Ba y esian Bac k-Propagation

W ra y L. Bun tine

wray@ptolemy.arc.nasa.gov

RIA CS & NASA A mes R ese ar ch Center

Mail Stop 269-2, Moffet Field, CA 94035, USA

Andreas S. W eigend

andreas@psych.stanford.edu

Xer ox Palo A lto R ese ar ch Center

3333 Coyote Hil l R d., Palo A lto, CA, 94304, USA

No v em b er 21, 1991

Abstract

Connectionist feed-forw ard net w orks, trained with bac k-propagation, can b e used

b oth for non-linear regression and for (discrete one-of- C ) classification. This pap er

presen ts appro ximate Ba y esian metho ds to statistical comp onen ts of bac k-propagation:

c ho osing a cost function and p enalt y term (in terpreted as a form of prior probabilit y),

pruning insignifican t w eigh ts, estimating the uncertain t y of w eigh ts, predicting for new

patterns (“out-of-sample”), estimating the uncertain t y in the c hoice of this predic-

tion (“error bars”), estimating the generalization error, comparing differen t net w ork

structures, and handling missing v alues in the training patterns. These metho ds ex-

tend some heuristic tec hniques suggested in the literature, and in most cases require a

small additional factor in computation during bac k-propagation, or computation once

bac k-propagation has finished.

T o app ear in Decem b er 1991 issue of Complex Systems . An early draft app eared in the

Neuroprose arc hiv e July 1991, and w as a v ailable as NASA Ames AI Researc h Branc h TR

FIA-91-22.

This final v ersion con tains man y corrections and additions, so I w as loath to k eep the

early v ersion a v ailable. My ap ologies for not including the final v ersion in full in the Neu-

roprose arc hiv e, ho w ev er I felt it w ould b e unfair to the journal. Andreas is on holida ys so

blame and flames to me. — W ra y .

Bun tine and W eigend Ba y esian Bac k-Propagation 2

Con ten ts

1 In tro duction 2

2 On Ba y esian metho ds 3

3 Multi-La y er net w orks 5

3.1 Notation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.2 Probabilistic neural net w orks . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

3.2.1 Logistic net w orks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

3.2.2 Regression net w orks . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4 Probabilistic Analysis 8

4.1 The net w ork lik eliho o d function . . . . . . . . . . . . . . . . . . . . . . . . . . 8

4.2 The sample lik eliho o d . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

4.3 Prior probabilit y of the w eigh ts . . . . . . . . . . . . . . . . . . . . . . . . . . 10

4.4 P osterior analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

5 Prior probabilit y of the w eigh ts 12

5.1 En tropic priors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

5.2 Smo othness of logistic net w orks . . . . . . . . . . . . . . . . . . . . . . . . . . 14

5.3 Smo othness of regression net w orks . . . . . . . . . . . . . . . . . . . . . . . . 15

5.4 Smo othness Priors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

6 Analyzing w eigh ts 19

6.1 Cost functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

6.2 W eigh t ev aluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

6.3 Minim um enco ding metho ds . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

7 Applications to net w ork training 24

7.1 Prediction and generalization error . . . . . . . . . . . . . . . . . . . . . . . . 25

7.2 W eigh t v ariance and net w ork pruning . . . . . . . . . . . . . . . . . . . . . . 28

7.3 Adjustmen ts for missing v alues . . . . . . . . . . . . . . . . . . . . . . . . . . 29

8 Conclusion 31