ofAMAPrepresentation(cenbrightnessofeachpixelindicatesactivitof the curv ature brightness of each oriented bar indicates the activityin corresp onding angle Neural Net output co de (right)uses bitmap representations of cCONCLUSION AND As p ointedout earlier, themain adv antage of theAMAP representation is that it makes very assumptions ab out the nature of the is designed to b e applicable to any typ e of cursivthe case of cursive handwriting or connected script, it is almost imp ossible reliably segment a word into individual cExp erimenare b eing p erformed with a where the words are globally

AMAP for the whole word is computed and fed to \replicated"

MLCNN which, instead of pro ducing a single character output, pro duces a of character

�nal answer is then extracted from the output using a dynamical wmo del

(Matan et al.,

ReferenceGuyon, I., Albrecht, P ., Le Cun, Y., Denker, J. S., and W., H. of a neural network crecognizer for a touch terminal.

Pattern gnition,

24(2):105{11Le

Cun, Y. Pro cess es in an Asymmetric

Threshold

NetwBienensto c k, E., F ogelman-

SouliF., and W eisbuch, G., editors, d systems and al ganization, pages

233{240,

Houches, F rance.

Springer-V Le Cun, Y. and Network

Design

Pfeifer, R., Schreter, Z., F ogelman, and Steels, L., editors, ctionism in ctive,

Zurich,

Switzerland.

extended vwas published as a technical rep ort of the University of T oronLe

Cun, Y., Matan, O., Boser, B., Denker, J. S., Henderson, D., Howard, R. E., Hubbard, W., Jackel, L. and Baird, H. S. Handwritten Zip Co de

Recognition with

Multilayer

NetwIAPR, c. of the International e on Pattern gnition,

Atlantic

City . inpap O.,

Burges, C. J. C., LeCun, Y., and Denker, J. S. Multi-DigiRecognition

Using a Displacement

Neural

NetwMo o dy , J. M., Hanson, S. J., and Lippman, R. P ., editors, essing

Systems, volume 4. Morgan

Kaufmann

Publishers, San Mateo, D. E., Hinton, G. E., and Williams, R. J. internal representations by propagation. In lel d essing:

ations in the e of gnition, volume pages

318{362.

Bradford

Bo oks,

Cambridge,

Schenkel, M., Guyon, I., W eissman, H., and Nohl, C. (1993).

TDNN

Solutions for Recognizing

On-Line In es in al Information essing

Systems 5. Morgan T app ert, C., Suen, C., and W ahara, T. (1990). the state of the art in on-line handwriting recognition. T ans. P AMI,

FIRST Inthissection,wedescrib ethe�rstoftwoseriesofexp erimentswithon-linehandwriting this system, the AMAP was 4x8x8, with dimensions corresp onding resp ectively to orientatioof the tra jectory

�(quantized every 45 degrees), the horizontaland the vertical p of the p en

X YThe characters were size-normalized to a height of 6 pixels, and centered on the The network had three layers of adaptive weights.The

�rst hidden layer was of size

8x6x6

(eighfeature maps of size

6x6), and each unit was connected to a 4x3x3 neighb orho o d in the hidden layer was 30x1x1, with each unit connected to the entire

8x6x6 layer b elolayerwas26x1x1(oneforeachclass)witheachunitconnected toall30unitsinthepreviouslayThe full network had 20132 connections controlled by only

9772 free parameters b ecause of the weighsharing in the �rst layAll the exp eriments were p erformed in a writer endent wasets of writers used for ing and testing were disjoinA

�rst series of exp eriments was p erformed on a database of upp letters that had b een written in b owere

8900 training samples and 2000 test accuracy was 96.2% on the test set, and 99.2% on the training the second series of exp iments, the classi�er was integrated into a word-reading this system, users can upp ercase words without any constraint on the character strings are �rst broken doinsub character units using units are then group ed into tentative characters in mandi�erent ways, and sent to the recognizer for dynamic programming technique

�nds b est combined interpretations.

These interpretations are optionally checked/corrected using a feedback from the segmenter, the recognizer was trained, not only to recognize gencharacters, but also to reject non-c�rst test database contained 222 four-letter wp erformance was 79% word accuracy without , and 89% word accuracy with

50000 word for 5-letter words were 70% and 89% resp ectiva database of 606 three-letter to sixteen-letter words, the word accuracy was These p �gures are similar to the ones obtained with a carefully tuned

Time

Delay

Neural

Network that uses temp oral representation of the tra jectory

(Schenkel et al.,

1993). A hybrid system that combines

AMAP recognizer and the TDNN yielded 89% word accuracy with a 50000 word last database, writers were instructed to print a particular set of words using upp ercase letters, nevtheless we estimate that ab out 5% of the words were either missp elled, written in lowercase or cursivp erformance improvement obtained by combining the two systems the complementarity of their represenSECOND An improved system was design to test the applicability of the AMAP representation to the printable

ASCI I set.

AMAP was similar to the one describ ed in the previous section, it had an additional map whose elements contained estimates of the lo cal curv ature of the tra , and the presence of stroke full

AMAP had 5 slices (1 curv ature and 4 angles) of size (to avoid b oundary e�ects with the neural netw1 is a graphic representation of an The network had three layers of adaptive weigh�rst hidden layer was 8x9x9, with tions to 5x3x3 neighb orho o ds on the second hidden layer was 8x7x7 with connections

8x3x3 neighb orho o ds on the previous layer. The output layer was 84x1x1 with

8x7x7 connections the previous layer. , each class is asso ciated with the activ ation of a single output

Hoever, this typ e of output co de causes convergence problems when the numb er of classes is to use a distributed co de where each class is asso ciated with a \bitmap" of the corresp ASCI symb ol on a 12x7 image

(hence the 84 output rationale b ehind that cis that characters that are confusable on the input will pro duce similar output con�gurations, thallowing a p ostpro cessor

(lexicon or language mo del) to correct consistent network was trained separately on upp ercase alphab etic characters, lowercase characters,

ASCI I symb ols, all in writer indep endent mo de. Pon upp ercase characters was error on a test set of size

9122 after reaching

3.9% error on a training set of size

35402; on lowercase:

7.4% error with a test set of size

8201,

5.2% error on training set of size

32499; on on a test of size

2938,

0.43% error on training set of size

11606; on symb ols:

error on a test of size

3960,

10.3% error on training set of size

15040

(many

ASCI I symb ols are highly The totalrecognition time including the prepro cessing is around

13ms on a Sun SparcStation

WRITINGRECOGNITIONWITHNEURALAAVERSUS TEMPORAL A LeCun,oshuaBengio,Don Henderson,Anneeisbuch,Haimeissman,LarryJackT&T

Bell

Lab oratories,

Holmdel,

NJThe recognitionofhandwritten charactersfroma p en tra jectoryon adigitizingsurface isdone in the timera jectoriare normalized, and lo cal geometricalor dynamicalare sometimes recognition is p erformed using curve matching app ert, Suen ak ahara, 1990), or other classi�cation techniques such as Neural Networks (Guyon et al., 1991).

These approacheshavemanyadv antages,mostnotablythecompactness oftherepresenthey tend tob e sensitivetostroke ordering,and are not particularlywellsuited for use integrated segmentation-recognitiontecIn addition, global geometric characteristics, such whether a stroke crosses another stroke drawn at a di�erent time, are not readily av ailable in typ es of represenSince the intent of the writer is to pro duce a legible image, it seems natural to preserve as mucof the pictorial nature of the signal as p ossible, while at the same time exploit the dynamical mation in the tra prop ose a representation scheme, called , where p en tra jectoriare represented by low-resolution images in which each picture element contains information ab the lo cal prop erties of the tra ,anAMAP canb eviewedas afunction inmultidimensionalwhereeachdimensionis asso ciatedwith alo cal prop ertyofthetra , sadirection of motion � , the X p osition, and the p ofthep v alueof theat a particular lo cation

(� X ; Y in the space represents a smo oth version of the \density" of the tra jectory that have v alues

(� X ; Y (in the spirit of the generalized

Hough transform).is a multidimensional array

(say

4x6x6) obtained by discretizing thefeature density spacein\b oEacarray elementisassigned av alueequaltotheintegral of thefeaturedensityoverthe corresp ondingb opractice,anAMAPiscomputedasfolloAeachsampleontra one computes the p osition of the p en (X Y and orientation of the motion � (and p other features, such as the lo cal curv ature c). Eacelement in the AMAP is then incremented by amount of the integral over the corresp onding b ox of a predetermined ad function cenon the co ordinates of the feature vThe use of a smo oth p oint-spread function (say a ensures that smo oth deformations of the tra jectory will corresp ond to smo oth transformations of A particularly useful feature of the AMAP representation is that it makes very few ab the nature of the input tra particular,AMAPs can b e used for all typ es of (capital, lower case, cursive, punctuation, symb Unlikmany other representations (such as features), AMAPs can b e computed for complete words without requiring segmenCONVOLUTIONAL NEURAL NETWImage-likrepresentations such as AMAPs are particularly well suited for use in combination MultiLayer Convolutional Neural Networks (MLCNN) (Le Cun, 1989; Le Cun et al., are feed-forward neural networks whose architectures are tailored for minimizing the sensitivitytranslations, rotations, or distortions of the input are trained with a v ariation of Bacalgorithm (Rumelhart, Hinton and Williams, 1986; Le Cun, The units in MCLNNs are only connected to a lo cal neighb orho o d in the previous layEaccan b e seen as a lo cal feature detector whose function is determined by the learning pro Insensitivity to lo cal transformations is built into the network architecture by constraining sets units lo cated at di�erent places to use identical weight vectors, thereby forcing them to detect feature on di�erent parts of the outputs of the units at identical lo cations in di�erenfeature maps can b e collectively thought of as a lo cal feature vof increasing complexitglobality are extracted by the neurons in the successive layof the last layare interpreted as character lab This weight-sharing technique has two interesting side First,numb er of free in the system is greatly reduced since a large numb er of units share the same weights.Second, suca network can b e applied to whole-word images without requiring prior segmentation (more on