constan 0.05 and the top ological neigh ourho in TSTFM ere the nearest neigh ours in the lattice. The adaption of neigh ours as totally frozen after ten est matc hes. The con ergence criterium for unit as ac hieving 200 est matc hes (in the algorithm maxiter 200). The tree dimension as (the paren unit has four sons) and lev el trees ere used. dimension TSV TSTFM data yp 2-D 0.004097 0.003892 gaussian 4-D 0.045873 0.043826 gaussian 10-D 0.267595 0.263861 gaussian 2-D 0.002933 0.002705 uniform 4-D 0.049366 0.050033 uniform 10-D 0.462961 0.460992 uniform These results indicate that in some applications TSTFM can outp erfom TSV Q. It is supp osed, that this results from the more uniform structure of the decision surfaces in TSFTM. Note that this data as "easier" than in most practical applications. If the application is sp eec co ding or image quan tization the data distribution is not uniform or gaussian. 7. Conclusions In this pap er tree-structured top ological feature map algorithm (TSTFM) as in tro duced as computationally inexp ensiv alternativ to the full searc TFM. It implemen ts oth the top ological preserving mapping of the TFM and logarithmic sp eedup in quan tization of the TSV Q. In addi- tion, TSFTM implemen ts some new prop erties that are useful in the con text of visual erception and cognition: ulti-resolution features and hierarc hical mapping of co de ectors. References [Buzo-80] Buzo, A., Gra A.H.,Jr,Gra R.M., Mark el, J.D., Sp eec co ding based up on ector quan tization, IEEE rans. ASSP ol 28, no 5., Oct 1980, pp.562-574. [Chou-89] Chou, .A., Lo ok abaugh, T., Gra R.M., Optimal prunning with applications to tree-structured source co ding and mo delling, IEEE rans. Inform. Theory ol. 35, no. 2, Marc 1980, pp. 299-315. [F riedman-77] riedman, J.H., Ben tley J.L., Fink el, R.A., An algorithm for �nding est matc hes in logarithmic time, CM rans. Math. Soft are, ol 3., Sept 1977, pp. 209-266. [Gersho-82] Gersho, A., On the structure of ector quan tizers, IEEE rans. Inform. Theory ol it-28, no. 2, Marc 1982, pp. 157-166. [Linsk er-90] Linsk er, R., Designing sensory pro cessing system: what can learned from Principal Comp onen Analysis ?, Pro c. IJCNN-90, In ternational Conference on Neural Net orks, ashington D.C., Jan 15-19, 1990, pp. I-291 I-296. [Llo yd-82] Llo yd S.P ., Least squares quan tization in PCM, IEEE rans. Inform. Theory ol it-28, no. 2, Marc 1982 pp.129-137. [Kohonen-82] Kohonen, T., Self-organized formation of top ologically correct feature maps, Bio- logical Cyb ernetics 43, 1982, pp. 59-69. [Lampinen-89] Lampinen, J., Oja, E., ast self-organization the Probing Algorithm, Pro c. IJCNN In ternational Conference on Neural Net orks, ashington D.C., June 18- 22, 1989, pp. I-503 I-507. [W an-90] an, E., Ning ., Widro w, B., Neural tree structured ector quan tization, Pro c. IJCNN-90, In ternational Conference on Neural Net orks, ashington D.C., Jan 15-19, 1990, pp. I-267 I-270. searc is quite inexp ensiv (actually only few nearest neigh ors ha to examined) but still vital for the algorithm as explained elo w. The up date rule for the est matc hing unit is tak en from the standard TFM so that the nearest lateral neigh ours are up dated as ell. This ma mo some of the units er the decision regions of paren no des in the tree la ers ab e. pro that the est matc hing unit has een actually found, lateral searc is executed. This also mak es TSTFM toleran to quan tization errors in the paren no des. Note that the searc is alw ys limited to the no des of the neigh ouring paren no de on the lattice, since the no des cannot mo to far from their paren ts. This results in computational complexit log that is the same as for TSV Q. 5. Discriminan surfaces It is in teresting to compare ho the est matc hing unit is selected in the input space TSV and TSTFM algorithms. It is generally kno wn that in full searc algorithms the decision surface is set of con ex oronoi regions around the co de ectors. The decision surfaces elo are computed the algorithms describ ed ab for uniformly distributed data on dimensional space. In TSV the space is separated at eac lev el of the decision tree -v oronoi regions, where (in this case 4) is the dimension of the tree. the subsequen lev el these regions are themself separated similar manner. The higher lev el partitions can seen also in the decision surfaces of the leaf no des (Fig 3a). The com bined tree-lateral searc in TSTFM results in decision surfaces similar to the regular lattice of the feature map. This pro duces uniform pattern of decision regions in the leaf no des (Fig 3b.). These partitions in the higher lev els of the hierarc follo the same principle but are more coarse with resolution. Figure 3. Decision regions of (a) TSV (b) TSTFM. 6. Quan tization examples Finally some preliminary quan tization results are giv en for simple arti�cial data. In the table elo squared erage quan tization error is computed using uniform and o-class gaussian distributed random samples in o, four, and ten dimensional spaces. In the case of gaussian data the standard deviation as 0.2 in eac direction and the class cen troids ere in 0.3 and 0.7 in eac direction. The uniform data as con tained in unit yp ercub e. The plasticit co e�cien as in oth algorithms THE ALGORITHM OR SELF-OR GANIZING HIERAR CHIES egin (initial alues and constan ts:) top (index of the unit highest in the hierarc y) top initial rep eat 1. get new input pattern 2. (�nd est matc hing unit using the algorithm Find.Best :) best top (initially the est unit is top ); Find.Best( best 3. (Up date the est matc hing unit:) best best best ); iter best iter best (up date the con ergence test rule); 4. (Chec the con ergence for the up dated unit:) if iter best maxiter then conv er ence best true (unit is frozen); for ev ery unit in the next hierarc lev el elo best best (initialize next lev el units) un til ev ery unit is frozen end. 4. The TSTFM algorithm In this section shall deriv an extension of the TSV algorithm outlined in section 3. shall call this algorithm the TSTFM algorithm as it is tree-structured searc ersion of the ell kno wn TFM algorithm. Both TSV and TFM algorithms are so-called structured ector quan tizers (for more information see [Gersho-82]). In TFM the structure is in the lateral connections et een co de ectors, while the structure of the TSV has een discussed ab e. As com bination of these structures, yramid-structured is obtained. This structure is used in TSTFM (Fig. 2). Figure 2. The structure of the TSTFM The training algorithm is in essen tial parts the same as in the TSV algorithm. The di�erences are in the searc algorithm and in the up date rule. The searc is done tree-searc as efore but at eac step (eac no de in the tree during searc h) lateral searc in the direction of lateral neigh ours (see [Lampinen-89]) is done to �nd the lo cally est co de ector index. This lateral Figure 1. (a) simple static binary-tree hierarc (b) An illustration of ossible hierarc after organization when dynamic mo del is used. tree-structured searc for the nearest neigh or is done using the algorithm Find.Best( best where best is an index of ector in the set of all co de ectors and is the input sample ector. The searc algorithm can de�ned simple recursion: Find.Best( best egin If no de best is frozen then �nd subsequen no de son of the no de best that satis�es minimiz son son ); mak recursiv call Find.Best( son else return the index best and exit end. the initial stage best is the index of the ro ot no de. or simplicit this TSV algorithm is for �xed trees only or giv en input pattern at the global iteration um er est matc hing unit index best is searc hed from the hierarc tree using tree-searc metho ds. The searc criteria can giv en, for instance, in terms of similarit et een the input pattern and the co de ector (w eigh ector,synapse ector) of the unit best min fk kg When found, the co de ector best of the est matc hing unit is mo ed to ards the input pattern Finally the con ergence of the est matc hing unit, the criteria for whic ma di�er within applications, is tested. The algorithm is giv en brie y elo w: dynamically expanding TSV can outp erform oth the �xed rate TSV and the full-searc [Chou-89]. This pap er presen ts tree-structured ersion of the TFM algorithm (TSTFM) that lik the TSV reduces the complexit of the original full-searc algorithm logarithmically In some applications TSTFM has an additional ene�t er TFM, since it pro duces hierarc hical mapping of co de ectors. This is eliev ed to imp ortan for man problems in vision, cognition, and AI. 2. Neural Net orks and Generalization Man neural net ork algorithms learn ho to generalize their input or training patterns. This is eliev ed to one of the most imp ortan functions of neural mo dels. But what kind of generaliza- tions are useful, ould naturally dep end on the application where neural net orks are used. In the follo wing some remarks are made when the giv en task is the classi�cation of data patterns. In general, di�eren classes are separated creating discriminan surfaces in input space. Suc surfaces form decision regions whic should correctly classify the giv en training patterns and with some con�dence also classify correctly some unkno wn patterns of data. In sup ervised applications the generalization can measured using separate training and test sets: the less there are missclassi�cations for test set patterns, the etter is the generalization for that class. The statistically optimal decision surface for giv en densit functions of input data is Ba esian. In practice the priori statistics are unkno wn and the optimal rule can not obtained. In unsup ervised mo dels the question of generalit is more di�cult. If these mo dels are used for feature selection then some criteria for faithful generalizations can found: the mo del should reduce the dimension of the data or discretize it with minimal loss of information. Unfortunately suc criterion is di�cult to ev aluate ecause the usefulness of the information is ery applica- tion dep enden (for recen discussion see [Linsk er-90]). In curren neural clustering and ector quan tization algorithms the amoun of information reduction is usually de�ned �xed um er of neurons in the net ork. The decision of the prop er resolution is di�cult to mak e: in coarse resolution the features are more general and in �ne resolution the danger of data loss is minimized. Th us it migh pro to useful to use the ulti-resolution principle for feature selection. Using sev eral neural net orks with di�eren output resolutions, di�eren lev els of generalization ould obtained. The algorithms presen ted in this pap er implemen to meet these requiremen ts of generalit 3. simpli�ed TSV algorithm In this section simpli�ed TSV algorithm is brie y review ed. This algorithm is then extended (in section 4.) with the top ological mapping resulting in the TSTFM algorithm. In TSV the co de ectors are arranged in tree structure that ma static or dynamic. The static hierarc hies are �xed in depth and in breath. In Fig. 1a static binary tree hierarc for four leaf no des is sho wn. The dynamic hierarc ma expand in depth or in breath according to certain criterion (Fig. 1b), that could expressed in terms of similarit measures. raining will tak place �rst at the higher lev els of the hierarc When the organization for co de ector (neural unit) at an hierarc lev el is �nished, the plasticit of the unit is frozen and the pro cedure will applied for the units in the subsequen la ers. The TSV algorithm is similar to the recen tly in tro duced "Neural ree Structured ector Quan tization" [W an-90]. Self-Organizing Hierarc hical eature Maps asi Koikk alainen and Erkki Oja Lapp eenran ta Univ ersit of ec hnology Departmen of Information ec hnology .O.Bo 20, 53851 Lapp eenran ta, Finland e-mail:k oikk alainen@ltkk a.lut.� (INTERNET) ABSTRA CT The top ological feature map (TFM) algorithm in tro duced Kohonen imple- men ts imp ortan prop erties: ector quan tization (V Q) and top ology preserving mapping. tree-structured TFM (TSTFM) is presen ted as com- putationally inexp ensiv alternativ to the TFM algorithm. The computa- tional complexit of the TSFTM is logN rather than for the TFM. In addition, TSTFM has some new prop erties that pro to useful for and in the con text of visual erception: increased erformance in compared to the tree-structured (TSV Q) Buzo et al, and hierarc hical mapping of co de ectors. 1. In tro duction In the con text of information theory Kohonen’s op ological feature map (TFM) algorithm is an extension of the generalized Llo yd algorithm (for Llo yd algorithm see [Llo yd-82]) that is etter kno wn as the Linde-Buzo-Gra ector quan tization algorithm (LBG) [Linde-80]. In ector quan ti- zation (V Q) an -dimensional ector in Euclidean space is appro ximated its closest (minim um distortion) represen tativ among �nite set of co de ectors (reference ectors). The most opular algorithm for suc mapping is the LBG algorithm, that pro duces lo cally optimal co deb ok from training data. The lo calit is etter explained in neural net orks as lo cal minima where LBG algorithm ma trapp ed during the training pro cedure. In the domain of neural net orks, TFM is one of the est kno wn algorithms for Q. Both LBG and TFM determine the closest co de ector computing the distortion et een the source ector and eac of the co de ectors the most opular distortion measure eing the Euclidean distance x; The um er of co de ectors (neurons in Kohonen’s algorithm) needed for increases exp onen- tially with ector dimension and so do es the computational load. Therefore lot of researc has een done to reduce the searc complexit The full-searc algorithm has complexit ), where is the um er of co de ectors and oth in LBG and in TFM the searc time will ecome domi- nan with large An algorithm for searc in logarithmic time complexit log is obtained if the co de ectors are arranged in tree structure [F riedman-77]. This has een implemen ted in tree-structured (TSV Q) that as in tro duced in [Buzo-80]. In general, TSV pro duces quan tizer whose erformance is orse than that of full-searc Q, the e�ect of quan tization errors in paren no des eing accum ulated to leaf no des. The result ab is for the �xed rate TSV that is based on trees of �xed length. Only ery recen results indicate that ariable-rate TSV or This ork as supp orted ek es under Esprit basic researc pro ject on subsym olic com- puting and analogical mo delling Self-Organizing Hierarc hical eature Maps ASI OIKKALAINEN ERKKI OJA IJCNN, INTERNA TIONAL JOINT CONFERENCE ON NEURAL NETW ORKS San Diego, California, June 17-21, 1990. pp. I-279-I I-284