-layer models. This new generation of
models has the advantage that the models learn, rather than presuppose, dependencies between outputs of
linear filters. The model that we have presented is estimated using Score Matching, which overcomes some of
these difficulties and allows simultaneous estimation of both network layers. While including some previous
extensions of ICA such as ISA and topographic ICA as special cases, our new model is far more general that
those previous models. For example ISA forces the filters to group into subspaces of a constant size and with
an equal contribution, and does not allow a single filter to be active in more than one higher order unit.

Two models have recently been proposed that have a similar hierarchical structure but are estimated dif-
ferently. Most closely related to our work is the hierarchical Product of experts by Osindero et al. (Osindero
et al., 2006). Instead of using the traditional ”independent component” point of view, the model is defined as
a "product of experts” model following Student-t distributions. The estimation is performed using contrastive
divergence (CD), which was recently shown (Hyvérinen, 2007a) to be related to Score Matching. The results
obtained are similar to those reported here: Estimating the model on natural images also lead to complex
cell-like behavior in the outputs. While it is not explicitly mentioned in (Osindero et al., 2006), it is possible
that the authors also observed sparse connectivity in the second layer. From our point of view the most sur-
prising difference to our model is that the authors observe it makes little difference whether the second layer
is estimated ”on top of” a predetermined first layer. The change in first layer units, which leads a significantly
more complex cell-like behavior of output units when the estimation is simultaneous, shows that this in not
the case in our model. Rather, the first layer features adapt to the requirements of the second layer, and while
learning with a fixed second layer provides a good initialization for the first layer, it is clearly advantageous to
learn both layers simultaneously to optimize the model.

Another study, (Karklin & Lewicki, 2005), with its extension (Karklin & Lewicki, 2006) is to our knowledge
the only previous model where a simultaneous estimation was shown to lead to significantly different results from
sequential estimation. Similar to our results, the pooling patterns in the second layer change what constitutes
the optimal linear filters in the first layer, and a change in the Gabor-like basis functions is observed. However
in the original work (Karklin & Lewicki, 2005) where the authors analyze the pooling patters, a fixed first layer
is used for computational simplicity, and in the later extension (Karklin & Lewicki, 2006) the authors focus
purely on the change in first layer linear filters and do not comment on changes in the pooling patterns. In any
case it would be difficult to compare the pooling patterns and the effect of simultaneous estimation directly to
the model proposed here. In contrast to our work the authors report broadly tuned features in the second layer,
describing global properties of the data, and do not show simple pooling patters with e.g. common orientations
and spatial frequencies.

Thus the emergence of sparse connectivity is a key difference between the different models considered here.
Karklin and Lewicki clearly do not obtain this type of connectivity, as seen from Fig. 5 in (Karklin & Lewicki,
2005). It seems likely that sparseness of the connectivity can be greatly influenced by small details in the
model specifications, which can be seen from the effect the normalization of the higher order weight matrix in
our model. We observed that the L;-norm penalty is an important factor in obtaining a uniform population
of phase invariant higher order cells which pool only few first order units. With the Lo-norm we observed a
fragmentation into two populations of output cells with different pooling patterns. In addition to one very
sparse population, a second population pools over a larger number of inputs, and looses some of the location
selectivity, but retains orientation and spatial frequency tuning, still amounting to complex cell-like properties.
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8 Conclusion

We have presented a two layer model that that can be used to learn the statistical structure of various kinds of
data. By using Score Matching for the estimation, unsupervised learning in this type of model is made faster
and more straightforward than with alternatives such as Monte Carlo methods. Contrary to ICA, higher order
dependencies in the data can be captured to give better models of real world data. In contrast to similar models,
we report that the tuning properties of the higher order features are dependent on a simultaneous estimation
of both network layers, which in our results leads to increase in complex cell properties of the outputs.
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Appendix

Derivatives of the objective function

We need to evaluate the gradients in the objective function (equation 23) w.r.t. the elements of W and V.
Since the expression can readily separated into a sum of three terms, which we call A, B and C, we treat these

separately. We get six terms g—{,‘;,, 5w etc. Writing these out, we get for the first term
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For better readability we substitute [>7 _; >/, wivpgy(.) f1.(.)] = Ak in all subsequent equations.
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Next we evaluate the derivatives for V, for the first term:
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(b) Random initialization, Li-norm
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Figure 1: Simulations with synthesized data. For each of the four plots we show the second layer matrix V on
the top left and the product Z = W x A on the top right. The bottom row contains the same matrices as the
top row, but with the vectors sorted for visualization purposes.

(a) Both layers estimated simultaneously with W initialized with Gaussian white noise and V with an identity
matrix. The rows of V are constrained to unit Li-norm.

(b) Like (a), but both weight layers initialized with white noise. Convergence takes nearly an order of magnitude
longer, but the the global minimum is found nevertheless.

(c) Like (a), but with rows of V constrained to unit Lg-norm. Note that the second layer is not estimated
correctly.

(d) The estimation can be simplified by estimating only W first, with V held constant. In the second step both
layers are learned. While this does not seem useful with generated data, pre-learning the first layer like this is
advantageous for natural data.
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(d) First Layer, Lo-norm (e) Some pooling pat-
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(f) Second Layer, La-norm

Figure 2: (a) First layer filters W show the classical simple cell type structure.

(b) A random selection of second-layer units where each row shows the most active first-layer contributers to
the response with the black bars indicating ”synaptic strength” (elements of V), i.e. how strongly each filter
contributes to the second-layer output.

(c) The second layer matrix V. Connectivity is sparse, with connections between basis functions of similar
tuning.

(d-f) Same as (a-c), but with Lo rather than Li-normalization.
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Figure 3: A random selection of 24 rows of V, corresponding to individual higher order features, in an iconic
representation. Fach feature is represented by a number of ellipses corresponding to individual first layer basis
functions with the same orientation and position as the ellipse. Spatial phase and frequency are not shown
in this representation. Each unit can be seen to pool over a small number of basis functions that tend to be
iso-oriented and co-localized. This is typical behavior for Complex Cell receptive fields.

While the Li-norm penalty leads to a relatively uniform population of outputs which pool over approximately 5
linear filters, the features with an Lo-norm constraint show a distinct splitting into two sub-populations: Some
features pool over a larger number of inputs and loose much of the location selectivity, while the rest of the
features pool over fewer features than with the Li-norm. In further analysis we therefore focused on the more
uniform outputs obtained under the Li-norm constraint.
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Figure 4: Analysis of complex cells properties of the second layer outputs, following (Hyvérinen & Hoyer, 2001).
One parameter of the fitted Gabor was changed at a time, and the normalized response was plotted as a function
of the tuning parameter. The solid line shows the mean response of 120 tested cells,the dashed lines give 10%

and 90% quantiles.

(a) Only the first layer W was estimated and V was fixed to identity.
(b) After W had converged it was held constant and V was estimated using this constant first layer.

(¢) W was initialized as above, but then both layers were estimated simultaneously. This shows significantly
less phase-dependence in the tuning curves, indicating that W has adapted to the pooling imposed by V.
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Figure 5: (a) Histogram of the values in the second layer matrix V estimated with L;i-norm constraint. The
connectivity is clearly very sparse, only 6.0% of the elements are non-zero.

(b) Learning with an Lo-norm constraint on the second layer matrix V produces slightly different connectivity.
The sparseness is still very high with 7.6% non-zero values, but these are distributed less uniformly than in the
Li-norm case. There is an increase in elements with a value close to one or zero, indicating higher order units
with more heterogeneous pooling patterns.
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Figure 6: Experiments for speech data from the TIMIT database.

(a) The first layer gives outputs localized in both frequency and time.

(b) The second layer gives connections between features with dependencies of squares.

(¢) A random selection of output units. Each row shows the active first layer filters in one row of V.
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