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Abstract. We formulate a learning algorithm for online learning in neural networks using the
extended Kalman filter approach, providing a principled and practicable approximation to the full
Bayesian treatment. The latter, which constitutes optimal learning, does not require artificial setting
of training parameters and allows for the estimation of a wide range of quantities of interest. We
analyse the performance of the algorithm using tools of statistical physics in several scenarios: we
look at drifting rules represented by linear and nonlinear perceptrons and investigate how different
prior settings affect the generalization performance as well as learnability itself. We investigate
the learning behaviour of stationary two-layer network, where the algorithm seems to avoid the,
otherwise common, problem of long symmetric plateaus.

1. Introduction

Online learning is animportantlearning paradigm in the context of neural networks, particularly
for nonstationary tasks. A continuous stream of training examples is used for adapting
sequentially a set of parameters, gradually improving the approximation to the underlying rule
realized by the system. This rule is often referred to as the ‘teacher’, whereas the approximating
system is termed ‘student’.

A widely used approach for regression problems is to define an objective measure for the
discrepancy between the desired and the actual output produced by the current estimate of the
rule. The parameters of the student are then updated by gradient descent on this error measure;
the update mechanism is controlled by learning parameters in general and the learning rate
in particular.

One problem of this ‘ad hoc’ approach is the arbitrary choice of the learning parameters and
learning rules. For example, the optimal learning rate schedule, depends on the characteristics
of the system [1, 2] and is generally not known, so that heuristic estimates have to be used.
For instance, in a noisy but learnable stationary scenario, one has to decay the learning rate to
zero asymptotically, inversely to the number of training examples with a specific prefactor [1].

If, however, the underlying rule is drifting, the learning rate has to stay finite, keeping track of
the changing rule.

Similarly, several advanced and principled training rules have been suggested over the
years (e.g., Newton’s method [3] and natural gradient descent [4]) but there is no clear
understanding as to what is the best method to use in different cases, especially when taking
into account the different computational costs involved.
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Lots of work has been done, using methods of statistical mechanics (for an overview on
theoretical methods in online learning see [5]), on determining locally [6] and globally [2]
optimal learning rate schedule and learning rules [8, 7] and on analysing the properties of
practicable second-order methods [4,9]. However, these methods are mainly of theoretical
relevance as they require quantities which are unknown during the learning progress.

Another deficiency of current online training methods is that they represent a single
evolution path and they may therefore critically depend on the choice of initial conditions
and will not be able to provide information on statistical properties of the evolving solution,
such as error bars and parameter relevance.

These deficiencies may be handled by the Bayesian approach, which offers a principled
method for following the evolving posterior with respect to the training examples presented,
with no need for artificially choosing learning parameters and rules. Moreover, it constitutes
the optimal learning procedure, if the prior is set correctly, and facilitates the calculation of a
wide range of quantities of interest, such as the posterior mean, error-bar estimation parameter
relevance and more.

Unfortunately, obtaining exact analytical expressions for Bayesian online learning is
unfeasible, and even obtaining approximated expressions via numerical methods such as
Markov chain Monte Carlo [10]is usually impractical. A principled and practicable alternative
is the application of the extended Kalman filter (EKF) to online learning in neural networks.
The EKF has been used to speed up batch learning in [11] and has been introduced in the
online learning of neural nets in [12] and independently in [13] and [14]. The method has
some of the advantages of a Bayesian method: scheduling the learning rate is not required
after the initial setting, it is self-controlled and some statistical properties of the solution may
be calculated. However, as the EKF merely approximates the posterior we cannot expect it
to perform optimally, as one would expect from the exact Bayesian solution, and one should
therefore carefully assess the impact of the approximations on the performance.

We should also point out that online Bayesian approaches have been presented for
classification in [15] and were subsequently studied within the statistical mechanics framework
in [16]. This approach also relies on a Gaussian approximation to the posterior but does not
require the use of EKF techniques.

The scope of this paper is to present the algorithm derived from the EKF approach and to
analyse the learning behaviour in several scenarios using methods of statistical physics. We
will compare its performance to that of non-Bayesian approaches and discuss the effects of
the approximation used.

The algorithm is applicable and efficient in the case of smooth networks. However, it
is of larger time and space complexity in comparison to conventional approaGiias)(
instead ofO(N)). We will also formulate and examine a simplified version using isotropic
posterior distributions (and quasi-isotropic in complicated cases), which brings the algorithm’s
complexity back taD(N); this ansatz can be justified asymptotically. The simplified version
will be analysed exactly while the algorithm with the more general posterior will be studied
by numerical simulations.

The paper is organized as follows. Section 2 outlines the EKF approach which is applied
in section 3 to nonstationary feed-forward neural networks. We introduce the explicit update
equations for the cases of linear and nonlinear perceptron and of the soft committee machine
(SCM) [17] as well as a more economical version of the algorithm using quasi-isotropic
posteriors. In section 4 we present the statistical mechanics framework for analysing dynamical
properties of the algorithm and in section 5 we evaluate its performance in three cases: in the
case of the linear drifting perceptron we look at the influence of mismatched prior choices.
In the nonlinear drifting perceptron case we investigate, in particular, how the nonlinearity
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influences the performance and finally we examine the SCM via numerical simulations.
Before moving on to describing the EKF, we would like to explain our notation, as it
comprises conventions used in both neural networks and EKF literature. We need to distinguish
between scalars, column vectors and matrices. For scalars we use lower case lettg)s (e.g.
except forN andM which are special scalars denoting the input dimensionality and the number
of hidden nodes respectively. Column vectors are denoted by bold lower case lettegk (e.g.
Finally, matrices are denoted by upper case roman letters (e.g. C). Where necessary we state
the dimensionality of quantities explicitly.
We will denote the discrete time indein two different ways: either as subscript (agjh
or in parentheses (asin(z)). These notations should be considered identical; the former will
be used most of the time for brevity while the latter will be used for main dynamical variables
that will be converted later to variables which depend on a continuous time.

2. The extended Kalman filter approach

As the first step we sketch the general EKF approach. This is meant only as a short summary,
details and explicit derivations of the formulae can be found in the literature, e.g. in [18, 19].
The relevance of the EKF approach to nonstationary neural networks training will be explained
in section 3.

The typical task in the EKF approach [18, 19] is to keep track of a vasfowhich is
evolving in time due to the general dynamics

w'(t +1) = v(°(), p). 1)
The dimension ofv° (and thus ofv) is N which also generally is an characterizes the system
size. The functiorv is known whereas the vectgy (of fixed dimensionality depending on
the model) representing some noise is unknown. This means that the dynamftsax both
deterministic and a stochastic components.

At each time step we get some information about the state of the system given by the
measurement equation

2 = hi(w’(1), ¢)). @
Here#;, is time-dependent and known (or assumed to be known) whereas the measurement
noise vectok, (of some fixed dimension, depending on the model) is unknown.

The idea is now to represent our knowledge (or belief) about the veetan by a
probability distribution and update this distribution at each time step in a Bayesian manner.

To model this probability distribution we will use a unimodal Gaussian posterior
distribution with meanw(¢) and covariance matrix @. The distribution updates can be
separated into two steps. Given the estimai¢s, C(¢) at timer we first have to take into
account the movement of the rule vecto®(r) by definingw—(r + 1) and C (¢ + 1) to be our
estimates at timet+ 1 beforereceiving the measurement. The second step is then to incorporate
the information obtained from the measurement taget+ 1) and Gr + 1) as the distribution
parameters at time+ 1 afterincorporating information obtained from the measurement.

It is now important to notice that under certain conditions this program can be performed
exactly. For this itis sufficient that the functiongindh, are linear in the weights and the noise
variables (the components of the noise vecwend(, respectively) and that the distribution
of this noise variable is a (multivariate) Gaussian. Starting-a with a unimodal Gaussian
distribution as the weights prior probability distribution, the exact update of this distribution
leads to a modified unimodal Gaussian again. This corresponds to the Kalman filter estimator.

In the following we will assume the noise variables to be Gaussian and represent the
probability distribution of the weights by a multivariate unimodal Gaussian. The funations
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andh we are interested in are, however, in general, nonlinear. The trick is now to linearize these
functions and perform updates using the linearized versions. The framework is then called the
extendedalman filter and is only an approximation. The quality of this approximation under
certain conditions will be addressed later on in this paper.

Let us now derive the program outlined so far explicitly. First we lineasizbout the
current vectorw and the noise variable

v(w + Aw, p) ® v(w,0) +V,Aw + Pp 3)
with

Vi = Vlw=i@)

P=V,v|,=0.

Here, V, and P areV x N andN x [the dimension op] matrices. The noise variables jn
are assumed to be Gaussian with zero mean (as nonzero average could be absorbed into the
deterministic part of the dynamics) and covariance

(o) = (prp1)- (5)
The so-called ‘time update’ due to the evolution of the veatBiis then given by

W (t+1) =v(w(r),0)

C (t+1=V,CtV, +Pz,P.

Note that the linearization is carried out at the mean val@® of our current posterior.
The next step is to incorporate the information provided by the measurement. As outlined
before we have to linearize

(4)

(6)

hi(w+ Aw, ¢) ~h,(w,0)+H,Aw+ZC (7)
with
Ht = thr|;c=12;(t) (8)
Z= VCht|§=O
and the noise variance
(Zu = (). ()]

The dimension of His 1 x N (thus a row vector) and of Z isxl (the dimension ot). With

the linearization and the assumption of Gaussian noise we get a Gaussian likelihood term
due to the new example. This is incorporated with the Gaussian prior, based on our current
estimate of the posterior parametrizeddoy (+ + 1), C” (¢ + 1), through multiplication and
subsequent normalization of the two Gaussian distributions. As all distributions are Gaussian,
this straightforward procedure results in a Gaussian distribution with new parameters,
corresponding to the ‘measurement update’ in the EKF literature:

w(t+1) = (t+1) +Kpa[zie1 — hra(b™ (1 + 1))]

Ct+1) = —-KuH)C (@ +1)
where the Kalman gain is defined by

K1 = C(t +1) HL [H;C™ (e + DH!, + 25,2717 (11)
The dimension of KigV x 1. Combining the ‘time update’ (6) and the ‘measurement update’
(10) provides the complete update equations from tineetimers + 1.

For a more detailed derivation of the EKF equations we refer the interested reader to, e.g.,
[18,19].

(10)
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3. Application to neural networks

3.1. The model

The task is to utilize the general framework introduced in the previous section for online
learning of an evolving neural network. Although it is certainly not immediately obvious
how to carry this through, it turns out to be straightforward as only reinterpretation of some
quantities is necessatry.

In the learning scenario considered here we have an underlying rule (teacher) specified by
an unknown parameter vectat, which is to be learned by our model (student). Depending
on the values of these parameters, a known funcfiorealized by a neural network, maps an
N-dimensional input patterg, € RV given at timer to a scalar output valug € R

2= fw’ &)+ (12)
whereg, is an additive noise drawn from a Gaussian distribution with zero mean and variance
o2 representing the corruption process. This is termed a measurement in the EKF literature; in
online learning, a single paig,, z;) of pattern and corrupted teacher response, given at each
time stepr, constitutes a training example, and is used to improve our estimation of the teacher
couplings.

In a nonstationary scenario one also has to take into account that the teacher cauplings
are time-dependent with

w(r +1) = v(w°(), p,) (13)

wherew is some function which is assumed to be known apdepresents a set of random
variables which drive the nondeterministic part of the evolution.

This scenario is often called a student—teacher scenario where the model (student) is trained
on basis of the given examples to be as close as possible to the underlying rule (teacher). It
clearly corresponds to the EKF scenario outlined earlier by comparing equation (12) with
equation (2) and equation (13) with equation (1). We see that these scenarios can be mapped
onto one another if we

o identify the EKF parameter vectar® (section 2) with the teacher vecta of section 3.

¢ identify the function, in equation (2) with the functiorf (with the argumeng, at time
t) in equation (12).

o identify the EKF nonstationarity functiom in equation (13) with the teacher-
nonstationarity functiomw in equation (1).

¢ use for estimating of the studemta Gaussian distribution specified by a me&f) and
a variance @) as in the EKF approach.

Having done this, the EKF-based learning algorithm can be applied to our problem directly:
we just have to specify our choices for i, (given by f andg,) and the initial conditions

for w and C. The only restriction is thatand f are smooth functions. We then get update
equations for the online learning scenario directly from equations (6) and (10).

As the weight dynamics for the teacher we will use throughout this paper a random drift
with a constant teacher vector length. So we choose the teacher uddtmbe normalized to
one,|w®| = 1 and the nonstationarity to be as in [21]

wlt+1) - w()=1—- % (14)
where the coefficient; controls the drift ‘speed’.

The main quantity of interest is the Bayesian generalization error given by

(1) = (f (WP, &) — (f(w, €)) p,w)De (15)
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with p,(w) being the current estimate of the posterior. The outer average is over the set of all
possible patterng sampled from some probability distribution, which should be specified for
calculating quantities of interest (e.g., within the statistical mechanics framework).

We have used the same functignfor both teacher and student, reflecting the fact that
we consider them to have the same architecture. It is possible to use different fungtions,
and f, to reflect the fact that we do not know the teacher architectptaut assume it to be
described byfs. This enables one to investigate unrealizable and over-realizable scenarios.
In this paper we will restrict ourselves to realizable scenarios.

3.2. Update equations for a single node

We first derive the update equations for the nonlinear perceptron
fw, § =¢(w-§) (16)

where the activation functios will be specified later. As described in the previous section
one obtains update equations for each new exaiggple, z,+1)—equations (10). Replacing

the general functions in equations (10) and (6) by the specific network (16) and teacher
nonstationarity (14) considered here one obtains

¢ (241 — @)
0§+ ($)%€/,1C(1E 11
(¢)*C(1&11€CW) | 255,
0§ + (@)%, C1D&  N?
wheregp andg’ denotep (w(t)-£,,,) and its derivative with respect to its argument, respectively.
We have introduced two new variables; andss. Ideally these should be chosento correspond
to the true noise variances, i® = or andds = §7. However, if the true noise variances
are not known (as is generally the case) one has to use estimated values and for updating the
posterior.

The matrix C in equations (17) and (18) serves, in conjunction with the noise-dependent
denominator, as an effective non-isotropic learning rate (in the eigen system of C one would
have different values for the different eigen directions). This reflects the fact that we might be
pretty certain about the correct value of the weight vector in some directions (narrow posterior)
whereas other directions are still fairly undetermined allowing for larger learning steps in these
directions.

The scaling in this scenario 8(w;) ~ 1/+/N, O(C;j) ~ 1/N andO(&;) ~ 1; keeping
the correct scaling is significant as we will take the lilit— oo later on.

w(t+1) =w()+

C(t)£t+1 (17)

Ct+1) =C@) — (18)

3.3. Update for the soft committee machine

In this architecture the coupling vectaris fragmented intd/ partsw!,! = 1... M, with the
definition of the rule being

M
fw, &) =Y ¢w ). (19)
=1

The posterior covariance is

Cuu Cio Cp3
Co1 Cp

C=
Ca1

(20)
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with C;; being theN x N covariance matrix fofv; andwy. The update rules become:
w(t +1) = w(t) + Kt + D[ze1 — f (D)}, &41)] (21)

1 1
Cu(t+1) = Cy(r) + i m%sl b Z ”% Z‘z’;zcln (f)(§t+1$zT+1)]ka(t)} (22)
S c m n

with the Kalman gain

1 ,
Kit+1) = W Xn: d’ncln ()€41 (23)
the variance
02 = $i 0,1 Con (D (24)

kn
and using the abbreviation

¢;/1 = ¢/(1I’n t+1- £t+1)~ (25)

3.4. Restricted posterior and the isotropic covariance

The algorithm as formulated so far requires the general covariance matrix for calculating
the posterior and is therefore of considerable higher time and space complexity to that of
conventional online learning algorithms like gradient descent. One simplification is to restrict
the space of possible posterior distributions, projecting the actual posterior onto a restricted
space after each update using some suitable distance measure.

We will use here the most simple form for the restricted posterior: an isotropic Gaussian
with the following covariance for the one-node case:

n()
Cit) = —1. 26
=" (26)
Herel istheN x N-identity matrix. For the SCM the corresponding ansatz is
Cu = %1 (27)

so each segment of the complete covariance (see equation (20)) is restricted to be isotropic.

There are several reasons for taking this simplified ansatz: the first is that the complexity
is reduced from?(N?) to O(N) with N being the number of free parameters. On top of
that, if the system is noisy (which is always the case in practice) this ansatz is well justified
asymptotically as the weight error decays with training time with a prefactor proportional to the
Fisher information matrix. Thus, in the cases considered here, the covariance matrix structure
reduces asymptotically to a (quasi) isotropic structure for stationary tasks.

A technical reason for looking at the simplified version is that it is amenable to theoretical
analysis. For the general covariance matrix only the linear stationary case have been solved
so far where batch (e.g., in [20]) and the proposed online scheme are equivalent.

There are many ways to redefine the update rule for this type of restricted posterior. We
choose a straightforward approach: we employ théies(26), (27) in the general update
equations (equations (17) and (18) for the one-node case and equations (21) and (22) for the
SCM). For obtaining consistent updates we have to replace the&&rin equations (18) and
(22) by an appropriate isotropic matrix, which is carried out by replacing the aggtiaby
its averagegee’); (meaning that we treat this matrix as self-averaging, which is clearly an
approximation). For preprocessed input data, and in particular for the scenario examined later
on, the general matrix C will then reduce to a constafmultiplied by the identity matrix)
for which the update equations can be obtained straightforwardly.
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4. The order parameter dynamics

In the statistical mechanics approach we are interested in the system’s behaviour for large
system sizeV — oo. In this so called ‘thermodynamic limit’ one can capture the system’s
behaviour by a small set of macroscopic quantities [17, 22] which are sufficient for calculating
the main quantities of interest. These are, for the one-node case in our model, the vector
overlapsQ = & - @, R = w - w® andy.

Moreover the order parameters evolve deterministically due to their self-averaging
properties in the thermodynamic limit [23]. The corresponding equations are easily obtained
by constructing the order parameter updates on the basis of the update equatibas b,
applying the limitN — oo and averaging over the the pattern and noise distributions.

We will assume a pattern distribution (from which the training patterns are drawn) where
each sitet; is chosen randomly fromV' (0, 1) (a Gaussian with zero mean and unit variance).
The noise variable is, as specified earlier, a Gaussian variable with vasiAacel zero mean.

By then introducing the continuous tinae= ¢/N the evolution of the order parameters
is given by

d_Q _ . A¢/ ) A2(¢/)2 >

do 2 <w €0§+n(¢’)2>+ <(052+n(¢’)2)2 (28)
dR | A’

da ‘”<w '£o§+n<¢/>2>_5TR o
dn L (@)

do " <o§+n(¢’)2>+258 )

whereA is the difference between the student’s (with weight vedtpand the noise-corrupted
teacher’s response, = ¢ (w® - £) + ¢ — ¢ (W - £); the derivativep’ is to be taken atp - £.

The averagé - -) is with respect to the pattern and noise distribution. The joint distribution
of w® - £ andw - £ is entirely determined by their covariance represented by the parameters
Q andR (being a two-dimensional Gaussian), so that the above equations represent a closed
system which can be solved numerically given some initial conditions.

For the SCM we introduce the order parame®@fs = wy - w; and Ry, = wy, - w?; it is
straightforward to obtain the following system of ordinary differential equations

dny > DB Mn it >
2808 — nm Yn¥m 31
do ~ M <o§ + 3 bl ()
dez 0 A Z ¢/ Nkn
D _ (0. n On —5/R 2
do <w1 ST, dnbpm] T (32)
dQu _ <U3k ¢ AY D n >+ <UA;I ¢ AD Pl >
da O+ DBl lam O+ DaBl lum
AZ / N / "
+< (;n &) (X, ¢n77; )> (33)
(GS + an ¢;/1¢y/n nnm)

where A, also here, is the difference between the noise-corrupted teacher response and the
student response.

5. Numerical results

In this section we employ the statistical mechanics framework for the single node case and
for the SCM (equations (28)—(30) and (31)—(33), respectively) to study analytically and
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Figure 1. For fixedor = 0.3 andéy = 0.1 the dependency of the asymptotically achieved
generalization error oag anddg is shown. The combination of large; and smallsg proves

most disadvantageous. On the other hand there is a wide range of choices that lead to reasonable
asymptotic values.

numerically the performance of the EKF approach in several scenarios with emphasis on
different aspects.

5.1. The drifting linear rule

The linear case can be analysed exactly; here we assess the algorithm’s asymptotic performance
where sub-optimal prior parameters are selected: more specifically we investigate qualitatively
the influence of the parameter choicesder 87, o5, &s.

Using 0, R andj for the asymptotic values we obtain

=385 +,/8%+ 25507 (34)

and
_ n_ % -1 a2
O\ _ (a2 27 o7+ 35
R - n 0 _ = 1 —(S fyT . ( )
n(rsz+r_] T (r32+1']

The generalization error is given ky = 1 + Q — 2R. Figure 1 shows the asymptotic
generalization error dependence on the choicgsa@nddg for the specific choicer = 0.3,
387 = 0.1. One can identify areas which are rather insensitive to the parameter choice as
well as areas where poor parameter assignments lead to bad generalization. The latter can
be easily identified as areas where the model undervalues the drift rate and overestimates the
noise variance. The student performs then much too small updates and is lagging behind the
actual state of the drifting teacher.
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0.4 . : : : 0.4 x
[ No Drift (3.=5.=0) | : [ Drift 3.=5,=0.1
035F - ..... _ EKFl - 0.35 . :
0.3 03k
0.25 0.25}
w 02 w 0.2
015} 0.15
ot\: 0.1
0.05} - o 008 - -

Figure 2. The generalization error for EKF- and gradient descent learning (for several values of the
learning ratey) is compared for stationary (left) and nonstationary tasks. The Bayesian approach
shows superior performance while determining the learning rate schedule automatically.

5.2. The nonlinear drifting perceptron

As the EKF approach is based on linearizing the dynamics about the current estimates,
its performance may depend on the accumulated errors due to linearization. These will
presumably depend on the system’s nonlinearity and the drift speed of the underlying rule.
Both aspects will be examined in the current example and compared with the performance of
gradient descent learning.

We focus on the case wese andér are known (settings = or andsg = d7) fixing the
noise rates tos = o7 = 0.3. As the activation function we introduge(x) = erf(ax/v/2),
where the parametercontrols the system’s nonlinearity.

In figure 2 we compare EKF- and gradient descent learning for three fixed learning rates
n, setting the nonlinearity parameter= 1. We see that for a stationary task (left figure)
the learning rate has to be small for good asymptotic results (it actually has to be annealed to
zero asx — o0), which deteriorates the performance at the beginning of the learning process.
Optimal results may be obtained by imposing an explicit and non-trivial learning rate schedule
[2]. For learning the drifting rule there is an optimal asymptotic nonzero learning rate which
is, however, not known. In contrast, EKF learning yields superior results and the choice of the
effective learning rate is done automatically.

We now turn to the adequacy of EKF in the case of nonlinear and drifting rules. As
mentioned earlier, the update equations use a linearization around the actual mean, an
approximation which becomes more inaccurate as the nonlinearity increases and as the
posterior distribution tails become more significant. Therefore, cases with high nonlinearity
and large drifting speed would lead to a bad performance of the algorithm. Varying the
nonlinearity ¢) and drift §7) parameters allows one to investigate these effects.

Figure 3 shows the learning curves for several values of the nonlinearity parameter values
a = 1,2, 3 for stationary (left) and nonstationary tasks. The theoretical results show, in
the region investigated, that for drifting rules the asymptotic performance deteriorates with
increasing nonlinearity; for the cage= 3 the generalization error even diverges (simulations
we carried out confirm the theoretical results). This means that there is a transition to a non-
converging phase, depending on the specific system parameters, where the EKF algorithm fails
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T T T 1 T T v
No Drift (8,=06.=0) — a=l Drift §.=8.=0.1 — a=t
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Figure 3. The Bayesian generalization error for stationary (left) and drifting tasks (right). Whereas
there is always convergence & = §7 = 0 this is not the case for drifting concepts: when the
nonlinearity is sufficiently large (here= 3) the system diverges.

16 T T T T T T T
TR\ .
12 -
T N .
“w
©
(3
2
o T I T P TS N ]
- :
E ‘ :
=} : -
OB i NG ":ﬂOﬂ convergmg-phase U S ]
04k P o TR NP SRR P .
ol ; i : ; A i
1 1.2 1.4 16 1.8 2 22
Nonlinearity a

Figure 4. For a fixed noise rates = o7 = 0.3 there are two phases in the- § plane: For large
a ands$ the system does not converge to a stationary solution, so the task is unlearnable via the
EKF-algorithm. This is quantified by the phase border shown in the graph.

completely. In figure 4 we depict the phase diagram showing regions m-thplane where
stationary solutions (however bad) are reached (the noise rates arerheresg = 0.3 as
mentioned above).

5.3. Results for a two-node SCM

We now turn to the question how the algorithm works for more complicated networks. The
SCM is a model often looked at in this context.
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EKF-Algorithm EKF-Algorithm

[oF:] SEEREERETRS ............ ............ 08 - ............ ............ .

0 50 100 150 0 50 100 150
43 o

EKF-Algorithm Gradient descent

oghb . L b, -

100 150 0 50 100 150
[ o

Figure 5. We compare EKF and gradient descent learning in the case of a two-node SCM, focusing
on the symmetric phase.

One characteristic effect in such learning machines with inherent symmetries (the role of
the two sub-perceptrons can be swapped) is the occurrence of a symmetric phase [22]: the
student perceptrons do not specialize on the different teacher couplings acquiring a similar
symmetric state. This results in a prolonged phase (showing as a plateau in the evolution of
the generalization error) where only slow learning progress is made until the system escape
the unstable fixed point. There are methods to shorten the plateau: by local [6] optimization of
the learning rule (where, however, unknown quantities are referred to), using natural gradient
descent [4, 8, 9] or just by a heuristic change of the objective function [24].

We will first assess the performance of the quasi-isotropic approach. Figure 5 shows the
evolution of the order parameter for tié = 2 case when the quasi-isotropic covariance
is used, focusing on the symmetric phase and the onset of specialization. The system is
stationary §s = 87 = 0) with noise ratess = o7 = 0.3 and the teacher perceptrons are
orthogonal and normalized, §& = w? - w? = §;. The symmetry-breaking happens quite
early, in comparison with the evolution of tiRefor simple gradient descent where the system
is trapped in the symmetric phase untik 200.

However, although the algorithm manages to break the symmetric phase quite early it fails
in another way: the collapse much too fast, giving an unreasonably narrow posterior which
slows down the asymptotic convergence.

We also investigated the benefit of using a general covariance matrix via numerical
simulations. Figure 6 shows the evolution of the order parameter for the same case asin figure 5,
this time using the general covariance matrix. Surprisingly, there is hardly any symmetric
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Figure 6. Order parameter evolution for the two-node SCM and a general covariance matrix. The
curves are averages over five runs and different curves of same typ&{e.®,») are averaged
over.
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Figure 7. Eigenvalue spectrum for learning the SCM=t 1) with the general covariance matrix.

phase; in the first stage of the learning process the solution heads towards a symmetric fixed
point which is then immediately escaped and specialization begins.

The results in figure 6 were obtained using an input sizé ef 50. However, simulations
with N = 100 andN = 200 did not change the picture significantly, indicating that this
behaviour, of an extremely short symmetric plateau, is not due to finite size effects but is
probably genuine. However, by decreasing the activation function nonlinearity one can see the
emergence of a symmetric phase, as for a linear mapping there is always an optimal symmetric
student (both sub-perceptrons are equal).

To study the properties of the approximated posterior we show inefigua histogram



1618 B Schottky and D Saad

08f e IR S L 0.7 v At e ERER

0 100 200 300 400 200 300 400

Figure 8. Order parameter evolution for the two-node SCM with increased nonlineasitys.

of the covariance matrix eigenvaluesoat= 400 obtained from five separate runs (over 500
values). The covariance matrix structure mirrors that of the quasi-isotropic ansatz (27), with
two differentn, n11 = n22 = n* andn2 = n21 = n“, which give rise to two eigenvalue types,

n* — n* (bigger) andy® + n“. Both groups are smeared out slightly due to the stochasticity
of the examples, which is less emphasized in the smaller eigenvalue group due to their small
absolute value.

The typical size ofy;; observed is about & 107° giving a weight uncertainty of
+0.055/+/N which is consistent with the numerical results obtained at 400. However,
in the case of high nonlinearity the algorithm still suffers from a fast-shrinking posterior
distribution, similar to that observed in the isotropic algorithm. In figures 8 and 9 we show
the order parameter evolution and the covariance matrix eigenvalues for the aase3pthe
weight uncertainty here i40.016/+/N, which is far too narrow compared with the overlap
reached.

An intuitive explanation for the failure to capture the uncertainty in this case is due to the
approximation used in the EKF approach. The linearization process, on which the method
is based, fails to incorporate all the information provided by new examples, and the student
parameter improvement is smaller than it could have been without the approximation. This
is, however, not registered by the posterior, which narrows down due to the expected (higher)
improvement. The stronger the nonlinearity, the stronger the effect. For the general covariance
matrix the effect occurs later than for the isotropic algorithm; both are affected by this problem,
which is exacerbated by the isotropic ansatz.

In order to compensate for this behaviour one can increase the noisg otihe student.
Results are shown in figures 10 and 11 whege= 5 is chosen. The narrowing down is
prevented in the expense of some slowing down at the beginning of the process. So there is
a price to be paid for the approximation made within the EKF approach, and not surprisingly
things become more problematic with increasing nonlinearities.
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Figure 9. Eigenvalue spectrum for learning the SCM with increased nonlineakity3.
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Figure 10. We have increased the student noise rate fegm= 0.3 (figure 8) toos = 5 to
compensate for the unwanted narrowing down of the posterior. The teacher noise rate is in both
casesr = 0.3.

6. Conclusions

We have presented an EKF-based Bayesian learning scheme for neural networks learning
regression tasks. This principled approach provides a cheap alternative to the full Bayesian
treatment which is practicable and efficient but still provides some of the main benefits of
the Bayesian scheme. In addition, this algorithm avoids the problem of choosing training
parameters like the learning rate, adapted here automatically, as should be done heuristically
in other learning schemes. Methods from statistical mechanics allow us to analyse the proposed
algorithm and to obtain exact learning curves.

We analysed the performance of the algorithm in several scenarios. Looking at the drifting
linear perceptron we investigated how mismatch between the priors and the true parameters
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Figure 11. The width of the posterior as seen from the eigenvalues is now within reasonable bounds
in the expense of slowing down the learning progress due to the noise rate overestimation.

affects the performance. A reasonable guess of the drift rate and noise variance usually leads
to good performance while, unavoidably, low (assumed) drift speed and a high student noise
variance lead to poor performance as the model associates the drift with noise.

In the case of drifting nonlinear perceptron we investigated the dependence of the
performance on the nonlinearity. We have found a phase transition between learnable and
unlearnable problems depending on drift speed and nonlinearity of the rule to be learned. This
shows analytically the (already known) limitation of the algorithm.

Finally, we found that the symmetric plateaus, which may dominate the SCM training
process, can be almost avoided in the EKF approach if the general covariance matrix is used.
One has, however, to be aware of errors introduced due to the linear approximation which
may result in an improperly narrow posterior. This can partly be compensated for, e.g. by a
suitable increase of the student noise rate, in the expense of training speed due to the increased
uncertainty.

Beside a more exhaustive investigation of models within the given framework there are
several interesting questions for future research. These concentrate on improving the EKF
approximation to deal with highly nonlinear and drifting concepts more efficiently, and on the
question of model evaluation in an online manner [14] in analogy to that of batch learning [25].
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