Mo di�ed constrain ts on the segmen tation rules of the feature la er. Applying the Viterbi algorithm in the ertical direction as ell migh ercome problems due to heigh ariance. It migh to hard to segmen using lo cal information only one migh try using global information, suc as pixel pro jection or recognizing doublets or triplets. Though there is still considerable ork to done in order to reac state-of-the-art recognition lev els, eliev that this yp of approac is the correct direction for future image pro cessing applications. Applying recognition based segmen tation at the line, ord and haracter lev el on high feature maps is necessary in order to ac hiev fast pro cessing while exploring large set of ossible in terpretations. Ac kno wledgemen ts Supp ort of this ork the ec hnology Resource Departmen of the U.S. ostal Service under ask Order 104230-90-C-2456 is gratefully ac kno wledged. References Bridle, J. S. (1989). Probabilistic In terpretation of eedforw ard Classi�cation Net ork Outputs with Relationships to Statistical attern Recognition. In ogelman-Soulie, F. and erault, J., editors, Neur o-c omputing: algorithms, ar chite ctur es and applic ations Springer-V erlag. ranzini, M., Lee, K. F., and aib el, A. (1990). Connectionist Viterbi raining: New Hybrid Metho or Con tin uous Sp eec Recognition. In Pr dings ICASSP 90 pages 425{428. IEEE. Ha�ner, ., ranzini, M., and aib el, A. (1991). In tegrating Time Alignmen and Neural Net orks for High erformance Con tin uous Sp eec Recognition. In Pr dings ICASSP 91 IEEE. Keeler, J. D., Rumelhart, D. E., and Leo w, W. (1991). In tegrated Segmen tation and Recognition of Handwritten-Prin ted Numerals. In Lippman, Mo dy and ouretzky editors, dvanc es in Neur al Information Pr essing Systems ol- ume 3. Morgan Kaufman. Lang, K. J. and Hin ton, G. E. (1988). Time Dela Neural Net ork Arc hitecture for Sp eec Recognition. ec hnical Rep ort CMU-cs-88-152, Carnegie-Mellon Univ ersit Pittsburgh A. Le Cun, Y., Matan, O., Boser, B., Denk er, J. S., Henderson, D., Ho ard, R. E., Hubbard, W., Jac el, L. D., and Baird, H. S. (1990). Handwritten Zip Co de Recognition with Multila er Net orks. In Pr dings of the 10th International Confer enc on Pattern gnition IEEE Computer So ciet Press. Matan, O., Bromley J., Burges, C. J. C., Denk er, J. S., Jac el, L. D., Le Cun, Y., ednault, E. D., Satter�eld, W. D., Stenard, C. E., and Thompson, T. J. (1991). Reading Handwritten Digits: ZIP co de Recognition System (T app ear in COMPUTER). Rabiner, L. R. (1989). utorial on Hidden Mark Mo dels and Selected Appli- cations in Sp eec Recognition. Pr dings of the IEEE 77:257{286. through all other units except those that are \similar" to ones in the correct set. (\similar" is de�ned corresp onding to close cen ter of frame in the input and resp onding with the correct class). As one adds more units that ha non zero gradien t, eac training iteration is more similar to batc h-training and is more prone to oscillations. In this case more Newton sw eeps are required. Results The curren ra recognition rates for the whole 5-digit string are 70% correct from the training set and 66% correct from the test set. Additional in teresting statistics are the distribution of the um er of correct digits across the whole ZIP co de and the recognition rates for eac digit’s osition within the ZIP co de. These are presen ted in the tables sho wn elo w. able 1: op: Distribution of test images according to the um er of correct single digit classi�cations out of 5. Bottom: Rates of single digit classi�cation according to osition. Digits on the edges are classi�ed more easily since one edge is prede- termined. Num er of digits correct ercen of cases 66.3 19.7 7.2 4.7 1.4 0.7 Digit osition ercen correct 1st 92 2nd 87 3rd 87 4th 86 5th 90 Conclusions and uture ork The SDNN com bined with the Viterbi algorithm learns to recognize strings of hand- written digits \cen tering" on the individual digits in the string. This is similar in concept to other ork in sp eec (Ha�ner, ranzini and aib el, 1991) but di�ers from (Keeler, Rumelhart and Leo w, 1991), where no alignmen pro cedure is used. The curren recognition rates are still lo er than our est system that uses pixel pro jection information to guide recognition based segmen ter. The SDNN is uc faster and lends itself to parallel hardw are. ossible impro emen ts to the arc hitec- ture ma e: Figure 4: raining using the SDNN/Viterbi. The output ectors hosen the Viterbi algorithm are mark ed thin line eneath them. The corresp onding input regions are sho wn in the left column. The output ectors hosen the constrained Viterbi algorithm are mark ed small circles and their corresp onding input regions are sho wn to the righ t. Giv en the ground truth the system can learn to cen ter on the correct digit. Figure 3: Recognition using the SDNN/Viterbi. The output maps of the SDNN are sho wn. White indicates ositiv activ ation. The output ectors hosen the Viterbi alignmen are mark ed thin line eneath them. The input regions corresp onding to these ectors are sho wn. One can see that the system cen ters on the individual digits. Eac of the output maps sho wn is connected to di�eren size zone in the last feature la er (5,4,3 and 2, top to ottom). In order to implemen eigh sharing et een output units connected to di�eren zone sizes, the dangling connections to the output ectors of narro er zones are connected to feature units corresp onding to bac kground in the input. In the single digit net ork, can view the output la er as 10-unit column ector that is connected to zone of width on the last feature la er. If replicate the single digit net ork er the input in the horizon tal direction, the output la er will replicated. Eac output ector will connected to di�eren zone of width on the feature la er. Since the width of handwritten digit is highly ariable, construct alternate output ectors that are connected to feature segmen zones of widths 4,3 and 2. The resulting output maps for the example ZIP co de are sho wn in Figure 3. The net ork ha constructed is shared eigh net ork reminiscen of TDNN (Lang and Hin ton, 1988). ha termed this arc hitecture Space Displacemen Neural Net ork (SDNN). rely on the fact that most digit strings lie on more or less one line; therefore, the net ork is replicated in the horizon tal direction. or other applications it is conceiv able to replicate in the ertical direction as ell. The Recognition Pro cedure The output maps are pro cessed Viterbi algorithm whic ho oses the set of output ectors corresp onding to the segmen tation giving the highest com bined score. curren tly assume that kno the um er of digits in the image; ho ev er, this pro cedure can generalized to an unkno wn um er of digits. In Figure the �v output ectors that com bined to giv the est erall score are mark ed thin lines eneath them. The raining Pro cedure During training follo the ab pro cedure and rep eat it under the constrain that the winning com bination corresp onds to the ground truth. In Figure the constrained-winning output ectors are mark ed small circles. erform bac k- propagation through oth the ground truth ectors (reinforcemen t) and highest scoring ectors (negativ reinforcemen t). ha trained and tested this arc hitecture on size normalized 5-digit ZIP co des tak en from U.S Mail. 6000 images ere used for training and 3000 where used for testing. The images ere cleaned, desk ew ed and heigh normalized according to the assumed largest digit heigh t. The data as not \cleaned" after the automatic prepro cessing, lea ving non cen tered images and non digits in oth the training and test set. raining as done using sto hastic bac propagation with some sw eeps using New- ton’s metho for adjusting the learning rates. tried arious metho ds of initial- izing the gradien on the last la er: Reinforce only units pic ed the constrained Viterbi. (all other units ha gradien of zero). Same as ab e, but set negativ feedbac through units hosen regular Viterbi that are di�eren from those hosen the constrained ersion. (Push do wn the incorrect segmen tation if it is di�eren from the correct answ er). This sp eeds up the con ergence. Reinforce units hosen the constrained Viterbi. Set negativ feed bac Figure 1: sample ZIP co de image and ossible segmen tations. Figure 2: The example ZIP co de pro cessed la ers of con olutional feed- forw ard net ork. candidate segmen tation. The segmen tation that giv es the est com bined score is hosen. \Recognition driv en" segmen tation is usually used in conjunction with dynamic programming, whic can �nd the optimal solution ery e�cien tly Though dynamic programming algorithms sa us from exploring an exp onen tial um er of segmen com binations, they are still linear in the um er of ossible segmen ts requiring one call to the recognition unit er candidate segmen t. In order to solv the problem in reasonable time it is necessary to: 1) limit the um er of ossible segmen ts, or 2) ha rapid recognition unit. ha built ZIP co de reading system that \prunes" the um er of candidate segmen ts (Matan et al., 1991). The candidate segmen ts ere generated analyzing the image’s pixel pro jection on to the horizon tal axis. The strength of this system is that the um er of calls to the recognizer is small (only sligh tly er wice the um er of real digits). The eakness is that generating only small um er of candidates one often misses the correct segmen tation. In addition, generation of this small set is based on ulti-parametric heuristics, making tuning the system di�cult. It ould attractiv to discard heuristics and generate man more candidates, but then the time sp en in the recognition unit ould ha to reduced consider- ably Reducing the computation of the recognizer usually giv es rise to reduction in recognition rates. Ho ev er, it is ossible to ha our segmen ts and eat them to o. prop ose an arc hitecture whic can explore man more candidates without compromising the ric hness of the recognition engine. The Design Let us describ simpli�ed and less e�cien solution that will lead us to our �nal design. Consider de-sk ew ed image suc as the one sho wn in Figure 1. The system will separate it in to candidate segmen ts using ertical cuts. few examples of these are sho wn eneath the original image in Figure 1. In the pro cess of �nding the est erall segmen tation eac candidate segmen will passed to the recognizer describ ed in (Le Cun et al., 1990). The scores will con erted to probabilities (Bridle, 1989) that are inserted in to no des of direct acyclic graph. Eac path on this graph represen ts candidate segmen tation where the length of eac path is the pro duct of the no de alues along it. The Viterbi algorithm is used to determine the longest path (whic corresp onds to the segmen tation with the highest com bined score). It seems somewhat redundan to pro cess the same pixels umerous times (as part of di�eren t, erlapping candidate segmen ts). or this reason prop ose to pass whole size-normalized image to the recognition unit and to segmen feature map, after most of the neural net ork computation has een done. Since the �rst four la ers in our recognizer are con olutional, can easily extend the single-digit net ork applying the con olution ernels to the ulti-digit image. Figure sho ws the example image (Figure 1) pro cessed the extended net ork. no pro ceed to segmen the top la er. Since the net ork is con olutional, segmen ting this feature-map la er is similar to segmen ting the input la er. (Because of erlapping receptiv �elds and reduced resolution, it is not exactly equiv alen t.) This giv es sp eed-up of roughly an order of magnitude. Multi-Digit Recognition Using Space Displacemen Neural Net ork Ofer Matan Christopher J.C. Burges, ann Le Cun and John S. Denk er T&T Bell Lab oratories, Holmdel, N. J. 07733 Abstract presen feed-forw ard net ork arc hitecture for recognizing an uncon- strained handwritten ulti-digit string. This is an extension of previous ork on recognizing isolated digits. In this arc hitecture single digit rec- ognizer is replicated er the input. The output la er of the net ork is coupled to Viterbi alignmen mo dule that ho oses the est in terpretation of the input. raining errors are propagated through the Viterbi mo dule. The no elt in this pro cedure is that segmen tation is done on the feature maps dev elop ed in the Space Displacemen Neural Net ork (SDNN) rather than the input (pixel) space. In tro duction In previous ork (Le Cun et al., 1990) ha demonstrated feed-forw ard bac k- propagation net ork that recognizes isolated handwritten digits at state-of-the-art erformance lev els. The natural extension of this ork is to ards recognition of unconstrained strings of handwritten digits. The most straigh tforw ard solution is to divide the pro cess in to o: segmen tation and recognition. The segmen ter will divide the original image in to pieces (eac con taining an isolated digit) and pass it to the recognizer for scoring. This approac assumes that segmen tation and recognition can decoupled. Except for ery simple cases this is not true. Sp eec h-recognition researc (Rabiner, 1989; ranzini, Lee and aib el, 1990) has demonstrated the er of using the recognition engine to score eac segmen in Author’s curren address: Departmen of Computer Science, Stanford Univ ersit Stanford, CA 94305.