re�ne the weights of the lo cal depth estimators to maximize their agreement with

the contextually predicted depths pro duced by the mixture of exp ert interp olators.

One way to do this would b e to generalize equation 3 to handle a mixture of exp ert

interp olators:

I

�

= 0:5

X

i

P

i log

V

i

(d

c

+

^

d

c;i

)

V

i

(d

c

�

^

d

c;i

)

(5)

Alternatively we could mo dify equation 4 by normalizing the di�erence (d

c

�

^

d

c;i

)

2

by the actual v ariance of d

c

, though this makes the deriv atives considerably more

complicated.

5 Discussion

The comp eting controllers in �gure 3 explicitly represe nt which regularity applies in

a particular region. The outputs of the controllers for nearby regions may themselves

exhibit coherenc e at a larger spatial scale, so the same learning technique could b e

applied recursively

. In 2-D images this should allow the continuity of depth edges

to b e discovered.

The approach presente d here should b e applicable to other domains which contain

a mixture of alternative lo cal regularities across space or time. F or example, a rigid

shap e causes a linear constraint b etween the lo cations of its parts in an image, so if

there are many p ossible shap es, there are many alternative lo cal regularities (Zemel

and Hinton, 1991).

Our learning pro cedure di�ers from metho ds that try to capture as much informa-

tion as p ossible ab out the input (Linsker, 1988; Atick and Redlich, 1990) b ecause

we ignore information in the input that is not coherent across space.

Acknowledgements

This research was funded by grants from NSERC and the Ontario Information T echnol-

ogy Research Centre. Hinton is Noranda fellow of the Canadian Institute for Adv anced

Research. Thanks to John Bridle and Steve Nowlan for helpful discussions.

References

Atick, J. J. and Redlich, A. N. (1990). T owards a theory of early visual pro cessing.

T echnical Rep ort IASSNS-HEP-90/10, Institute for Adv anced Study

, Princeton.

Becker, S. and Hinton, G. E. (1992). A self-organizing neural network that discovers

surfaces in random-dot stereograms. January 1992 Natur e.

Jacobs, R. A., Jordan, M. I., Nowlan, S. J., and Hinton, G. E. (1991). Adaptive mixtures

of lo cal exp erts. Neur al Computation, 3(1).

Linsker, R. (1988). Self-organization in a p erceptual network. IEEE Computer, March,

21:105{117.

Zemel, R. S. and Hinton, G. E. (1991). Discovering viewp oint-inv ariant relationships that

characterize ob jects. In A dvanc es In Neur al Information Pr o c essing Systems 3, pages

299{305. Morgan Kaufmann Publishers.

a) b)

Interpolator Discontinuity Mean output vs. distance weights detector weights to nearest discontinuity

unit 1 unit 2 unit 3 unit 4 unit 5

pixels

-0.05

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

0.90

0.95

1.00

-60.00 -40.00 -20.00 0.00 20.00 40.00 60.00

Figure 4: a) T ypic al weights le arne d by the �ve c omp eting interp olators and c orr esp onding �ve disc ontinuity dete ctors. Positive weights ar e shown in white, and ne gative weights in black. b)The me an pr ob abilities c ompute d by e ach disc ontinuity dete ctor ar e plotte d against the the distanc e fr om the c enter of the units’ r e c eptive

�eld to the ne ar est disc ontinuity. The pr ob abilistic outputs ar e aver age d over an ensemble of 1000 test c ases. If the ne ar est disc ontinuity is b eyond � thirty pixels, it is outside the units’ r e c eptive �eld and the c ase is ther efor e a c ontinuity example.

of the learning is to maximize the log probability density of the desired output, d c

, under this mixture of Gaussians distribution. F or a particular training case this log probability is given by:

log P (d c

) = log

X i

p i

1 p

2�

exp �

(d c

�

^ d c;i

)

2

2�

2

!

(4)

By taking deriv atives of this ob jective function we can simultaneously learn the weights in the exp erts and in the controllers. F or the results shown here, the nework was trained for 30 conjugate gradient iterations on a set of 1000 random dot stereograms with discontinuities.

The rationale for the use of a v ariance ratio in equation 1 is to prevent the v ariances of d a

and d b

collapsing to zero. Because the lo cal estimates d

1

; . . . ; d

5

did not change as the system learned the exp ert interp olators, it was p ossible to use (d c

�

^ d c;i

)

2 in the ob jective function without worrying ab out the p ossibility that the v ariance of d c

across cases would collapse to zero during the learning. Ideally we would like to

d

e d

d d

c d

b d

a d

e d

d d

b d

a

^

d

c;5

^

d

c;4

^

d

c;3

^

d

c;2

p

i

= e x

i

2

P

j e x

j

2

^

d

c;1 x

1

con troller 1

x

3 x

2

x

4

x

5

con troller 5 con troller 4 con troller 3 con troller 2 ization

Normal-

p

2

p

3

p

5 p

1

exp ert 5 exp ert 4 exp ert 3 exp ert 2 exp ert 1

p

4

Figure 3: The ar chite ctur e of the mixtur e of interp olators and disc ontinuity dete c-

tors. We actual ly use d a lar ger mo dular network and e quality c onstr aints b etwe en

mo dules, as describ e d in �gur e 1 b), with 6 c opies of the ar chite ctur e shown her e.

Each c opy r e c eive d input fr om di�er ent but overlapping p arts of the input.

Figure 4 shows the weights learned by the exp erts and by their controllers. As

exp ecte d, there is one interp olator (the top one) that is appropriate for continuity

cases and four other interp olators that are appropriate for the four di�erent lo ca-

tions of a discontinuity

. In interpreting the weights of the controllers it is imp ortant

to rememb er that a controller which pro duces a small x v alue for a particular case

may nevertheles s assign high probability to its exp ert if all the other controllers

pro duce even smaller x v alues.

4.1 The learning pro cedure

In the example presente d here, we �rst trained the network shown in �gure 1b)

on images with discontinuities. W e then used the outputs of the depth extracting

layer, d

a

; . . . ; d

e as the inputs to the exp ert interp olators and their controllers. The

system learned a set of exp ert interp olators without backpropagating deriv atives all

the way down to the weights of the lo cal depth extracting mo dules. So the lo cal

depth estimates d

a

; . . . ; d

e did not change as the interp olators were learned.

T o train the system we used an unsup ervised version of the comp eting exp erts

algorithm descr ib ed by Jacobs, Jordan, Nowlan and Hinton (1991). The output of

the i th

exp ert,

^

d

c;i

, is treated as the mean of a Gaussian distribution with v ariance �

2

and the normalized output of each controller, p

i

, is treated as the mixing prop ortion

of that Gaussian. So, for each training case, the outputs of the exp erts and their

controllers de�ne a probability distribution that is a mixture of Gaussians. The aim

p cont

(d c

�

^ d c

) =

N (d c

�

^ d c

; 0;

^

V cont

(d c

�

^ d c

))

N (d c

�

^ d c

; 0;

^

V cont

(d c

�

^ d c

)) + k discont

(2) where N is a gaussian, and k discont

is a constant represe nting a uniform density .

1

W e can now optimize the aver age information d c

and

^ d c

transmit ab out their common cause. W e assume that no information is transmitted in discontinuity cases, so the average information dep ends on the probability of continuity and on the v ariance of d c

+

^ d c

and d c

�

^ d c

measured only in the continuity cases.

I

�

= 0:5 P cont

log

V cont

(d c

+

^ d c

)

V cont

(d c

�

^ d c

)

(3)

W e tried several v ariations of this mixture approach. The network is quite go o d at rejecting the discontinuity cases, but this leads to only a mo dest improvement in the p erformance of the interp olator. In cases where there is a depth discontinuity b etween d a

and d b

or b etween d d

and d e

the interp olator works mo derately well b ecause the weights on d a

or d e

are small. Because of the term P cont

in equation

3 there is pressu re to include these cases as continuity cases, so they probably contribute noise to the interp olating weights. In the next section we show how to avoid making a forced choice b etween rejecting these cases or treating them just like all the other continuity cases.

4 Learning a mixture of exp ert in terp olators

The presenc e of a depth discontinuity somewhere within a strip of �ve adjacent patches do es not entirely eliminate the coherence of depth across these patches. It just restricts the range over which this coherence op erates. So instead of throwing out cases that contain a discontinuity

, the network could try to develop a numb er of di�erent, sp ecialized interp olators each of which captures the particular typ e of coherence that remains in the prese nce of a discontinuity at a particular lo cation.

If, for example, there is a depth discontinuity b etween d c

and d e

, an extrap olator with weights of �1:0; +2:0; 0; 0 would b e an appropriate predictor of d c

.

Figure 3 shows the system of �ve exp ert interp olators that we used for predicting d c

from the neighb oring depths. T o allow the system to invoke the appropriate interp olator, each exp ert has its own \controller" which must learn to detect the presenc e of a discontinuity at a particular lo cation (or the absence of a discontinuity in the case of the interp olator for pure continuity cases). The outputs of the controllers are normalized, as shown in �gure 3, so that they form a probability distribution. W e can think of these normalized outputs as the probability with which the system selects a particular exp ert. The controllers get to see all �ve lo cal depth estimates and most of them learn to detect particular depth discontinuities by using large weights of opp osite sign on the lo cal depth estimates of neighb oring patches.

1

W e empirically select a go o d (�xed) v alue of k discont

, and we cho ose a starting v alue of

^

V cont

(d c

�

^ d c

) (some prop ortion of the initial v ariance of d c

�

^ d c

), and gradually shrink it during learning.

3 Thro wing out discon tin uities

If the surface is continuous, the depth at one patch can b e accurately predicted from

the depths of two patches on either side. If, however, the training data contains cases

in which there are depth discontinuities (see �gure 2) the interp olator will also try

to mo del these cases and this will contribute considerable noise to the interp olating

weights and to the depth estimates. One way of reducing this noise is to treat the

discontinuity cases as outliers and to throw them out. Rather than making a hard

decision ab out whether a case is an outlier, we make a soft decision by using a

mixture mo del. F or each training case, the network compares the lo cally extracted

depth, d

c

, with the depth predicted from the nearby context,

^

d

c

. It assumes that

d

c

�

^

d

c is drawn from a zero-mean Gaussian if it is a continuity case and from a

uniform distribution if it is a discontinuity case. It can then estimate the probability

of a continuity case:

Spline

curve

Left

image

Right

image

Figure 2: T op: A curve d surfac e strip with a disc ontinuity cr e ate d by �tting 2

cubic splines thr ough r andomly chosen c ontr ol p oints, 25 pixels ap art, sep ar ate d by

a depth disc ontinuity. F e atur e p oints ar e r andomly sc atter e d on e ach spline with an

aver age of 0:22 fe atur es p er pixel. Bottom: A ster e o p air of \intensity" images

of the surfac e strip forme d by taking two di�er ent pr oje ctions of the fe atur e p oints,

�ltering them thr ough a gaussian, and sampling the �lter e d pr oje ctions at evenly

sp ac e d sample p oints. The sample values in c orr esp onding p atches of the two images

ar e use d as the inputs to a mo dule. The depth of the surfac e for a p articular image

r e gion is dir e ctly r elate d to the disp arity b etwe en c orr esp onding fe atur es in the left

and right p atch. Disp arity r anges c ontinuously fr om �1 to +1 image pixels. Each

ster e o image was 120 pixels wide and divide d into 10 r e c eptive �elds 10 pixels wide

and sep ar ate d by 2 pixel gaps, as input for the networks shown in �gur e 1. The

r e c eptive �eld of an interp olating unit sp anne d 58 image pixels, and disc ontinuities

wer e r andomly lo c ate d a minimum of 40 pixels ap art, so only r ar ely would mor e

than one disc ontinuity lie within an interp olator’s r e c eptive �eld.

measure of agreement is:

I = 0:5 log

V (d a

+ d b

)

V (d a

� d b

)

(1) where V is the v ariance over the training cases. If d a

and d b

are b oth versions of the same underlying Gaussian signal that have b een corrupted by indep endent

Gaussian noise, it can b e shown that I is the mutual information b etween the underlying signal and the average of d a

and d b

. By maximizing I we force the two mo dules to extract as pure a version as p ossible of the underlying common signal.

2.1 The basic stereo net

W e have shown how this principle can b e applied to a multi-la yer network that learns to extract depth from random dot stereograms (Becker and Hinton, 1992). Each network mo dule received input from a patch of a left image and a corresp onding patch of a right image, as shown in Figure 1 a). Adjacent mo dules received input from adjacent stere o image patches, and learned to extract depth by trying to maximize agreement b etween their outputs. The real-v alued depth (relative to the plane of �xation) of each patch of the surface gives rise to a disparity b etween features in the left and right images; since that disparity is the only prop erty that is coherent across each stereo image, the output units of mo dules were able to learn to accurately detect relative depth.

2.2 The interp olating net

The basic stereo net uses a very simple mo del of coherence in which an underlying parameter at one lo cation is assumed to b e approximately equal to the parameter at a neighb ouring lo cation. This mo del is �ne for the depth of fronto-parallel surfaces but it is far from the b est mo del of slanted or curved surfaces. F ortunately

, we can use a far more general mo del of coherence in which the parameter at one lo cation is assumed to b e an unknown linear function of the parameters at nearby lo cations.

The particular linear function that is appropriate can b e learned by the network.

W e used a network of the typ e shown in Figure 1 b). The depth computed lo cally by a mo dule, d c

, was compared with the depth predicted by a linear combination

^ d c of the outputs of nearby mo dules, and the network tried to maximize the agreement b etween d c

and

^ d c

.

The contextual prediction,

^ d c

, was pro duced by computing a weighted sum of the outputs of two adjacent mo dules on either side. The interp olating weights used in this sum, and all other weights in the network, were adjusted so as to maximize agreement b etween lo cally computed and contextually predicted depths.

T o sp eed the learning, we �rst trained the lower layers of the network as b efore, so that agreement was maximized b etween neighb ouring lo cally computed outputs. This made it easier to learn go o d interp olating weights. When the network was trained on stere ograms of cubic surfaces, it learned interp olating weights of �0:147; 0:675; 0:656; �0:131 (Becker and Hinton, 1992). Given noise free estimates of lo cal depth, the optimal linear interp olator for a cubic surface is �0:167; 0:667; 0:667; �0:167.

to adjacent patches of 2-dimensional images, it allows a neural network that has no

prior knowledge of the third dimension to discover depth in random dot stereograms

of curved surfaces. A more general version of the metho d allows the network to

discover the b est way of interp olating the depth at one lo cation from the depths

at nearby lo cations. W e �rst summarize this earlier work, and then intro duce

two new mo dels which allow coherent predictions to b e made in the presenc e of

discontinuities.

a) b)

c b a e d c a b

^ max I max I left right patch A patch B

hidden units input units

d d d d d d d

d

Two mo dules that r e c eive input fr c orr esp onding p of ster e o

images.

�rst mo dule r e c eives input fr ster e o p atch A, c onsisting of a hori-

zontal strip fr om the left image (strip e d) and a c orr esp onding strip fr om the right

image (hatche se c ond mo dule r e c eives input fr om an adjac ent ster e o p atch

B mo dules try to make outputs, d

a and d

b

, c onvey as much informaas p ossible ab out some underlying signal (i.e., the depth) which is c ommon to

b oth p

The ar chite ctur of the interp olating network, c onsisting of multiple

c opies of mo dules like those in a) plus a layer of interp olating network

tries to maximize the information that the lo c al ly extr acte d p ar ameter d

c and the

c ontextual pr e dicte p ar ameter

^

d

c c onvey ab out some c ommon underlying signal.

We actual ly use d 10 mo dules and the c entr

6 mo dules trie to maximize agr e ement

b etwe en their outputs and c ontextual ly pr e dicte d use d weight aver aging

to c onstr ain the interp olating function to b e identic al for al l mo dules.

spatially coheren t features in images

The simplest way to get the outputs two mo dules to agree is to use the squared

di�erence b etween the outputs as a cost function, and to adjust the weights in each

mo dule so as to minimize this this usually causes each mo dule

to pro duce the same constant output that is una�ected by the input to the mo dule

and therefore conveys no informati ab out we want is for the outputs two mo dules to agree closely have a small exp ected squared di�erence)

r to how much they b oth v as the input is v this happ ens, the

two mo dules must b e resp onding to something that is common to their tw inputs.

In the sp ecial case when the outputs, d

a

, d

b

, of the two mo dules are scalars, a go o

toMak eCoheren tPredictionsin

DomainswithDiscon tin uities

BeckerandGeo�reyE.Hinton

Departmen

ofComputerScience, Universit of oronto oron

Ontario, Canada M5S 1A4

Abstract

have previously describ e d an unsup ervised learning pro cedure that discov

coherent prop erties the world by maximizing the information that parameters extracted

di�erent parts of the sensory convey ab out some common underlying given random dot stere ograms of curved surfaces, this pro cedure learns to extract surface depth b ecause

that is the prop erty that is coherent

Itlearns how to interp olate the depth at one lo cation from the depths at nearby lo cations (Becker and Hinton,

this pap er, we prop

two new mo dels which handle surfaces discontin

The �rst mo del attempts

detect cases discontinuities and reject

Themodevelops a mixture of exp ert interp learns to detect the lo cations of discontinuities and to invoke sp ecialized, asymmetric interp olators that do not cross the discontinuities.

In tro duction bacis implausible as a mo del of p erceptual learning b ecause requires external teacher to sp ecify the desired output of the netw e hav

shown (Becker

Hinton, 1992) how the external teacher can b e replaced by internally derived teaching

are generated b using the assumption that di�erent parts

the p erceptual havecauses in the external w

mo dules that lo ok at separate related parts of the p ercept ual input discover these common causes by striving to pro duce outputs that

with each other (see

1mo dules may lo ok at di�erent mo dalities and touch), or the mo dality at di�erent times consec utive views of a rotating 3-D ob ject), even spatially adjacent parts the same previous work, we showed that when our learning pro cedure