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CHAPTER

2 6 Neural Networks (and more!)
Heiiponnbie CeTu (1 00JibI1e!)

Traditional DSP is based on algorithms, changing data from one form to another through step-
by-step procedures. Most of these techniques also need parameters to operate. For example: re-
cursive filters use recursion coefficients, feature detection can be implemented by correlation and
thresholds, an image display depends on the brightness and contrast settings, etc. Algorithms
describe what is to be done, while parameters provide a benchmark to judge the data. The proper
selection of parameters is often more important than the algorithm itself. Neural networks take
this idea to the extreme by using very simple algorithms, but many highly optimized parameters.
This is a revolutionary departure from the traditional mainstays of science and engineering:
mathematical logic and theorizing followed by experimentation. Neural networks replace these
problem solving strategies with trial & error, pragmatic solutions, and a "this works better than
that" methodology. This chapter presents a variety of issues regarding parameter selection in
both neural networks and more traditional DSP algorithms.

Tpaguuumonnas LIOC ocHoBaHa Ha areopummax, U3MEHsS JaHHBIE U3 OJHON (OPMBI B IPYTYIO
gyepe3 MOCTENEeHHBIE MPOUEAypPhl. BONBIIMHCTBO 3THX METONOB TaKkKe HYXIACTCS B napamem-
pax, 94To0bI onepupoBaTh. Hanmpumep: pekypcuBHbIE GMIBTPHI UCTIONB3YIOT KOIhduyuenmuol pe-
KypcuH, OOHapyXeHHe OCOOCHHOCTH MOXKET OBITh OCYIIECTBICHO KOPpEIALHUeH W nopocamu,
JHCIIIeH M300paXKeHUsl 3aBUCUT OT HACTPOMKHU MAapaMeTPOB APKOCMU U KOHMPACMHOCMU, U T. .
ANTOPUTMBI OITUCHIBAIOT TO, YTO JOJKHO OBITH C/IENAHO, B TO BpeMs Kak IapaMeTpsl oOecredn-
BAIOT 3TAJIOHHBIN TeCT, YTOOBI CyAuTh AaHHbIe. Hamnexamuii BBIOOp mapaMeTpoB 4acTo Oosee
Ba)XEH, YeM aJTrOPHTM HENOoCpeACcTBeHHO. HeBpanmpHble ceTn OepyT 3Ty HMICI0 J0 KpaifHOCTH,
UCTIONIb3Ysl OYEHb MPOCTHIE AJTOPUTMBI, HO MHOTHE BBICOKO ONTHMHM3HPOBAHHBIC MapaMETPHI.
3TO - PEeBOJIONMOHHOE OTKJIOHEHHE OT TPAJUIMOHHBIX OIUIOTOB HAYKH M pa3pabOTKU: MaTeMa-
TUYECKasl JIOTWUKAa U TEOPETU3UPOBAHME, COMPOBOXKIAEMOE SKCIIEpUMEHTHpOBaHUEeM. HeBpaib-
HBIC CETH 3aMEHSIOT 3TH CTPATErWy PEUICHHUS 3aJad UCTBITAHHEM M OIIMOKOI, mparMaTudecKue
peleHus, 1 MeToJ0J0rus "3To paboTaer jgyuiie yem 3To". DTa riiaBa MpencTaBiseT psl Mpo-
0JIeM OTHOCHTENIFHO BBHIOOpA MapaMeTpa U B HEBPAIBHBIX CETAX M B O0JIee TPAJUIIMOHHBIX aJro-
purmax LHOC.

Target Detection
Oonapy:xenue Lean

Scientists and engineers often need to know if a particular object or condition is present. For in-
stance, geophysicists explore the earth for oil, physicians examine patients for disease, astrono-
mers search the universe for extra-terrestrial intelligence, etc. These problems usually involve
comparing the acquired data against a threshold. If the threshold is exceeded, the target (the ob-
ject or condition being sought) is deemed present. For example, suppose you invent a device for
detecting cancer in humans. The apparatus is waved over a patient, and a number between 0 and
30 pops up on the video screen. Low numbers correspond to healthy subjects, while high num-
bers indicate that cancerous tissue is present. You find that the device works quite well, but isn't
perfect and occasionally makes an error. The question is: how do you use this system to the
benefit of the patient being examined?
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VY4eHble ¥ HHXEHEPHI YaCTO JOJDKHBI 3HATh, IPUCYTCTBYIOT JIM crenu(uyeckuii 0ObEKT WIH CO-
ctosHue. Hanpumep, reopusuku uccienyer 3emMinto st HeTH, Bpauu UCCIeIyIOT NallieHTOB Ha
00J1e3Hb, ACTPOHOMBI HIYT 00JACTh BHE3EMHBIX MHTEICKTOB(LMBIIN3ALUKN), U T.1. DTH MPO-
0JieMbl OOBIYHO BKJIIOUAIOT B CeOsI(TOapa3yMeBalOT) CPAaBHEHHE MPUOOPETCHHBIX JaHHBIX C TI0-
porom. Ecinu mopor mpesblllieH, eJdb, WIN pa3bICKUBAEMOE YCIOBUE(COCTOSHUE) CUMTAIOT Ha-
crosimeit. Hanpumep, npenanonoxute, 4to Bel n300peraere ycTpoicTBO 11si OOHAPYKEHHS paKa
y 4esoBeka. AnmnapaTr NpoBOJAT MO NalMeHTy, u HoMep Mexay 0 u 30 BbICKakMBaeT Ha 3KpaHe
Bujeo. Huskue uncna(HoMepa) COOTBETCTBYIOT 3/10POBbIM CyOBEKTaM, B TO BpeMs Kak BHICOKHE
yrciaa(HOMepa) YKa3bIBalOT, YTO MPUCYTCTBYET 3JI0KAUECTBEHHAs! TKaHb. Bbl HaxoxuTe, 4To pa-
0oTa ycTpoiicTBa BeChbMa XOpoIlla, HO HE COBEPIICHHA U MHOIJa JomyckaeT omuoOky. Bompoc:
Kak Bl ncnonp3yere(yayynre) 3Ty CUCTEMY B MOJIb3Yy MCCIEAYEMOTO NalueHTa?

Figure 26-1 illustrates a systematic way of analyzing this situation. Suppose the device is tested
on two groups: several hundred volunteers known to be healthy (non target), and several hundred
volunteers known to have cancer (target). Figures (a) & (b) show these test results displayed as
histograms. The healthy subjects generally produce a lower number than those that have cancer
(good), but there is some overlap between the two distributions (bad).

PucyHnok 26-1 mnmrocTpupyeT CHUCTEMaTHYECKHM IMyTh aHaJIM3a 3TOTO IOJOKEHUSA(CUTyaluu).
[Ipeanonoxum, 4T0 yCTpOMCTBO MPOBEPEHO HA JABYX IPYyMIax: HECKOIBKO COTEH 3aBEAOMO 3]10-
POBBIX J100OpPOBOJIBLIEB, (HE L€M), U HECKOJBKUX COTHAX TOOPOBOJBIEB, 3aBEJIOMO HMMEIOIINX
pak (uienb). Pucynku (a) u (b) Moka3sIBalOT 3TH WCIBITATENIBHBIC PE3YyJIBTAThl, OTOOpaKECHHBIC
KaK TUCTOTpaMMBbl. 3/I0pOBbIe CyOBEKThI BOOOIIE IPOU3BOIAT O0Jiee HU3KHUI HOMEp, YeM Te, KO-
TOpBIE UMEIOT PaK (XOPOILO), HO UMEETCs] HEKOTOPOE MEPEKPBITUE MEKIY ITUMHU IBYMsl pacrpe-
JeneHusIMU (T1710X0).
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FIGURE 26-1
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Probability of target detection. Figures (a) and (b) shows histograms of target and nontarget groups with respect to
some parameter value. From these histograms, the probability distribution functions of the two groups can be esti-
mated, as shown in (c). Using only this information, the curve in (d) can be calculated, giving the probability that a
target has been found, based on a specific value of the parameter.

PUCYHOK 26-1

BeposTHOCTb 1e1eBOr0 0OHapyskeHus. PucyHku (a) u (b) MOKa3bIBAIOT THCTOrPAMMBI LICJICBBIX M HE LIEIEBBIX TPYIII
OTHOCHTEJILHO HEKOTOPOTO 3HaueHus rnapamerpa. OT 3TUX MHCTOrpaMM, (pyHKIUH pacipeieieH s BEPOSITHOCTEN U3
STHX ABYX TPYMII MOTYT OBITh OIICHEHBI, Kak Moka3aHo B (c). Mcmonp3ys TompKo 3Ty WHpOpManuio, kpusas B (d)
MOJKET OBITh paccUnTaHa, JaBas BEPOATHOCTH, UYTO aapecat(1ens) ObLT HaiiieH, OCHOBAHO Ha CIeNn()UIEeCKOi BeIu-
YHHE Mapamerpa.

As discussed in Chapter 2, the histogram can be used as an estimate of the probability distribu-
tion function (pdf), as shown in (c). For instance, imagine that the device is used on a randomly
chosen healthy subject. From (c), there is about an 8% chance that the test result will be 3, about
a 1% chance that it will be 18, etc. (This example does not specify if the output is a real number,
requiring a pdf, or an integer, requiring a pmf. Don't worry about it here; it isn't important).

Cronb ke 00cy>XJeHHas B IV1aBe 2, THCTOrpaMMa MOXKET UCIOJIb30BaThCS KaK OLCHKa (PYHKIMH
pacnpenenenus BepositTHocTel (pdf), kak nokazano B (c). Hanmpumep, BooOpasure, 4to ycT-
POMCTBO HMCIIOJIb3YyEeTCS Ha NMPOU3BOJILHO BHIOPAaHHOM 3710poBOoM mpeamete. OT (c), UMeeTcs OT-
HOCUTEJBHO 1aHca 8%, YTO UCTIBITATENbHBIA pe3ynbTatr OyieT 3, OTHOCUTENbHO maHca 1%, 4to
3t0 Oynmer 18, u T1.n. (DTOT mpuMep He ONpeAenser, SBIAETCS M BBIXOJ peallb-
HBIM(BEIIECTBEHHBIM) uciioM, TpeOyst pdf(dhpB), umu nensim nciom, tpedys pmf. He BonHyii-
TECh OTHOCHUTEIBHO 3TOTO 3[I€Ch; 3TO HE BaXKHO).

Now, think about what happens when the device is used on a patient of unknown health. For ex-
ample, if a person we have never seen before receives a value of 15, what can we conclude? Do
they have cancer or not? We know that the probability of a healthy person generating a 15 is
2.1%. Likewise, there is a 0.7% chance that a person with cancer will produce a 15. If no other
information is available, we would conclude that the subject is three times as likely not to have
cancer, as to have cancer. That is, the test result of 15 implies a 25% probability that the subject
is from the target group. This method can be generalized to form the curve in (d), the probability
of the subject having cancer based only on the number produced by the device [mathematically,

pdfi (pdfi+ pdfu))-

Tenepsp, noymaiiTe OTHOCUTEIBHO TOTO, YTO CIYYUTCS, KOTJa YCTPOUCTBO UCTOIB3YETCs Ha Ia-
LIUEHTE C HEM3BECTHBIM 370pOBbeM. [l mprMepa, eciau Mbl HUKOT/IA IIPEKIE HE BUIEIN YEJI0-
BEKa, YeM MOJIyYMJIM 3HaUY€HHUE 15, 4TO MBI MOKeM 3aKOHUUThCA? MIMeroT oH pak uiau HeT? Mebl
3HAEM, YTO BEPOSITHOCTD 370POBOI0O 4eJI0BeKa, reHepupymomero 15 - 2.1 %. Ananorunuso, ume-
etcs manc 0.7 %, 4to yenoBek ¢ pakoM npousBezeT 15. Ecnu Ob1 HUKaKas npyras uHbopManus
He ObUIa TOCTYTIHA, MBI 3aKJIIOUMIN ObI, YTO MPEAMET — B TPH pa3a BeposiTHEE, YTOObI HE UMETh
paka, 4yeM UMeTh pak. To ecTh UCHBITATENbHBIN pe3yJIbTaT 15 noapazymeBaeT BEpOATHOCTD 25%,
YTO CYyOBEKT - OT LEJEBOM IPYMIIbL. DTOT METOJ MOXET ObITh 000011eH, YTOOb! (HOPMUPOBATH
KpuBYIO B (d), BEpOSATHOCTH MpeAMETa, UMEIOIIETO PaK, OCHOBAHHON TOJBKO Ha HOMEPE, TIPOU3-
BEJICHHOM YCTPOMCTBOM [MaTematudecku, pdf; /(pdfi+ pdf.)].

If we stopped the analysis at this point, we would be making one of the most common (and seri-
ous) errors in target detection. Another source of information must usually be taken into account
to make the curve in (d) meaningful. This is the relative number of targets versus nontargets in
the population to be tested. For instance, we may find that only one in one-thousand people have
the cancer we are trying to detect. To include this in the analysis, the amplitude of the nontarget
pdf in (c) is adjusted so that the area under the curve is 0.999. Likewise, the amplitude of the tar-
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get pdf is adjusted to make the area under the curve be 0.001. Figure (d) is then calculated as be-
fore to give the probability that a patient has cancer.

Ecau Ob1 MBI OCTAaHOBWJIM aHAJIM3 B 3TO TOYKE, MBI CJAEJadd OJHY M3 HamOojiee OOBIYHBIX (M
CephEe3HBIX) OUIMOOK B IIETICBOM OOHapyX eHuu. Jlpyroil HCTOUHUK WH(POPMAIUU JTOJKEH 00bIU-
HO TIPUHUMATHLCS BO BHUMaHHUE, YTOOBI JeNaTh KpUBYIO B (d) 3HAYMMOM. DTO - OTHOCUTEIIBHOE
YHCIIO aipecaToB(1eNeil) MPOTUB HE aJpecaToB(HE 1eJieii) B COBOKYITHOCTH, KOTOpas OyJeT mpo-
BepeHa. Hampumep, MBI MOKE€M HaXOIUTh, YTO TOJBKO OJMH M3 JIOAEH M3 THICAYU UMEET pakK,
MBI IIpoOyeM 0OHapyx uBaTh. YTOOBI BKJIIOUATh 3TO B aHANIN3E, aMILTUTYAa He 1eneBoro pdf B (c)
oTKOppekTHpoBaHf Tak, 4ToOBI 001acTh Mo KpuBoi Obu1a 0.999. AHamornyHoO, aMIUIUTYAA Iie-
nesoro ¢pB(pdf) oTkoppekTHpoBaHa, YTOOBI AenaTh 00JacTh 1Moja KpuBoi, uToObl ObITH 0.001.
Pucynok (d) Torna paccunTad Kak mpexe, 4ToObl 1aTh BEPOATHOCTh, YTO MAIMEHT UMEET paK.

Neglecting this information is a serious error because it greatly affects how the test results are
interpreted. In other words, the curve in figure (d) is drastically altered when the prevalence in-
formation is included. For instance, if the fraction of the population having cancer is 0.001, a test
result of 15 corresponds to only a 0.025% probability that this patient has cancer. This is very
different from the 25% probability found by relying on the output of the machine alone.

[Ipenebpexenne 3Toil nHPOpMaIuel - cepbe3Has OMMOKa, TOTOMY YTO 3TO OYECHb BO3JICHCTBY-
€T, KaK UCIIBITaTeIbHBIC PE3YJIbTAThl HHTEPIPETUPYIOTCS. JpyruMu cioBaMu, KpUBasi B pUCYHKE
(d) pemmTenbHO M3MEHEHa, Koraa WHGOpPMAIUS PacpoCTPaHEHHOCTH BKiIIOYeHa. Hampumep,
€CJIN J10JI1 COBOKYITHOCTH, uMetonien pak - 0.001, ucnbITarenpHplid pe3ynbTar 15 cOOTBETCTBYET
BepOATHOCTH TOJIBKO 0.025 %, 4TO 3TOT MalIMEHT UMEET paK. ITO OYEHb OTIMYAETCA OT BEPOSIT-
HOCTH 25 %, HaliIeHHOH, ToNarasch Ha MPOAYKIUIO(BBIX0/1) OJHOM(TOIBKO) MAIITUHBI.

This method of converting the output value into a probability can be useful for understanding the
problem, but it is not the main way that target detection is accomplished. Most applications re-
quire a yes/no decision on the presence of a target, since yes will result in one action and no will
result in another. This is done by comparing the output value of the test to a threshold. If the
output is above the threshold, the test is said to be positive, indicating that the target is present. If
the output is below the threshold, the test is said to be negative, indicating that the target is not
present. In our cancer example, a negative test result means that the patient is told they are
healthy, and sent home. When the test result is positive, additional tests will be performed, such
as obtaining a sample of the tissue by insertion of a biopsy needle.

OTOT MeTOA Mpeodpa3oBaHMs 3HAUCHHS BBIXOAA B BEPOSTHOCTH MOKET OBITH IMOJIE3€H IS TMO-
HUMaHUS MPOOJIeMbl, HO 3TO - HE OCHOBHOI MyTbh, KOTOPHIM I1€JIEBOE 0OHAPYKEHUE BHITIOIHEHO.
BonbmuHCTBO TpUIOKEeHUH TpeOyeT pemieHHs Aa\HET OTHOCHTENIbHO MPUCYTCTBHUS ajpeca-
Ta(1enun), Tak Kak da MpUBEJET K OJHOMY JEHCTBUIO U Hem MPUBEAET K IPyroMy. ITO CAENIaHo,
CpaBHHUBAsl 3HAUEHHUE BbIXOJA UCIBITaHUS K mopory. Eciu BbIXOI - BhIllI€ MOPOTa, UCIBITAHUE
KaK CUMTAIOT, MOJIOKUTEJeH, yKa3bIBas, 4To ajapecat(Leib) NpucyTcTByeT. Eciu BeIxon - HIKE
[I0pOra, UCIIBITAHUE KaK CUMTAIOT, OTPHIATEJeH, yKa3blBas, 4To ajpecaT(1ieslb) - HE HACTOs-
miee. B Hamem npumepe paka, OTpULATEIbHBIN UCHIBITATENBHBIN PE3yIbTaT 03HAYAET, YTO IMallH-
€HTY FOBOPST, YTO OH 370POB, M OTIPABIISIIOT 10MOM. Korja ucnsliTaTeNIbHbIN pe3yabpTaT - M0J0-
YKUTENbHBIHN, JOMOIHUTEIbHBIE UCIIBITAHNS, OYIyT BBIIIOJHEHBI, TUIIA MTOJIYyYeHHs BEIOOPKHU TKa-
HU BCTaBKOU UTJIbI OMOTICHH.
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Since the target and nontarget distributions overlap, some test results will not be correct. That is,
some patients sent home will actually have cancer, and some patients sent for additional tests
will be healthy. In the jargon of target detection, a correct classification is called true, while an
incorrect classification is called false. For example, if a patient has cancer, and the test properly
detects the condition, it is said to be a true-positive. Likewise, if a patient does not have cancer,
and the test indicates that cancer is not present, it is said to be a true-negative. A false-positive
occurs when the patient does not have cancer, but the test erroneously indicates that they do.
This results in needless worry, and the pain and expense of additional tests. An even worse sce-
nario occurs with the false-negative, where cancer is present, but the test indicates the patient is
healthy. As we all know, untreated cancer can cause many health problems, including premature
death.

Hauunast ¢ 1eneBoro u HELENEeBOro MEPEKPBITUS PACIPEEIICHNN, HEKOTOPBIE MCIIBITATEIbHBIE
pe3yJbTaThl He OyayT MpaBWIbHBL. TO €CTh HEKOTOPBIE MALMEHTHI OTIIPABICHHBIE, TOMOI OyayT
(baKTHUECKU UMETh PaK, 1 HEKOTOPbIC MALMEHTHI, IOCIAHHBIC /IS TOTIOJTHUTENIBHBIX UCTIBITAHUI
OyayT 310poBbl. Ha xaprose 1eneBoro oOHapyXeHus, KoppekmHas KNaccupuKalys Ha3bIBaeTCs
HCTHHOI, B TO BpeMsl KaK HekoppekmHuas Kiaccuukanus Ha3plBaeTcs J0xkbI0. Hanpumep, ecinu
MAaIMeHT UMEET PaK, U UCIIBITAaHUE JOJKHBIM 00pa3oM O0OHApPYKUBAET YCIOBUE(COCTOSHUE), ATO,
KaK CYUTAIOT, MCTHHHO - MOJIOKUTEJIbHBIM. AHAIOTUYHO, €CIIU MAllUEHT HE UMEET paka, u Uc-
IBITAaHUE YKa3bIBAET, YTO PAK - HE HACTOSILEE, 9TO, KAK CUMTAIOT, MCTHHHO - OTPHIATEIbHBIM.
JI0KHO-1I0/10KNTEJIbHBIN POMCXOIUT, KOTJa MalUeHT HE UMEET paka, HO UCIBITAHUE OLIM-
00YHO yKa3bIBAa€T, YTO OHHU JIEJIAIOT. DTO MPUBOIUT K HEHYKHOW TpeBOre, M CTPaJlaHUsIM U pac-
XOIy JOIOJIHUTEIBHBIX HCHBITAHWM. Jlaxke XyIIIUH CLEHApPUNW IPOUCXOAUT C JIOKHO-
OTPHLATEIbHBIM, TJI€ PaK IPUCYTCTBYET, HO UCIBITAHUE YKAa3bIBAET, UTO MaIMEHT 310poB. [To-
CKOJIbKY BCE MBI 3HaeM, HEOOpaOOTaHHBIM paKk MOXKET BBI3BIBATH MHOTO IMPOOJIEM 370pPOBbS,
BKJII0Yasl IPEXKIEBPEMEHHYIO CMEPTh.

The human suffering resulting from these two types of errors makes the threshold selection a
delicate balancing act. How many false-positives can be tolerated to reduce the number of false-
negatives? Figure 26-2 shows a graphical way of evaluating this problem, the ROC curve (short
for Receiver Operating Characteristic). The ROC curve plots the percent of target signals re-
ported as positive (higher is better), against the percent of nontarget signals erroneously reported
as positive (lower is better), for various values of the threshold. In other words, each point on the
ROC curve represents one possible tradeoff of true-positive and false-positive performance.

YenoBeueckoe cTpajaHue, CIeAyIOlee U3 ITUX JABYX TUIIOB OMIMOOK JieJaeT MOPOTOBBIA BHIOOD
TOHKMM JeWCTBUEM OalaHCHUpOBaHUS. CKOJBKO JIOMHCHBIX NOLONCUMENbHBLIX CTOPOH MOTYT JI0-
MyCKaTbCsl, YTOOBI TIPUBECTU YHUCIIO JONCHBIX Hecamusog? PucyHok 26-2 moka3biBaeT rpadude-
CKUH TyTh OIleHKH 3TOi mpobiembl, kpuBasg ROC (kopotko Ilpuemuuk OnepanroHHbIX Xa-
paktepuctuk). KpuBas ROC cocraBmnsieT rpaduk nmporeHTa oT MeJIeBbIX CUTHAIOB, COOOIIEHHBIX
KaK MMO3UTHUB (BBIIIE JTyUIlIe), TPOTHB MPOIEHTA OT HEIEIEBBIX CUTHAJIOB, OIIMOOYHO COOOIICH-
HBIX, TOCKOJIbKY TO3UTUB (HUXKeE JIy4Ile), [UTIsl pa3luYHbIX 3HAaUeHUH rmopora. JlpyruMu cioBaMu,
Kaxgas Touka Ha kpuBo ROC mpezacTaBisieT 0JHY BO3MOXHYIO CIIEIKY HUCTHHHO - TMOJOXH-
TETHLHOU U JIO)KHOIIOJIOKUTEIHHON 3(P(HEKTUBHOCTH.
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Relationship between ROC curves and pdfs.
PUCYHOK 26-2
OtHouenus mexxay kpuBbiMu ROC u ¢pB (pdf-mu).

Figures (a) through (d) show four settings of the threshold in our cancer detection example. For
instance, look at (b) where the threshold is set at 17. Remember, every test that produces an out-
put value greater than the threshold is reported as a positive result. About 13% of the area of the
nontarget distribution is greater than the threshold (i.e., to the right of the threshold). Of all the
patients that do not have cancer, 87% will be reported as negative (i.e., a true-negative), while
13% will be reported as positive (i.e., a false-positive). In comparison, about 80% of the area of
the target distribution is greater than the threshold. This means that 80% of those that have can-
cer will generate a positive test result (i.e., a true-positive). The other 20% that have cancer will
be incorrectly reported as a negative (i.e., a false-negative). As shown in the ROC curve in (b),
this threshold results in a point on the curve at: % nontargets positive = 13%, and % targets
positive = 80%.

Pucynku ot (a) 10 (d) moka3pIBaOT YETHIPE MapaMeTpa HACTPOMKH MOpora B HAIIEM MPHMEPEe
pacnio3HaBaHus paka. Hampumep, cmotpure Ha (b), e mopor ycranosiieH B 17. [TomauTe, Kax-
JI0€ UCTBITAaHHE, KOTOPOE MPOM3BOIUT 3HAUCHHUE BBIXOAA OO/blUiee, YEM TOPOT, COOOIICHO Kak
nonoxcumenvuolil pesynbrar. [lpubnusurensno 13% o6macTu HEUEIEBOTO pacmupeneaeHus
00BN yeM Topor (To ecTh, Hanpago OT mopora). M3 Bcex MalueHToB, KOTOPhIE HE UMEIOT,
pak, 87% Oyzaer cooOIIeH Kak HeratuB (TO €CThb, UCTUHHO - OTPULIATENIbHBIN), B TO BpeMs Kak
13% OyneT coolIIeHO KaK MO3UTHB (TO €CTb, JTOKHOMOI0KUTENbHBIN). [{1s cpaBHeHus1, puOIn-
3uTesbHO 80% 00JaCTH 1IEIEBOT0 pacupeeieHus: OOJbIINE, YeM MOopor. ITO 03HAYaeT, uTto 80%
TeX, KOTOPbIC UMEIOT PaK, TEHEPUPYET IMOJIOKUTEIbHBIA UCIBITATEIBHBIA PE3ybTaT (TO €CTh,
UCTUHHO - MOJOXUTENbHBIN). pyrum 20%, KoTOpble UMEIOT pak, OyJIeT HEMPaBUIbHO COO0IIIEe-
HO KakK HeraTusB (TO €cTb, TOKHOOTpHIaTeabHbIN). Kak moka3ano B kpuBoit ROC B (b), 3T0T mO-
poT MPUBOIUT K TOUKE HA KPUBOM B: % nontargets positive = 13%, u % targets positive = 80%.

The more efficient the detection process, the more the ROC curve will bend toward the upper-
left corner of the graph. Pure guessing results in a straight line at a 45° diagonal. Setting the
threshold relatively low, as shown in (a), results in nearly all the target signals being detected.
This comes at the price of many false alarms (false-positives). As illustrated in (d), setting the
threshold relatively high provides the reverse situation: few false alarms, but many missed tar-
gets.

Yem Oonee addexTuBHBIN mporiecc oOHapyxkeHus, TeM Ooinbiie kpuBoii ROC n3oruercs k Je-
BOMY BEpxXHeMy yriy auvarpammbl(rpaduka). Hucroe mnpeanosoxeHue MNPUBOAUT K MPSMOU
cTpoke B 45° nuaroHanb. YCTaHOBKA MOpOra OTHOCUTEIHHO HHU3KO, KaK IMOKa3aHo B (a), IPUBO-
JAUT IIOYTHU K BCEM L ECIICBBIM 06Hapy)KI/IBaeMBIM cUrHajzaMm. DTOT CIIYTHUK IO HCHC MHOTUX JIOXK-
HBIX TPEBOT (JIOKHBIC TIOJIOKHUTENIbHBIE CTOPOHBI). Kak mmmoctpupoBano B (d), ycraHaBimBas
MOPOT OTHOCUTEIHHO BBICOKO OOECIeUrBaeT O0OpaTHOE MOJOKEHUE(CUTYAIIHIO): HEMHOTO JIOXK-
HBIX TPEBOT, HO MHOTO MPOMYIIEHHBIX aJ[PECcaToB.

These analysis techniques are useful in understanding the consequences of threshold selection,
but the final decision is based on what some human will accept. Suppose you initially set the
threshold of the cancer detection apparatus to some value you feel is appropriate. After many pa-
tients have been screened with the system, you speak with a dozen or so patients that have been
subjected to false-positives. Hearing how your system has unnecessarily disrupted the lives of
these people affects you deeply, motivating you to increase the threshold. Eventually you en-
counter a parameter 1 situation that makes you feel even worse: you speak with a patient who is
terminally ill with a cancer that your system failed to detect. You respond to this difficult experi-
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ence by greatly lowering the threshold. As time goes on and these events are repeated many
times, the threshold gradually moves to an equilibrium value. That is, the false-positive rate mul-
tiplied by a significance factor (lowering the threshold) is balanced by the false-negative rate
multiplied by another significance factor (raising the threshold).

OTU METObl aHaJIM3a MOJIE3Hbl B TOHMMAHUU TOCJIEACTBUN MOPOTOBOTO BHIOOpA, HO 3aKIIIOUU-
TEJIbHOE PelICHHEe OCHOBAHO HA TOM, YTO HEKOTOPBIH yenoseyeckuil akuenT. [Ipeamnonoxum, uto
Bbl nepBoHavanbHO ycTaHaBIMBAeTe MOPOT allapara paclo3HaBaHMs paka K HEKOTOpPOMY 3Ha-
YeHHU10, KoTopoe Brl uyBcTBYyeTe, coorBercTBYIOUIMM. [locie Toro, kak MHOTO MAIlMEHTOB dKpa-
HUPOBAJIUCH C CUCTEMOM, BBl roBopHTE € [II0KMHOM HIIM OKOJIO TOTO MAIlMEHTOB, YTO OBLIO MO-
BEPrHYTO JIOKHBIM TIOJIOKUTENBHBIM cTopoHaM. CiyIianue, Kak équia CUCTeMa W3JIUIIHE pas-
pyIIMIa KU3HU 3THX JIIOJIEH, BO3AeHCTBYeT Ha Bac riryboko, MoTuBHpytonuii Bac, 4ToOs! yBe-
JUYUTH NTOpor. B koHeuHOM cuete BbI cTankuBaeTech ¢ M0JI0KEHUEM(CUTyaluei) napamerpa 1,
KOTOpO€ 3acTaBUT Bac 4uyBcTBOBaTh Aake Xy»ke: Bbl roBopuTe ¢ MaleHTOM, KTO HEU3JIEUYUMO
IUIOX C paKoOM, KOTOPBIN 6auia cUCTeMa HE CyMena oOHapyXuBaTh. Bbl OTBedaeTe Ha 3TOT TPya-
HBIH OMBIT, OYeHb OHMXKAs MOopor. [1ockoIbKY BpeMsi MPOUCXOIUT, U 3TU COOBITHS MOBTOPEHBI
MHOTO pa3, MOPOT MOCTENEHHO MEPEMEIACTCsS B pagHosecHoe 3HaUYeHHe. To eCTh JIOKHOIIOJIO-
KUTEIBHBIA YPOBEHb, YMHOKEHHBIN Kod(pduimenToM 3HaueHHs (MMOHMKEHUE Mopora) cOanaH-
CHUpPOBaH JIO)KHOOTPHIIATETFHBIM YPOBHEM, YMHOXXEHHBIM APYTHUM KO3(PQPUIIMEHTOM 3HAYCHUS
(momHsATHE TIOpOTa).

This analysis can be extended to devices that provide more than one output. For example, sup-
pose that a cancer detection system operates by taking an x-ray image of the subject, followed by
automated image analysis algorithms to identify tumors. The algorithms identify suspicious re-
gions, and then measure key characteristics to aid in the evaluation. For instance, suppose we
measure the diameter of the suspect region (parameter 1) and its brightness in the image (pa-
rameter 2). Further suppose that our research indicates that tumors are generally larger and
brighter than normal tissue. As a first try, we could go through the previously presented ROC
analysis for each parameter, and find an acceptable threshold for each. We could then classify a
test as positive only if it met both criteria: parameter 1 greater than some threshold and parame-
ter 2 greater than another threshold.

DTOT aHaJIN3 MOXKET OBITh PaCIIUPEH Ha yCTPOUCTBA, KOTOPHIE 00ECIEUNBAIOT OOJIbIIE YEM OJUH
BbIX0A. Hampumep, npeamnonoxuTe, 4To CUCTEMa paclo3HaBaHUs paka OMepupyer, Oepsi peHT-
TCHOBCKOE M300pa’keHHe IMpeIMeTa, COMPOBOKIAEMOr0 aBTOMATU3UPOBAHHBIMHU alTOPUTMAMHU
aHajn3a W300pakeHHs, 4TOOBI MACHTH(HUIIMPOBATH OIYXOJU. AJNTOPUTMBI UACHTUDUIIUPYIOT
MOJIO3pUTENIbHBIE OOJIACTH, U 3aTeM H3MEPSAIOT KIIIOYEBbIE XapaKTEPUCTHKH, YTOObI MOMOYb B
orieHke. Hampumep, mpearnoaoxure, 4To Mbl H3MEpsieM ouamemp 00IaCTH T0103peBaeMoro (ma-
pametp 1) u ero apkocms B u300paxenuu (mapamerp 2). Jlanee npeArnonoxure, 4To Halle HUc-
clieoBaHKe YKa3bIBAET, UTO OIYyXOJH BOOOIIE Oobilne U Oojee sipkue, 4eM HOpMalibHasl TKaHb.
Kak mepBasi mombITKa, MBI MOTJIM MIPOWUTH TpeIBapUTENbHO mpeacTaBieHHblii ROC anammu3 mms
Ka)XJI0T0 MapaMmeTpa, U HaXOAUTh MPUEMIIEMBIA OPOT AJIsl KaXaA0ro. Mbl MOIJIM TOT/1a KJIaccH-
(GUIMPOBATH UCIIBITAHUE KAK MO3UTHB TOJBKO, €CIM 3TO BCTPETUIIO(BBIIOIHUIIO) 00a KpUTEpHs:
napameTp 1 Gosbliee YeM HEKOTOPBIM MOPOT U mapameTp 2 OOJIbIIee YeM IPYTroil mopor.

This technique of thresholding the parameters separately and then invoking logic functions
(AND, OR, etc.) is very common. Nevertheless, it is very inefficient, and much better methods
are available. Figure 26-3 shows why this is the case. In this figure, each triangle represents a
single occurrence of a target (a patient with cancer), plotted at a location that corresponds to the
value of its two parameters. Likewise, each square represents a single occurrence of a nontarget
(a patient without cancer). As shown in the pdf graph on the side of each axis, both parameters
have a large overlap between the target and nontarget distributions. In other words, each parame-
(c) ABTOKC, Cankr-IletepOypr, http://www.autex.spb.ru, e-mail: info@autex.spb.ru
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ter, taken individually, is a poor predictor of cancer. Combining the two parameters with simple
logic functions would only provide a small improvement. This is especially interesting since the
two parameters contain information to perfectly separate the targets from the nontargets. This is
done by drawing a diagonal line between the two groups, as shown in the figure.

DTa METOJMKa TIOPOTOBBIX MapaMeTphbl OTACIBLHO W 3aTeM BbI30B Jorndeckux Qpynkmuii (AND,
OR, u T1.1.) oyeHb oObyHA. OnHAKO, 3TO O4YEHb HEIP(PEKTUBHO, U HAMHOTO JYYIIHUE METOJbI
JIOCTYIHBI. PHUCYHOK 26-3 moka3bIBaeT, moyemMy Jeino oOCTOMT Tak. B 3ToM pucyHKe, KaxKIblid
TPEYTOJILHUK MPECTABISAECT €IUHCTBEHHOE MECTOHAXOXKICHHUE ajpecaTa (MAIEeHT C PaKoM), Co-
CTaBWJI IpaUK B pacHojOKEHUHU, KOTOPOE COOTBETCTBYET 3HAUEHHUIO U3 €ro ABYX MapaMeTpOB.
AHaJIOTMYHO, KaXAbIH KBaApaT IPEACTaBISAET €IUHCTBEHHOE(OTIEIBHOE) MECTOHAXOXKICHUE
Heaapecara (mamueHT 0e3 paka). Kak mokaszano B muarpamme(rpaduke) pdf Ha cTopoHe Kaxmaon
ocu, o0a mapaMeTpa UMEIOT OOJIBIIOE MEPEKPHITHE MEXTy IIeJIEBBIMU U HELEIIEBBIMU pacipesie-
aeHusMH. [[pyrumu cioBamu, KaskIplid TapaMmeTp, MPUHATHIA HHIUBUAYATBHO, SIBISETCS MIIOXUM
nporHo3aropom paka. O0beIuHEHNE ITUX JIByX MapaMETPOB C MPOCTHIMHU JIOTUYECKUMHU (PYHK-
USIMU TOJIBKO OOecreunsio Obl MaJeHbKOE yTOYHEHHE. DTO OCOOCHHO MHTEPECHO, TaK KaK 3TU
JIBa TIapameTpa coaepxar HH()OpPMAIHIO, YTOOBI cogepuieHHO OTACIUTh apecaToB OT Heaapeca-
TOB. DTO CAENaHO, BBIBOJS PUCYHOK JMAarOHAJbHYIO CTPOKY MEXAY 3TUMHU JIBYMS IpyIIami,
KaK MOKa3aHO B PUCYHKE.

FIGURE 26-3 p—
Example of a two-parameter space. The target (A) 0 O ::'liﬁ;:ruL,[
and nontarget (0) groups are completely separate in A -
two-dimensions; however, they overlap in each in-
dividual parameter. This overlap is shown by the
one-dimensional pdfs along each of the parameter
axes.

PUCYHOK 26-3 e en e e s mne e e e i
IIpumep npoctpancTBa ¢ AByMsl napamerpamu. Lle- | e
neBoit (A) u HeuesneBble (O) TPYIIBI MOJHOCTBIO Wi d Al P 1o ia
OT/ICJIBHBIE B C JIBYMsSI M3MEPECHHUAMH; OJHAKO, OHH
HaKJIaJbIBalOTCA B KaXXAOM HWHAWBUAYAJIbHOM IIa-
pamerpe. DTO TEPEKPHITHE MOKA3bIBACTCS OJHO-
mepHbIMH pdf o kax ol U3 oceil mapamerpa.
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In the jargon of the field, this type of coordinate system is called a parameter space. For exam-
ple, the two-dimensional plane in this example could be called a diameter-brightness space. The
idea is that targets will occupy one region of the parameter space, while nontargets will occupy
another. Separation between the two regions may be as simple as a straight line, or as compli-
cated as closed regions with irregular borders. Figure 26-4 shows the next level of complexity, a
three-parameter space being represented on the x, y and z axes. For example, this might corre-
spond to a cancer detection system that measures diameter, brightness, and some third parame-
ter, say, edge sharpness. Just as in the two-dimensional case, the important idea is that the mem-
bers of the target and nontarget groups will (hopefully) occupy different regions of the space,
allowing the two to be separated. In three dimensions, regions are separated by planes and
curved surfaces. The term hyperspace (over, above, or beyond normal space) is often used to
describe parameter spaces with more than three dimensions. Mathematically, hyperspaces are no
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different from one, two and three-dimensional spaces; however, they have the practical problem
of not being able to be displayed in a graphical form in our three-dimensional universe.

B sxaprone moJisi, 3TOT THIT CUCTEMbI KOOPIUHAT HA3bIBACTCS MAPAMETPOM MpocTpaHcTBa. [[is
IIpUMEPA, ABYMEpPHAs IUIOCKOCTh B 3TOM IIPUMEPE MOIJIA HA3bIBATHCA APKOCTBIO JUAMETpPaA MPO-
cTpaHcTBa. Miest COCTOUT B TOM, UTO ajpecaThl 3aiiMyT OJHY 00JIaCTh ITapameTpa MPOCTPAHCTBA,
B TO BpeMsl KaK HeaJpecaThl 3aiiMyT Jpyryio. Pa3znenenue Mexay 3TUMH ABYMs 00JacTIMU MO-
KeT OBITh CTOJIb JK€ MPOCTO KaK MpsiMasi CTPOKA, WIIH CTOJIb K€ CII0XKHOE KaK 3aKphIThIe 00JIACTH
C HENpaBWIbHBIMU IpaHulaMu. PucyHok 26-4 moka3bplBaeT CIEAYIOUIMI YPOBEHb CIOXHOCTH,
MPOCTPAHCTBO C TPeMs TapaMeTpaMu, IMPEICTaBIsIEMBbIMHU Ha X, Y U Z ocsax. Hampumep, 310 Mor-
710 OBI COOTBETCTBOBATh CHCTEME PACIIO3HABAHUS PaKa, KOTOpasi u3MEPSET duamemp, apKocmy, u
HEKOTOPBIA TPETUH TIapaMeTp, CKakeM, pezkocmsb kpas(hponTa). Taxke, Kak B TByMEPHOM CITy-
qae), BAXXKHOCTb UACU COCTOUT B TOM, YTO HJICHLI LCJIICBBIX W HCICJICBBIX I'PYIIII (06H8.I[€)KI/IBEIIO-
1e) 3aiMyT pa3audHbie 00JaCTH MPOCTPAHCTBA, IMO3BOJISAS JBYM, YTOOBI OBITh OTJCICHHBIMH. B
TPEX U3MCPCHUAX, 06HaCTI/I OTACJICHBI INIOCKOCTAMHU U KPUBBIMH IMOBCPXHOCTAMMU. TepMI/IH rm-
NMEePNPOCTPAHCTBO (Ype3MEpHBIN, BHICOKHAN, WM BHE HOPMAaJIbHOTO MPOCTPAHCTBA) YacCTO HC-
MOJIB3YETCsl, YTOOBI OMKCATh MapaMeTp MPOCTPAHCTBA ¢ OOJbIIE YeM TpeMs u3MepeHusMu. Ma-
TEMAaTUYECKH, TUIIEPIPOCTPAHCTBA HE HUKAK HE OTIIMYHBI OT OJHO, JBYX WM TPEXMEPHBIX MPO-
CTPaHCTB; OJIHAKO, OHU UMEIOT MPAKTHUECKYIO MpodiieMy HecmocoOHOCTH, KOTopasi OyaeT oTo-
OpaxeHa B rpadudeckoit hopMe B HAIIEH TpEXMEPHOU 00J1acTH.

The threshold selected for a single parameter problem cannot (usually) be classified as right or
wrong. This is because each threshold value results in a unique combination of false-positives
and false-negatives, i.e., some point along the ROC curve. This is trading one goal for another,
and has no absolutely correct answer. On the other hand, parameter spaces with two or more pa-
rameters can definitely have wrong divisions between regions. For instance, imagine increasing
the number of data points in Fig. 26-3, revealing a small overlap between the target and nontar-
get groups. It would be possible to move the threshold line between the groups to trade the num-
ber of false-positives against the number of false-negatives. That is, the diagonal line would be
moved toward the top-right, or the bottom-left. However, it would be wrong to rotate the line,
because it would increase both types of errors.

[Topor, oTOOpaHHBI AJisl €AMHCTBEHHON(OTACIBHOI ) MpoOIeMBbI MapamMmeTpa He MOKET (0OBIUHO)
KJIacCU(UIIUPOBATHCS KaK MPABUJIBHO WM HEMPABHIBHO. DTO - TO, IOTOMY YTO Ka)J10€ MOpOro-
BO€ 3HAUEHUE MPHUBOJUT K YHHUKAIBHONH KOMOWHAIIMM JIO)KHO-TIOJIOKUTEIBHBIX H JIOXKH-
OTPHUIATEIBHBIX CTOPOH, TO €CTh, HEKOTOPYIO TOUKY mo kpuBoi ROC. D10 TOpryer oiHOM Iie-
JBIO AJIA JPYTOM, U UMeeT He abCONIOTHO MpaBWIBHBI OTBET. C APYroil CTOPOHBI, TapaMeTphl
MIPOCTPAHCTBA C ABYMsI WM OOJIbIIIE MapamMeTpaMu MOTYT ONpeAesIeHHO UMETh HEeNpaBUJIbHBIC
pazzensl Mexay obnactsmu. Hampumep, BooOpa3uTe yBeIUYMBATh YUCIO TOUYEK JAHHBIX B PHC.
26-3, moKa3bIBas MaJICHbKOE TEPEKPBITHE MEXAY IICJICBOM M HeleaeBOW rpynmoi. beuto ObI
BO3MOKHO TIEPEMECTUTH MTOPOTOBYIO CTPOKY MEXKIy IpyINIaMu, 4YTOObI TOProBaTh YHUCIOM JIOXK-
HBIX IOJIOKUTEIBHBIX CTOPOH MPOTHB YUCIIA JIOKHBIX HETaTUBOB. TO €CTh AUaroHajabHasi CTpOKa
Obuta OBl IepeMellieHa K BepXHeH MpaBoi, WM HIOKHEH J1eBoit yactu. OnHako, Obl1o OBl HETpa-
BUJILHO BpallaTh CTPOKY, IOTOMY YTO 3TO YBEJIUUHUT 0Oa THUIIA OIINOOK.

As suggested by these examples, the conventional approach to target detection (sometimes called
pattern recognition) is a two step process. The first step is called feature extraction. This uses
algorithms to reduce the raw data to a few parameters, such as diameter, brightness, edge sharp-
ness, etc. These parameters are often called features or classifiers. Feature extraction is needed
to reduce the amount of data. For example, a medical x-ray image may contain more than a mil-
lion pixels. The goal of feature extraction is to distill the information into a more concentrated
and manageable form. This type of algorithm development is more of an art than a science. It
(c) ABTOKC, Cankr-IletepOypr, http://www.autex.spb.ru, e-mail: info@autex.spb.ru
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takes a great deal of experience and skill to look at a problem and say: "These are the classifiers
that best capture the information." Trial-and-error plays a significant role.

Kak mpemioxxeHo 3TMMM IpUMeEpaMu, OOBIYHBIA MOAXOA K LieleBOMYy OOHapy>KEHHIO (MHOTrAa
Ha3bIBaGMBIH pacro3HaBaHHEM 00pa3oB) — Mpollecc U3 JABYX waroB. IlepBelii mar Ha3bIBaeTCs
BbI/IeJICHHEM NMPU3HAKOB. DTO UCIOJIb3YET AJTOPUTMBI, YTOOBI IPUBECTH UCXOAHBIE JAHHBIE K
HECKOJIbKMM IapaMeTpaM, TUIa JWaMeTpa, SPKOCTHU, KPaeB PE3KOCTH, U T.A. DTU IapaMeTpbl
YaCTO HAa3bIBAIOTCS 0COOEHHOCTAMHU WM KjaaccupukaTropamu. Beiienenne npu3HakoB HE0O-
XOZMMO, YTOOBI MIPUBECTU KOJMYECTBO JAaHHBIX. Hanmpumep, MEIUIIMHCKOE PEHTI€HOBCKOE M30-
OpakeHue MOXKET coJepxkKaTh 0OJbIle YeM MUJIIMOH MUKceNoB. Llenb BbIieIeHNs TPU3HAKOB CO-
CTOUT B TOM, YTOOBI JUCTWILTUPOBATh MH(OpMaIUio B 0ojiee CKOHLEHTPUPOBAHHYIO U YIIPaB-
asieMyto (popMy. DTOT TUI pa3BUTHs aITOPUTMA - OOJIbIIEE KOJMUECTBO UCKYCCTBA, UEM HaykKa.
TpebyeTcs MHOTO OTBITa U HAaBbIKA CMOTPETHh Ha Mpo0ieMy uToOBI cka3aTh: "Ouu - knaccughu-
Kamopul, Komopule ayyuie ece2o ¢huxcupyiom ungopmayuro". Metoq npod u omuOOK Urpaer
BaYKHYIO POJIb.

In the second step, an evaluation is made of the classifiers to determine if the target is present or
not. In other words, some method is used to divide the parameter space into a region that corre-
sponds to the targets, and a region that corresponds to the nontargets. This is quite straightfor-
ward for one and two-parameter spaces; the known data points are plotted on a graph (such as
Fig. 26-3), and the regions separated by eye. The division is then written into a computer pro-
gram as an equation, or some other way of defining one region from another. In principle, this
same technique can be applied to a three-dimensional parameter space. The problem is, three-
dimensional graphs are very difficult for humans to understand and visualize (such as Fig. 26-4).
Caution: Don't try this in hyperspace; your brain will explode!

Bo BTOpoM m1are, orieHka cienaHa KiacCu(UKaTOPOB, YTOOBI ONPEICIUTh, IPUCYTCTBYET JIU al-
pecat win HeT. JIpyruMu clioBaMU, HEKOTOPBIA METOJ] UCIIOJIb3YETCS, YTOOBI ACTUTh MPOCTPaH-
cTBO(TIpoOen) rnapaMmeTpa B 00nacTh(peruox), KOTOpas COOTBETCTBY-
eT(mepenaer,mepenuchIBaeTCs) aapecaTaM, U 00JIacTH(PETHOHY), KOTOpasi COOTBETCTBYET HEajl-
pecaram. TO - BechbMa MpsMO Ul OJHUX U C IBYMs IapaMeTpaMu MpOoCTpaHCTB(IIPoOesoB); U3-
BECTHBIE TOYKH JAHHBIX COCTaBIAIOT Tpaduk Ha nuarpamme(rpaduke) (tTuma puc. 26-3), u 00-
nacTed(pernoHoB), OTAENEHHbIX Ta3oM. Pazgen(neneHue) Torna HamucaH B KOMIBIOTEPHYIO
porpamMmy Kak yYpaBHEHHE, WJIA JIPYTUM CIIOCOOOM OIpeaesieHUust OJHOM oOiacTu(pernoHa) ot
npyroro. B mpuHIune, 3To Ta ke caMas METOJMKA MOXKET MPUMEHATHCS K TPEXMEPHOMY TIPO-
cTpadcTBy(mpobeiy) nmapamerpa. [Ipobiaema, TpexmepHbie quarpaMmbl(rpaguKku) OYEHb TPYAHBI
JUI JIIOAeH, 4TOObl MOHUMATh W BHU3yanu3upoBath (Tuma puc. 26-4). Ilpenocrepexenue: He
mpoOyHTE 3TO B TUIIEPIPOCTPAHCTBE(TUIIEpIIpoOEsie); Ball MO3T B30pBETCs!

FIGURE 26-4

Example of a three-parameter space. Just as a two-parameter g o —
space forms a plane surface, a three parameter space can be
graphically represented using the conventional X, y, and z
axes. Separation of a three-parameter space into regions re-
quires a dividing plane, or a curved surface.

PUCYHOK 26-4

IIpumep mpoctpaHcTBa ¢ TpeMms mnapamerpamu. Takxke, Kak
IPOCTPAHCTBO C JABYMS IapaMeTpamMu (GopMHpYyeT MOBepX-
HOCTb IJIOCKOCTH, TPH IPOCTPAHCTBA IIapaMeTpa MOXKET OBbITh
rpadu4ecKy MpesCTaBICHO, HCHONb3Ysl OOBIYHBIA X, Y, U Z
ocu. Paznenenue nmpocTpaHcTBa C TpeMs MapameTrpam B 00-
Jacti TpeOyeT pasiersrouniell IUIOCKOCTH, WM KPHUBOH I10-
BEPXHOCTH.

—

pamimeler 5

3
PRaETUMEeT -
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In short, we need a machine that can carry out a multi-parameter space division, according to ex-
amples of target and nontarget signals. This ideal target detection system is remarkably close to
the main topic of this chapter, the neural network.

Kopoue roBopsi, Mbl Hy>kJjaeMcsl B MallliHE, KOTOPasi MOXKET BBIMOJIHATH pa3ien(IesieHne) mpo-
CTpaHCTBa MHOTb[-TTapaMeTpoOB, COTJIACHO TpPHUMEpaM IEJEeBBIX M HEILEIEeBBIX CHTHAIOB. JTa
ujealbHas 1efieBas cucTeMa OOHapy>KEeHHUs - 3aMedaTeIbHO OJM3KO K OCHOBHOI TeMe 3TOoM Tia-
BbI, HEBPAIbHBIE CEMU.

Neural Network Architecture
HeBpaabHas CereBasi apXuTEeKTypa

Humans and other animals process information with neural networks. These are formed from
trillions of neurons (nerve cells) exchanging brief electrical pulses called action potentials.
Computer algorithms that mimic these biological structures are formally called artificial neural
networks to distinguish them from the squishy things inside of animals. However, most scien-
tists and engineers are not this formal and use the term neural network to include both biological
and nonbiological systems.

JIronu u pyrue KMBOTHbIE 00pabaThIBalOT MH(POPMALIUMIO C HEBpaJIbHBIMU ceTssMu. OHuU cdop-
MHUPOBAHbI U3 KGUHMUNIbOHO8 HEUPOHOB (HEPBHBIX KIIETOK), MEHSIOIINE KPAaTKUE IJIEKTPUUECKUE
UMIIYJbChl Ha3blBaeMble NMOTEHIHAJAMM AeiicTBUsl. KOMIIBIOTEpHBIE aJTOPUTMBI, KOTOpHIE
MOJIPAXKAIOT STUM OMOJOTHMYECKHM CTPYKTypaMm, (OpMalbHO Ha3bIBAIOTCS MCKYCCTBEHHBIMU
HEBPAJIHBIMM CeTSIMM, YTOObI OTIMYUTH UX OT squishy Bemiell BHyTpu *HBOTHBIX. OJHaKO,
OOJIBIIMHCTBO YYEHBIX U MHXKEHEPOB HE(POpPMAIbHBI U UCHOJIb3YET TEPMHUH HE8PAIbHAsL CeMmb,
YTOOBI BKJIIOUUTH, U OMOJIOTUUECKUE U HEOUOJIOTHYECKHUE CHCTEMBI.

Neural network research is motivated by two desires: to obtain a better understanding of the hu-
man brain, and to develop computers that can deal with abstract and poorly defined problems.
For example, conventional computers have trouble understanding speech and recognizing peo-
ple's faces. In comparison, humans do extremely well at these tasks.

HeBpaJ'ILHOC CCTCBOC UCCIICAOBAHUC MOTHUBUPYCTCS ABYMS KCIAHUAMU: ITOJYUUTH JIYHUIIC TTOHU-
MaHHUE YCIIOBCUYCCKOIro Mo3ra, u p33pa6aTI)IBaTI) KOMITIBIOTCPBI, KOTOPBIC MOT'YT UMETH €0 C pe-
3IOMC U IIJIOXO OIPEACIICHHBIC HpO6J'IeMI>I. HaanMep, OOBLIYHEIE KOMIIBIOTCPBI UMCIOT HCIIPUAT-
HOCTb, TIOHUMaAas pC€Yb U IMMPpHU3HaBas HAPOAHLIC JIUIIA. Ha CpaBHCHHHU, JIFOAU ACIIAIOT ‘IpC3BLI‘{aI>'IHO
XOpOIJ_IO(KapMaH,HOTeHI_[I/IaHBHaH HMa) B OTHX 3aJaydax.

Many different neural network structures have been tried, some based on imitating what a biolo-
gist sees under the microscope, some based on a more mathematical analysis of the problem. The
most commonly used structure is shown in Fig. 26-5. This neural network is formed in three lay-
ers, called the input layer, hidden layer, and output layer. Each layer consists of one or more
nodes, represented in this diagram by the small circles. The lines between the nodes indicate the
flow of information from one node to the next. In this particular type of neural network, the in-
formation flows only from the input to the output (that is, from left-to-right). Other types of neu-
ral networks have more intricate connections, such as feedback paths.

MHOro paznu4HbIX HEBPAJIbHBIX CETEBBIX CTPYKTYpP OBLIM MCIIBITaHbl, HEKOTOPHII OCHOBaHHBIN
IIpu NoApaKaHUU, YTO ouoJjor BUJIUT NTOA MHUKPOCKOIIOM, HCKOTOpLIP’I OCHOBAHHLIHM Ha 0oJiee Ma-
TEMaTHIEeCKOM aHamu3e MpoosieMbl. OOBIMHO HCITOJIb3yeMast CTPYKTYpa IMOKa3bIBaeTCs B PUC. 26-
(c) ABTOKC, Cankr-IlerepOypr, http:/www.autex.spb.ru, e-mail: info@autex.spb.ru
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5. OTa HeBpanbHas ceTh CHOPMUPOBAHA B TPEX YPOBHSIX, HA3EMbIX BXOAHBIM YPOBHEM, CKPBITHIM
YPOBHEM, W YPOBHEM IMPOIYKIIHHU(BBITYCKa,BbIXx0a). KaxkIplii ypOBEHb COCTOUT U3 OHOTO WJIH
60JIBHJ€€ KOJIMYCCTBO Y3JIOB, IPCACTABJIICHHBIX B 3TOU AuarpaMmMe MaJICHbKUMHU KpyraMu. CTpO-
KA MEXIy y3JIaMH YKa3bIBalOT MOTOK MH(POPMAIMU OT OJHOTO y3ja JO cleayromero. B stom
crneur(uIeckoM TUIIE HEBPAJIbHON ceTH, WHpOpMalMs TeYeT TOJIBKO OT BBOJA /O IMPOIYK-
1K (BBITYCKa,BbIX0/1a) (TO €CTh OT ClieBa HampaBo). [[pyrue THMBI HEBPAJIbHBIX CETEH HMEIOT
OoJsee 3amyTaHHBIC MTOIKIOUEHUS(CBSI3U), TUIIA TMHUIA 0OPATHOMN CBSI3H.

FIGURE 26-5 Information Flow

Neural network architecture. This is the most common
structure for neural networks: three layers with full
inter-connection. The input layer nodes are passive,
doing nothing but relaying the values from their single %1,
input to their multiple outputs. In comparison, the
nodes of the hidden and output layers are active, modi-
fying the signals in accordance with Fig. 26-6. The
action of this neural network is determined by the
weights applied in the hidden and output nodes. ¥
Pucynox 26-5. HeBpanbHas cereBast apXuTeKTypa.

Ot0 - Haubosiee OObIYHASI CTPYKTYpa Ul HEBpaIbHBIX ™l
CeTeil: TpU YPOBHs C B3aUMOCBS3bI0. BXOIHBIE Y31IBI
YPOBHSI MACCUBHBI, Jiesiasi TOJBKO Tepenady 3HaueHHi
OT UX EIMHCTBEHHOI'O BBOJA JO UX MHOXECTBEHHBIX |
MPOIYKIUI(BBIXO0B). [yl cpaBHEHUS, y3/Ibl CKPBITHIX

U BBIXOJHBIX YPOBHEH aKTHBHBI, U3MEHSS CUTHAJBI B Xl
COOTBETCTBUU C pHC. 26-6. [leiicTBHE 3TOI HEBPAIBHOM
CETH ONPEACICHO BeCaMH, MPHKIAIbIBACMBIMH B CKPbI-
TBIC U BBIXOJTHBIC Y3JIBL

ot laver
| IS N iy 1|

hidden loyer

{active nodes |

input layer
[passive nodes)

The nodes of the input layer are passive, meaning they do not modify the data. They receive a
single value on their input, and duplicate the value to their multiple outputs. In comparison, the
nodes of the hidden and output layer are active. This means they modify the data as shown in
Fig. 26-6. The variables: X1, X1, ... XI5 hold the data to be evaluated (see Fig. 26-5). For ex-
ample, they may be pixel values from an image, samples from an audio signal, stock market
prices on successive days, etc. They may also be the output of some other algorithm, such as the
classifiers in our cancer detection example: diameter, brightness, edge sharpness, etc.

V31161 BXOAHOTO YPOBHS HACCHMBHBI, 03Hauasl, OHU HE U3MEHAIOT JaHHble. OHM MOIYy4aroT €I1H-
CTBEHHOE 3HaU€HHE Ha UX BBOJE, U AyOJUPYIOT 3HAUE€HHE K UX MHOXKECTBEHHBIM BbIxoAaM. [lyis
CPaBHEHMSI, Y3JIbl CKPBHITOTO M BBIXOJHOI'O YPOBHSI AKTHBHBI. DTO 03HAYaET, YTO OHU U3MEHSIOT
JTaHHbIEC KaK MOKa3aHo B puc. 26-6. [lepemennsie: X1, X1, ... XI5 IpoBOAAT NaHHBIE, KOTOPbIE
JIOJDKHBI OBITH OLIEHEHBI (cM. puc. 26-5). lns npumepa, OHU MOTYT OBbITh 3HAUEHUSIMH MUKCENa
0T M300pakeHusl, BHIOOPKHM OT ayAMOCHTHalla, TOTOBBIE PHIHOYHBIE LIEHBI B I1OCJIEA0BATEIbHBIC
aHM, U T.7. OHM MOTYT TakXke ObITh MPOIYKIHEH(BBIXOJOM) HEKOTOPOTo APYroro ajaropurMma,
TUNA KJIaCCU(PHUKATOPOB B HaIleM MPUMEPE PAaCHO3HABAaHUS paKa: AUAMETp, SIPKOCTb, PE3KOCTh
Kpas, 1 T.A.

Each value from the input layer is duplicated and sent to all of the hidden nodes. This is called a
fully interconnected structure. As shown in Fig. 26-6, the values entering a hidden node are
multiplied by weights, a set of predetermined numbers stored in the program. The weighted in-
(c) ABTOKC, Canxr-IlerepOypr, http://www.autex.spb.ru, e-mail: info@autex.spb.ru
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puts are then added to produce a single number. This is shown in the diagram by the symbol, ).
Before leaving the node, this number is passed through a nonlinear mathematical function called
a sigmoid. This is an "s" shaped curve that limits the node's output. That is, the input to the sig-
moid is a value between —oo and +oo, while its output can only be between 0 and 1.

Kaxxnoe 3HaueHne OT BXOJHOTO YPOBHSI QyOJIMpPOBAaHO U MOCIAHO K 8cem CKPBITBHIM y3laM. DTO
Ha3bIBAETCS MOJHOCTBIO B3AUMOCBA3aHHOM cTpyKTypoil. Kak noka3aHo B puc. 26-6, 3HaueHus,
BBOJISIIIME CKPBITOTO y3j7a YMHOXXEHbI Ha Beca, HaOOpa(yCTaHOBJIEHHBIX) IMpPeIONpeeIeHHbIX
qrcea(HOMEPOB), COXpaHEHHBIX B MporpaMMe. B3BemieHHbIe BBOJBI TOTA 100aBJIECHBI, YTOOBI
MIPOU3BECTH €TUHCTBEHHBIN(OTAEIbHBIN) HOMEP. DTO MOKA3bIBAIOT B IMAarpaMMe CUMBOJIOM, ).
Ilepen ocraBieHHEM y3/1a, 3TOT HOMEp MPOIYCKAIOT 4Yepe3 HEIMHEHHYI0 MaTeMaTHYECKYIO
(YHKIHMIO HA3bIBAEMYIO CUSMOUOOU(CUTMOUIAILHON KpHUBOM). DT0 — KpuBas "s" ummeromias
(hopMy, KOTOpast OTpaHUYMBACT BBIXOJ y3Ja. To ecTh BBOJ K CUTMOUIAIbHON KPUBOU - 3HAUCHHE

MEXJ1y -00 U 00, B TO BpeMsI KaK €ro mpoAyKIHsI(BBIXO) MOXKET TOJIBKO ObITh Mexay O 1 1.

The outputs from the hidden layer are represented in the flow diagram (Fig 26-5) by the vari-
ables: X2, , X2, , X23 and X24. Just as before, each of these values is duplicated and applied to
the next layer. The active nodes of the output layer combine and modify the data to produce the
two output values of this network, X3, and X3,.

[TpoxyKunu(BBIXO/IbI) OT CKPBITOTO YPOBHS IpelcTaBieHbl B Onok-cxeme (Puc. 26-5) nepemen-
HbeIMU: X2 , X2, , X235 n X24. Taxke, Kak Mpexe, KaKI0€ U3 dTUX 3HAYCHUH TyOIupOBaHO U
MIPUMEHSIETCSA K CIEAYIOIIEMY YPOBHIO. AKTHUBHBIC Y3JIbl YPOBHS MPOAYKUIUH(BBIX0/a) 00bEIH-
HSIOT M U3MEHAIOT JaHHbIE, YTOObI MPOU3BECTH JIBA 3HAYEHUs MPOAYKLHUH(BBIX0/A) 3TOU CeTH,
X3 1 I/IX32.

Neural networks can have any number of layers, and any number of nodes per layer. Most appli-
cations use the three layer structure with a maximum of a few hundred input nodes. The hidden
layer is usually about 10% the size of the input layer. In the case of target detection, the output
layer only needs a single node. The output of this node is thresholded to provide a positive or
negative indication of the target's presence or absence in the input data. Table 26-1 is a program
to carry out the flow diagram of Fig. 26-5. The key point is that this architecture is very simple
and very generalized. This same flow diagram can be used for many problems, regardless of
their particular quirks. The ability of the neural network to provide useful data manipulation lies
in the proper selection of the weights. This is a dramatic departure from conventional informa-
tion processing where solutions are described in step-by-step procedures.

HeBpanbHble ceTn MOTYT UMETh JTF000€ YHCIIO YPOBHEH, U JIF0O0E YHCIIO y3JI0B B ypoBHE. boJib-
IIMHCTBO MPHJIOKEHUH UCTIONB3YET TPU CTPYKTYPHI YPOBHSI ¢ MAKCUMYMOM HECKOJIBKHX COTEH
BXOJIHBIX Yy3710B. CKpBITBIN YPOBEHb - 00bIUHO Mpubau3utenabHo 10% pa3Mepa BXOJAHOTO YpOB-
Hi. B cimyuae meneBoro oOHapykeHUs, YpOBEHb NPOAYKIHMH(BBIXOAA) HYKIAETCS TOJIBKO B
€IMHCTBEHHOM y37e. [IpoayKius(BIX0/1) 3TOr0 y3Ji1a — TOPOTOBOE 3HAUYCHHE, YTOOBI 00€CIIeUnTh
MOJIOKUTEIHHYIO WIH OTPHUIATEIBHYI0 WHAMKAIIMIO OTHOCUTEIBHO MPUCYTCTBUS aJipecara HId
OTCYTCTBHsI BO BXOJHBIX JaHHBIX. Tabmuma 26-1 - mporpamma, 94TOOBI BBITIOJHUTE OJIOK-CXEMY
puc. 26-5. KitoueBoil MyHKT - TO, 4TO 3Ta apXUTEKTypa SIBISIETCSA OYEHb NPOCTOM M OYEHb
00001IeHHON. DTO Ta *Ke camasi OJIOK-CXeMa MOXKET MCIOJIb30BAThCS JJII MHOTHX MPOOJIeM, He-
3aBUCUMO OT uX cnenuduueckux npudy. CriocoOHOCTh HEBPAJIbHON CEeTH, YTOOBI 00ECTICUUTh
TMIOJIE3HYI0 MAHMITYJISIIUIO JAHHBIX HAXOJUTCS B HaJUJIEKalleM BHIOOpE BECOB. JTO - ApaMaruye-
CKOE OTKJIOHEHHE OT OOBIYHON 00paboTKM WH(MOpMAILUHU, TAC PEIICHUS OMUCAHBI MPOIEAYPOi
mIar 3a maroM(CUHXpOHHO).
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As an example, imagine a neural network for recognizing objects in a sonar signal. Suppose that
1000 samples from the signal are stored in a computer. How does the computer determine if
these data represent a submarine, whale, undersea mountain, or nothing at all? Conventional
DSP would approach this problem with mathematics and algorithms, such as correlation and fre-
quency spectrum analysis. With a neural network, the 1000 samples are simply fed into the input
layer, resulting in values popping from the output layer. By selecting the proper weights, the
output can be configured to report a wide range of information. For instance, there might be out-
puts for: submarine (yes/no), whale (yes/no), undersea mountain (yes/no), etc.

Kak npumep, BooOpazute HEBpPaJIbHYIO CETh Ul NMPU3HAHUSA OOBEKTOB B 3BYKOBOM CHTHAJIE.
[peanonoxum, yro 1000 BEIOOPOK OT CUTHANIA COXpAaHEHBI B KoMITbIoTepe. Kak KoMIbloTep om-
pexnensier, NpeACTaBISIOT JIU 3T JaHHbIE CyOMapuHy, KUTa, MOABOJHYIO TOPY, WIM HUYTO BO-
o6me? O6brunbnii LHOC npubausuics 061 K 3TOH mpobiaeMe ¢ MaTeMaTUKON U aaropuTMaMH, TH-
na aHaJin3a CIEeKTpa 4acToT U Koppessauu. C HeBpaiabHOU ceThio, 1000 BEIOOPOK MpOCTO Moaa-
HBI BO BXOJHOI YPOBEHbB, IPUBOJIS K BHITAJIKUBAHUIO 3HAYCHUI OT YPOBHS MPOTYKIIMH(BBIXO/A).
Bri6upas Hannexamme Beca, IpOIyKIUs(BBIX0T) MOXKET ObITh KOH(PUTYpHUpOBaHa, YTOOBI CO00-
IIMTH O UIMPOKOM Auamna3zoHe nHpopmanuu. Hanpumep, nmencs Obl MpoayKIUH(BBIXOIbI) IS
cyObmapuHna (na\HeT), KUT (1a\HeT), moABOIHas ropa (Aa\HeT), U T.1.

FIGURE 26-6

Neural network active node. This is a flow diagram of the
active nodes used in the hidden and output layers of the
neural network. Each input is multiplied by a weight (the
wN values), and then summed. This produces a single
value that is passed through an "s" shaped nonlinear func-
tion called a sigmoid. The sigmoid function is shown in
more detail in Fig. 26-7.

PUCYHOK 26-6

HeBpanbHblil ceTeBoi akTHBHBIN y3ell. OTo - OIOK-cxema

AKTHBHBIX Y3JIOB, HCIIOJb3YEMbIX B CKPBITOM M BBIXOJHOM Xs ¥ T !
YPOBHSX HEBpanbHON ceTh. Kaxknplii BBOJ YMHOXEH Ha %, WEIGHT f
BeC (3HaUEHHE Wy), U 3aTeM CYMMHPOBaH. JDTO IPOU3BO- o i, o~
JMT €JIUHCTBEHHOE(OTAENBHOE) 3HAUEHHE, KOTOPOE Mpo- M, —

non e T

MYCKalOT 4epe3 HelHHelHyo (yHkuuio "s" HMEIIIyo
(hopMy Ha3BIBaAEMYIO cuemoudanvroll Kpusoti. CHrMouaaibHas GyHKIUS IOKa3aHa OoJiee moaApoOHO Ha puc. 26-7.

With other weights, the outputs might classify the objects as: metal or non-metal, biological or
nonbiological, enemy or ally, etc. No algorithms, no rules, no procedures; only a relationship be-
tween the input and output dictated by the values of the weights selected.

C npyrumu Becam, TPOIYKIMH(BBIXO/IbI) MOTIIH OBl KJIACCH(PHUINPOBATH OOBEKTHI KaK: METaJlI
WIN He-MeTaJll, OMOJIOrMYECKUI MM HEOMOJIOrMYECKHi, Bpar WK COIO3HUK, U T.1. Hukakue an-
TOPUTMBI, HUKAKUE MpaBUla, HUKaKUe MPOLEAYphl; TOJbKO OTHOLIEHHSI MEX/1y BBOJOM U BBIBO-
JIOM, IPOJUKTOBAHHBIM 3HAYEHUSIMU OTOOPAHHBIX BECOB.

100 'NEURAL NETWORK (FOR THE FLOW DIAGRAM IN FIG. 26-5)
110"

120 DIM X1[15] 'holds the input values

130 DIM X2[4] 'holds the values exiting the hidden layer

140 DIM X3][2] 'holds the values exiting the output layer

150 DIM WHJ4,15] 'holds the hidden layer weights

160 DIM WOI2,4] 'holds the output layer weights

170"

180 GOSUB XXXX 'mythical subroutine to load X1[ ] with the input data
190 GOSUB XXXX 'mythical subroutine to load the weights, WH[ , ] & WO , ]
200"
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210 "'FIND THE HIDDEN NODE VALUES, X2[ ]

220 FOR J% =1 TO 4 "loop for each hidden layer node
230 ACC = 0 'clear the accumulator variable, ACC

240 FOR 1% =1 TO 15 'weight and sum each input node
250 ACC = ACC + X1[1%] * WH[J%,1%]

260 NEXT 1%

270 X2[J%] =1/ (1 + EXP(-ACC) ) 'pass summed value through the sigmoid
280 NEXT J%

290"

300 ''FIND THE OUTPUT NODE VALUES, X3[ ]

310 FOR J% =1 TO 2 'loop for each output layer node
320 ACC = 0 'clear the accumulator variable, ACC

330 FOR 1% =1 TO 4 'weight and sum each hidden node
340 ACC = ACC + X2[1%] * WO[J1%,1%]

350 NEXT 1%
360 X3[J%] =1/ (1 + EXP(-ACC) ) 'pass summed value through the sigmoid
370 NEXT J%
380"
390 END
TABLE 26-1
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PUCYHOK 26-7
CurmounpanbHasi QyHKUUS U €€ IPOU3BOHAs. YpaBHeHusl, 26-1 u 26-2 reHepupyIoT 3TU KPUBBIE.

Figure 26-7a shows a closer look at the sigmoid function, mathematically described by the equa-
tion:

PucyHnok 26-7a mokasbiBaeT, B3IJsiA OJM)KE HA CUTMOUAAIBHYIO (YHKIUIO, MaTeMAaTUYECKU
OIHCaHHYIO YpaBHEHUEM:

YPABHEHUE 26-1 . 1
CurmouzanbHas (QyHKIEA. JTO HCHONb3yeTCs B HEBPANbHBIX CETSAX Kak IVIaiKkuii mopor. (x) e
I'paduk 5T0M ByHKIMHM MTOKa3aH Ha puc. 26-7a. l+e ™

The exact shape of the sigmoid is not important, only that it is a smooth threshold. For compari-
son, a simple threshold produces a value of one when x > 0 and a value of zero when, x < 0. The
sigmoid performs this same basic thresholding function, but is also differentiable, as shown in
Fig. 26-7b. While the derivative is not used in the flow diagram (Fig. 25-5), it is a critical part of
finding the proper weights to use. More about this shortly. An advantage of the sigmoid is that
there is a shortcut to calculating the value of its derivative:

Tounas popma curMouAaIbHON KPUBOM HE BaXKHA, TOJBKO, YTO 3TO ABJSAETCS IVIAZAKUM ITOPOTOM.
Jliis cpaBHEHMsI, TPOCTOM MOPOT IPOU3BOAUT 3HAUEHUE eOuHuYybl, KOTAA U 3HaueHue x > 0 u 3Ha-
yeHue wuynd, korjpa, x < 0. CurmoupanbHas KpHUBas HCIOJIHSAET TO XK€ caMOe KaK OCHOBHas

noporoBasi GyHKIUS, HO TaKxke Juggepenyupyema, Kak okaszano B puc. 26-7b. B To BpeMs kak
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roBasi pyHKIUS, HO Takke Juggepenyupyema, Kak mokazaHo B puc. 26-7b. B 1o Bpems kak
MPOU3BOHAS HE UCIIOIB3YETCs B OJIOK-cxeme (puc. 25-5), 3T0 - KpUTHUYECKasi 4acTh 0OOHapyKe-
HUS HaJ[JISKAIINX BECOB, YTOOBI HCIIOJIB30BaTh. bOJbIIE OTHOCUTENBHO 3TOTO Bekope. [Ipenmy-
IIECTBO CUTMOUAATLHON KPUBOW - TOT HMEETCSI SIPIIBIK K BEIYMCIICHUIO 3HAYCHHUS €T0 MPOU3BO/I-
HOIA:

YPABHEHUE 26-2
[lepBas MPOM3BOIHAS CHIMOMIANBHOI (yHKIMH. JTo paccuntano, ucnomssys 5 '(x) = s{x)[1 - s(x) |
3HAYEHHE CUTMOUIATLHON (YHKIIMM HETOCPEICTBEHHO.

For example, if x = 0 then s(x) = 0.5 (by Eq. 26-1), and the first derivative, is calculated: s'(x) =
0.5(1 - 0.5)=0.25. This isn't a critical concept, just a. trick to make the algebra shorter.

Hampumep, ecniu x = 0 Toraa s(x) = 0.5 (ypaBHeHueM 26-1), 1 mepBasi IpoOU3BOIHASI, pAaCCUNTAHA!
s'(x) = 0.5(1 - 0.5) = 0.25. D10 He KpUTHUYECKAass KOHIICTIIHS, TOJbKO YJIOBKa, YTOOBI eiaTh aj-
redpy Kopoue.

Wouldn't the neural network be more flexible if the sigmoid could be adjusted left-or-right, mak-
ing it centered on some other value than x = 0? The answer is yes, and most neural networks al-
low for this. It is very simple to implement; an additional node is added to the input layer, with
its input always having a value of one. When this is multiplied by the weights of the hidden
layer, it provides a bias (DC offset) to each sigmoid. This addition is called a bias node. It is
treated the same as the other nodes, except for the constant input.

Pa3zBe HeBpanbpHas ceTh He OblIa ObI OoJsiee THOKA, €CTIM CUTMOUIAIbHAS KpUBask MOTJia Obl OBITH
OTKOPpPEKTHpOBaHa " JIEBOW WJIM MpaBou ", Aenas(3acTaBisisi) 3TO IEHTPUPOBAHHBIM Ha HEKOTO-
poM apyrom 3HaueHuH yeMm x = 0?7 OTBeT - 1a, U HauboJee HEeBPaJIbHbIE CETH YUYUTHIBAIOT 3TO.
OueHb MPOCTO OCYIIECTBHUTH; JOTIOIHUTENBHBIN y3€l 100aBlIeH K BXOJHOMY YPOBHIO, C €r0 BBO-
JIOM, BCErja MMEIOIUM 3HaueHUe eouHuysi. Korma 3To yMHOKEHO Ha Beca CKPBITOIO YPOBHS,
9TO obecredynBaeT cymeujerue (CMEUIEHUE MOCTOSHHOM COCTABIISIONICH) K KaXKI0W CUTMOMIAIIb-
HOU KpHMBOH. DTO 100aBJIEHUE HA3bIBACTCS y3J10M CMelleHUsl. DTO 00paboTaHO TOT e CaMbIi
KakK JIpyTHe y3iIbl, €Cli Obl He TIOCTOSIHHBIN BBOJ.

Can neural networks be made without a sigmoid or similar nonlinearity? To answer this, look at
the three-layer network of Fig. 26-5. If the sigmoids were not present, the three layers would col-
lapse into only two layers. In other words, the summations and weights of the hidden and output
layers could be combined into a single layer, resulting in only a two-layer network.

HeBpanbHble ceTd MOTYT OBITH clenaHbl 0€3 CUrMOMIAIBHOW WM MOAOOHON HenuHeHHOCTH?
YToOBl OTBETHTHh HA 3TO, TOCMOTPUTE HA CETh C TPeMsl YPOBHSMH Ha puc. 26-5. Eciu Ob1 cur-
MOUJaNIbHbIE KPUBbIE HE OBUIM TNPEICTaBIICHBI, 3TH TPU YPOBHS c6epH)Iuchb Obl TOJIBKO B JIBa
ypoBHsl. JIpyrumu cioBaMu, CyMMHPOBAaHHUE M Beca CKPBITBIN M BBIXOJHBIX YPOBHEH MOIJIM OBITH
00BbEeTMHEHBI B €JMHCTBEHHBIN YPOBEHbB, TPUBOS K CETH TOJIBKO C ABYMSI YPOBHSAMHU.

Why Does It Work?
IMouemy Ito Padoraer?

The weights required to make a neural network carry out a particular task are found by a learn-
ing algorithm, together with examples of how the system should operate. For instance, the ex-
amples in the sonar problem would be a database of several hundred (or more) of the 1000 sam-
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ple segments. Some of the example segments would correspond to submarines, others to whales,
others to random noise, etc. The learning algorithm uses these examples to calculate a set of
weights appropriate for the task at hand. The term learning is widely used in the neural network
field to describe this process; however, a better description might be: determining an optimized
set of weights based on the statistics of the examples. Regardless of what the method is called,
the resulting weights are virtually impossible for humans to understand. Patterns may be observ-
able in some rare cases, but generally they appear to be random numbers. A neural network us-
ing these weights can be observed to have the proper input/output relationship, but why these
particular weights work is quite baffling. This mystic quality of neural networks has caused
many scientists and engineers to shy away from them. Remember all those science fiction mov-
ies of renegade computers taking over the earth?

Beca, Tpebyembie, uTOOBI JeNaTh HEBPATbHYIO CETh BBIMOIHSIIOT CIIEU(UISCKYO 3a1ady, Haii-
JICHBI AJITOPUTMOM OOY4YeHMsl, BMECTE C NMpUMepaMM TOro, Kak CHCTeMa JOJDKHA onepupo-
samu(paboTars). Hampumep, mpumepamMu B 3ByKOBOM MpoOieme ObLIM Obl 0a30il JaHHBIX HE-
CKOJIbKO coTeH (uiu Oombie) u3 1000 TumoBbIX cerMeHTOB. HekoTopbie U3 MpUMEpoB CETMEH-
TOB COOTBETCTBOBAIIM ObI CyOMapHuHaM, IPYyTHe KUTaM, APyrue CIydanHoMy HIyMy, U T.1. AJro-
PUTM OOYYCHHS UCTIOIB3YET 3TH MPUMEPHI, YTOOBI BEIYHCIUTL HA0OP BECOB, COOTBETCTBYIONIUX
3amade moj pykoi. TepmuH, 0Oy4eHHE IIMPOKO HCIONB3YEeTCS B HEBPATHHOM CETEBOM IIOJIE,
9TOOBI ONMUCATH ATOT MPOIIECC; OJTHAKO, JIYUIITUM OIMMCAHHEM MOTJIO OBl OBITh: onpeoenexue on-
MUMUBUPOBAHHO20 HAOOPA 8eCO8, OCHOBAHHO20 HA cmamucmuke npumepos. HezaBucumo ot To-
IO YTO METOJ Ha3bIBACTCS, 3aKaHYMBAIOIINECS Beca (PaKTUICCKH(B CYITHOCTH) HEBO3MOXKHBI JIJISt
MOHUMaHUs JOAbMHU. OOpa3isl MOTYT OBITH HaOMIOJaeMBbl B HEKOTOPBIX PEAKUX CIydasX, HO
BOOOIIC OHU, KaXeTcs, CiyJaiHble yncia. HeBpaiabHas ceTh, HUCIOB3YIONIAs 3TH Beca MOXKET
Ha0Ir01aThCsA(COOII0IaThCS ), YTOOBI UMETh HAJIC)KAIMe OTHOIIESHUS BBOJIA -BBIBOJIA, HO ITOYE-
My 3Ta creruduyeckas padoTa BeCOB BeChbMa 3aTPYIHHUTENIbHA. DTO MHCTHYCCKOE KadecTBO
HEBPAJIbHBIX CETEH 3aCTaBWJIO MHOTO YYEHBIX U WHXXCHEPOB YKIOHATHCS OT HUX. [loMHHTE BCe
TO KMHO HAyYHOH (DAHTACTUKN U3MEHHUYCCKUX KOMITBIOTEPOB, 3aHUMAFOIIINX 3EMITIO?

In spite of this, it is common to hear neural network advocates make statements such as: "neural
networks are well understood." To explore this claim, we will first show that it is possible to pick
neural network weights through traditional DSP methods. Next, we will demonstrate that the
learning algorithms provide better solutions than the traditional techniques. While this doesn't
explain why a particular set of weights works, it does provide confidence in the method.

HecmoTtps Ha 3TO, OOBIYHO CIIBIILIATH, YTO HEBPAJIbHBIC CETEBbIC 3AIUTHUKH JIEIAI0T UHCTPYK-
LIUH THIA: "HEBpaJbHbIE CETH XOPOLIO MOHATHI". UTOOBI MCccaenoBaTh 3T0 TpeOOBaHUE, MBI CHa-
Yaja MOKa)KeM, YTO BO3MOKHO BbIOPATh HEBPAJIbHBIE CETEBBIE Beca Yepe3 TPAAULIMOHHbBIE METO-
ael LIOC. 3ateM, MBI IEMOHCTPUpPYEM, YTO y3HaouMe(o0ydaemMble) aJrOpuTMbl 00ECTIEUHBAIOT
Jyuuue PelIeHusl 4eM TpaJUuLMOHHbIE METObl. B TO BpeMs Kak 3TO He OOBACHSET, nouemy Oll-
peleNIeHHbIH Habop BECOB paboTaeT, 3T0 00ECIIeUNBAET JOBEPUE METOY.

In the most sophisticated view, the neural network is a method of labeling the various regions in
parameter space. For example, consider the sonar system neural network with 1000 inputs and a
single output. With proper weight selection, the output will be near one if the input signal is an
echo from a submarine, and near zero if the input is only noise. This forms a parameter hyper-
space of 1000 dimensions. The neural network is a method of assigning a value to each location
in this hyperspace. That is, the 1000 input values define a location in the hyperspace, while the
output of the neural network provides the value at that location. A look-up table could perform
this task perfectly, having an output value stored for each possible input address. The difference
is that the neural network calculates the value at each location (address), rather than the impossi-
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bly large task of storing each value. In fact, neural network architectures are often evaluated by
how well they separate the hyperspace for a given number of weights.

B nanbosnee cnoxxHOM MpencTaBieHUH(BUIE), HEBPAJIbHAS CETh - METOJ MapKUPOBAHUS pa3Iny-
HBIX oOiacTeil mapameTpoM B mpocTpaHcTBe. Hampumep, paccMOTpHUTE 3BYKOBYIO CHCTEMHYIO
HeBpaibHYyIO ceTh ¢ 1000 BBomaMu W e€AMHCTBEHHOM mpoaykiuei(Beixogom). C HaIeKanmm
BBIOOpPOM Beca, IPOAYKIMs(BBIX0) OyAeT ONU3KH eduHuye, €CIu BXOJAHOM CUTHAT - 3X0 OT CyO-
MapHHbI, U OJU30K K H)Jt0, €CIIA BBOJ - TOJIBKO IIyM. DTO (GOPMHUPYET THMIEPIPOCTPAHCTBO Ia-
pametpa u3 1000 uzmepennii. HeBpanbHast ceTh - METOJl Ha3HAUEHUS 3HAUEHUS K KaKJOMY pac-
MOJIOKEHUIO B 3TOM runeprnpoctpancTBe. To ecth 1000 BXOAHBIX 3HAYEHUN OMPEACIISIIOT pacno-
JloJiceHue B TUTIEPIIPOCTPAHCTBE, B TO BPeMs KakK MPOIYKIHs(BbIX0/) HEBPAJIbHOM ceTH olecre-
YUBAET 3HAuYeHue B TOM pacroyiokeHuu. Taluia moucka Morjia UCHOJHATh 3Ty 3a7ady COBep-
IIIEHHO, UMesl 3HaYeHHE NPOAYKIMH(BBIX0/A), COXPAHEHHOE IS Ka)KJI0T0 BO3MOXHOI'O BXOJHO-
ro angpeca. Pa3HoCTb - TO, UTO HEBpaJbHAs CETh 8bIUUCAAEM 3HAUEHUE B KaXKIOM PACIIOIOKEHUN
(ampec), ckopee 4eM HEBO3MOXKHO OOJIbILas 3ajjaua coxpaHeHus Kaxaoro 3HaueHus. daktuye-
CKH{, HEBPAJIbHBIE CETEBbIE APXUTEKTYPhl YACTO OLIEHHUBAIOTCS T€M, KaK XOpPOIIO OHU OTHAEISIOT
TUIEPIPOCTPAHCTBO AJIS JAHHOTO YHCJIa BECOB.

This approach also provides a clue to the number of nodes required in the hidden layer. A pa-
rameter space of N dimensions requires N numbers to specify a location. Identifying a region in
the hyperspace requires 2N values (i.e., a minimum and maximum value along each axis defines
a hyperspace rectangular solid). For instance, these simple calculations would indicate that a
neural network with 1000 inputs needs 2000 weights to identify one region of the hyperspace
from another. In a fully interconnected network, this would require two hidden nodes. The num-
ber of regions needed depends on the particular problem, but can be expected to be far less than
the number of dimensions in the parameter space. While this is only a crude approximation, it
generally explains why most neural networks can operate with a hidden layer of 2% to 30% the
size of the input layer.

OTOT MOAXO0[ Takke 00ecreunBaeT K4 K YUCIy y3JI0B, TpeOyeMbIX B CKpbITOM ypoBHE. [Ipo-
CTpaHCTBO NapameTpa N u3mepeHuil Tpedyer, 4ToObl N HOMEPOB ONPECIHIN PACIIOIOKEHHE.
Nnentuduxamus o61acTy B TUIIEPIIPOCTPAHCTBE TpeOyeT 3HaueHus 2N, (To €CTh, MUHUMAJIbHOE
Y MAaKCUMAaJIbHOE 3HAYEHUE 10 KaXKI0M OCH ONPENENSIOT TMIEPIPOCTPAHCTBO TBEPAOTO MPSIMO-
yrojapHuka). Hanpumep, 3T mpocThie BBIYUCICHHUS yKa3aidu Obl, 9TO HeBpasbHas ceTh ¢ 1000
BBOJIaMH HyxnaeTcs B Becax 2000, 4ToObl HACHTU(OUIIUPOBATH OJHY O0JIACTh THIEPIPOCTPAH-
CTBa OT ApYyroro. B MOIHOCTBIO CBSI3aHHOM CETH, 3TO TpeOOBaIO OBl IBYX CKPBITHIX y3710B. Unuc-
70 HeoOXOAUMBI[ 00JacTell 3aBUCUT OT CHEU(PUUECKON MPOOIIEMBI, HO MOXKET 0XKUIAThCs, YTO-
ObI OBITH FOpPa3Zl0 MEHBIIE YEM YHCIIO U3MEPEHHUH B NMIPOCTPAHCTBE napameTpa. B To BpeMs kak
3TO - TOJIBKO Ipy0Ooe MpUOIIKEHHE, 3TO BOOOIIe 00BSICHIET, ToYeMy Hauboliee HeBpalbHbIE ce-
TH MOTYT OIIEPUPOBATH CO CKPBITBIM ypoBHEM 2% - 30% pa3mepa BXOAHOTO YPOBHSI.

A completely different way of understanding neural networks uses the DSP concept of correla-
tion. As discussed in Chapter 7, correlation is the optimal way of detecting if a known pattern is
contained within a signal. It is carried out by multiplying the signal with the pattern being looked
for, and adding the products. The higher the sum, the more the signal resembles the pattern.
Now, examine Fig. 26-5 and think of each hidden node as looking for a specific pattern in the
input data. That is, each of the hidden nodes correlates the input data with the set of weights as-
sociated with that hidden node. If the pattern is present, the sum passed to the sigmoid will be
large, otherwise it will be small.

[TonHOCTBIO pa3NWYHBIA NMyTh NMOHUMAHUA HEBpaAIbHBIX ceTeil ucnonb3dyeT KoHuenuuwo [[OC
koppenayueu. Kak 00CyXJIeHO B ri1aBe 7, KOPPEAIUs - ONTUMAIBHBIN MyTh OOHAPYKEHUS, €CITN
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M3BECTHBIN 00pa3el COAEPKUTCS B IpeiesiaX CUrHajda. DTO BBIIOJHEHO, YMHOXasi CUTHAI C pa-
3BICKMBAEMbIM 00paslioM, U MpubaBieHueM NpoaykTa. Uem Bblllle cyMMa, TeM OOoJbllle CUTHala
MOXOIUT Ha obOpaser. Teneps, uccneayiite puc. 26-5, U fyMaiTe 0 KaXKAOM CKPBITOM y3JI€ Kak
MOKCK crnenuduueckoro odpasia BO BXOAHBIX JAaHHBIX. TO €CThb KaXKIbIi U3 CKPBITHIX Y3JIOB
Koppenupyem BXOIHbIE JaHHBIE C HAOOPOM BECOB, CBS3aHHBIX C TEM CKPBITHIM y3iaM. Eciu 06-
pasel] IpUCyTCTBYET, CyMMa IpoIiia K CHTMOUAAIBHON KpUBOM, OyaeT O0ibIIoN, nHavye 3To Oy-
JET MaJIEHBKOE.

The action of the sigmoid is quite interesting in this viewpoint. Look back at Fig. 26-1d and no-
tice that the probability curve separating two bell shaped distributions resembles a sigmoid. If we
were manually designing a neural network, we could make the output of each hidden node be the
fractional probability that a specific pattern is present in the input data. The output layer repeats
this operation, making the entire three-layer structure a correlation of correlations, a network that
looks for patterns of patterns.

JelicTBue cUurMougaibHON KPUBOW BEChbMa MHTEPECHO C ATOM TOUYKH 3peHUs. OTIISIHUTECh Ha3al
B puc. 26-1d u obparure BHUMaHHE(3aMETHTE), YTO BEPOSITHOCTHASI KpUBAsi, OTACISIONIAs J1Ba
pacnpenenenus umeronie GopMy KOJIOKOIa MOXOAST HAa CUTMOMAAIBHYIO KpuBYr0. Eciiu Mbl
BPYUYHYIO pa3pabaThiBalii HEBPAIBHYIO C€Th, Mbl MOTJIH ObI A€NATh MPOIYKIHIO(BBIXO/T) U3 KaX-
JIOTO CKPBITOTO Y3J1a - OPOOHOU 68epOsmMHOCHbI0, KOTOPOU crieluprudecKuid oOpaserl mpucyTcT-
BYeT BO BXOIHBIX JTaHHBIX. YPOBEHb MPOAYKIUHU(BBIXO/A) TMOBTOPSET 3Ty OMNEPALHUI0, Aelas
MOJIHYIO CTPYKTYPY C TPEMS YPOBHSIMU KOppensAyus U3z Koppeiayuu, CeTh, KOTopas UIIET 0opa3s-
Yol U3 00pPaA3YO8.

Conventional DSP is based on two techniques, convolution and Fourier analysis. It is reassuring
that neural networks can carry out both these operations, plus much more. Imagine an N sample
signal being filtered to produce another N sample signal. According to the output side view of
convolution, each sample in the output signal is a weighted sum of samples from the input. Now,
imagine a two-layer neural network with N nodes in each layer. The value produced by each out-
put layer node is also a weighted sum of the input values. If each output layer node uses the same
weights as all the other output nodes, the network will implement linear convolution. Likewise,
the DFT can be calculated with a two layer neural network with N nodes in each layer. Each out-
put layer node finds the amplitude of one frequency component. This is done by making the
weights of each output layer node the same as the sinusoid being looked for. The resulting net-
work correlates the input signal with each of the basis function sinusoids, thus calculating the
DFT. Of course, a two-layer neural network is much less powerful than the standard three layer
architecture. This means neural networks can carry out nonlinear as well as linear processing.

OO6prunbiit [JOC ocHOBaH Ha JBYX METO/AX, céepmke u ananuze Oypbe. ITO 3aBepsieT, 4YTO HEB-
paJIbHbIE CETU MOTYT BBINOJIHATH 00€ 3TH OmNepalyy, IUII0C HaMHoro Oosblie. BooOpasute cur-
HaJ BBIOOPKH N, (QUIBTPyEeMbIid, 4TOOBI IPOM3BECTH APYroi curuai BeiOopku N. CormacHo BH-
1y cOOKY BBIXOJAa CBEPTKH, KaXkas BbIOOpPKA B CHTHAJIE BBIXO/A - B3BELICHHAs CyMMa BbIOOPOK
oT BBOJA. Temepb, BOOOpa3UTe HEBPAIBHYIO CETh C JIByMs YPOBHAMH C N y371aMU B KaKIOM
ypOBHE. 3HauU€HUE, IPOU3BEAECHHOE KaX/IbIM Y3JIOM YPOBHS NPOIYKIMH(BBIX0JA) - TAKXKE B3BE-
IICHHAsi CyMMa BXOJHBIX 3HaueHuH. Ecnu kaxaplil y3en ypoBHS IpoayKIIHH(BBIX0/1a) UCIIOIb3Y-
€T Te K€ cCaMble Beca KakK BCE JPYIrHe y3Jbl NPOAYKIHHU(BBIXOAA), CETh OCYIIECTBUT JIMHEHHYIO
CBepTKYy. AHanornyHo, J{[1® moxer ObITH paccuuTaH C JABYMS YPOBHEM HEBpajibHas ceThb ¢ N
y3J1aMHu B Kak70oM ypoBHe. Kaxablil y3en ypoBHs NpoyKIMH(BBIX0Ja) HAXOAUT aMIUIUTYly OJ-
HOTO 4YaCTOTHOI'O KOMIIOHEHTa. JTO CHEJIaHo, Jejlasg Beca KaKIOro y3ja YpPOBHS IPOAYK-
LUH(BBIX0/1a) TOT K€ CaMblil KaK pa3bICKUBaeMasi CHHyCOUAA. 3aKaHUMBAIOIIAsACSA CeTh KOPPEIH-
pPYeT BXOJHOHM CHTHaJl ¢ KaXA0i U3 cuHycou] 0a3uCcHOM (PyHKIUH, TaKUM 0Opa3oM BBIYMCIISS
JI1®. KoneuHo, HEBpallbHAsI CE€Th C JBYMs YPOBHSMHM HAaMHOI'O MEHEE MOIIHA, YeM CTaHIapT
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TPH apXUTEKTypa YPOBHs. DTO O3HAYAET, YTO HEBPAIHHBIE CETU MOTYT BHITIOTHSITH HEIUHEUH)TO
TaK)Ke Kak JiuHeliHyo 00paboTKy.

Suppose that one of these conventional DSP strategies is used to design the weights of a neural
network. Can it be claimed that the network is optimal? Traditional DSP algorithms are usually
based on assumptions about the characteristics of the input signal. For instance, Wiener filtering
is optimal for maximizing the signal-to-noise ratio assuming the signal and noise spectra are both
known; correlation is optimal for detecting targets assuming the noise is white; deconvolution
counteracts an undesired convolution assuming the deconvolution kernel is the inverse of the
original convolution kernel, etc. The problem is, scientist and engineer's seldom have a perfect
knowledge of the input signals that will be encountered. While the underlying mathematics may
be elegant, the overall performance is limited by how well the data are understood.

[Tpeanonoxxum, 4To ogHa U3 3TUX 00bIYHBIX cTpaTeruii [{OC ucnonb3yercs, 4ToObl MPOSKTUPO-
BaTh BECAa HEBPAJIBHON CETH. DTO MOXKET OBITh I0KA3aHO, SBJSIETCS JIU CeTh onmumanvhou? Tpa-
nuionHble anropuTt™Mbl LJOC 00ObIYHO OCHOBAHBI Ha MPEIIOI0KEHUSX OTHOCUTEIIBHO XapaKTe-
PUCTUK BXOAHOTO curHana. Hanpumep, ¢unsrpanus Bunepa ontumanbHa Ui MAKCUMU3HPOBa-
HUSl OTHOIICHUS CUTHAJI-IIYM, NPUHUMAIOU{e20 YTO CUTHAJ U IIIyMOBBIE CIIEKTPhI, 00a U3BECTHBI;
KOpPENSIHs ONTUMANbHA sl OOHAPYXKEHUSI a/IPecaToB, NPUHUMAIOWUX YTO TIyM OeIblif; ne-
KOHBOJIIOLIMSI TPOTUBOICUCTBYET HEXKENATENbHONU CBEPTKE, NPUHUMAS YTO SIAPO JEKOHBOIIOLUU
- MHBEpCHUS NEPBOHAYAIBHOTO Spa CBEPTKHU, U T.1. [Ipobnema, yueHblit 1 MHKEHEP PEAKO UMEET
COBEpUICHHOE 3HaHHE BXOJHBIX CUTHAJIOB, C KOTOPHIMHU OYAET CTalKuBaThci. B TO Bpems Kak
OCHOBHAs MaTeMaTHKa MOKET ObITh M3SIHA, OOLIME JaHHbIE OrpaHMYCHBI TeM, KaK XOpOILIO
JTaHHBIE TTOHSTHI.

For instance, imagine testing a traditional DSP algorithm with actual input signals. Next, repeat
the test with the algorithm changed slightly, say, by increasing one of the parameters by one per-
cent. If the second test result is better than the first, the original algorithm is not optimized for
the task at hand. Nearly all conventional DSP algorithms can be significantly improved by a
trial-and-error evaluation of small changes to the algorithm's parameters and procedures. This is
the strategy of the neural network.

Hanpumep, Boobpazute nposepsth TpagunuoHHbii anroputM LOC ¢ pakTnyeckuMu BXOIHBIMU
CHUTHAJIaMH. 3aTeM, MMOBTOPUTE HMCIIBITAHUE C aJlTOPUTMOM, U3MEHEHHBIM CJIETKa, CKa)KeM, yBe-
IU4MBas OJUH W3 IIApaMETpPOB OIHUM IPOLEHTOM. EciiM BTOpON MCHBITATEIbHBIM PE3yJbTAT
JydIlle 4eM TepBbIi, MEepBOHAYAIBHBIN aJrOPUTM HE ONTUMHU3WUPOBAH U TEKyIICH 3aJadqm.
[Toutn Bce oObruHBIe anroputMbl LJOC MOryT OBITH 3HAYUTENBHO YIYYIIEHBl SMIMPHYECKOM
OIICHKOH(METOI0M P00 M OMMOOK) MAJICHBPKUX U3MEHEHUH K TTapaMeTpaM ajiropuTMa U Mporie-
aypaMm. DTO - CTpaTerusi HEBPAJIbHOM CETH.

Training the Neural Network
Oo0yuenue HeBpaabhnoii CeTn

Neural network design can best be explained with an example. Figure 26-8 shows the problem
we will attack, identifying individual letters in an image of text. This pattern recognition task has
received much attention. It is easy enough that many approaches achieve partial success, but dif-
ficult enough that there are no perfect solutions. Many successful commercial products have
been based on this problem, such as: reading the addresses on letters for postal routing, docu-
ment entry into word processors, etc.
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HeBpanbHblil ceTeBON MPOEKT MOXKET Jy4Ile BCErO OOBIACHATHCS ¢ MpuMepoM. PucyHok 26-8
MOKa3bIBAaeT MPOOIEeMy MBI aTaKyeM, UACHTU(UINPYS WHANBUIyaJbHbIE CHMBOJIBI B H300paxke-
HUM TEeKcTa. JTa 3a/1a4a pacrno3HaBaHus 00pa3oB MOIy4nIa MHOTO BHUMaHUs. JlocTaTOYHO mpo-
CTO, YTO MHOTO IOJXOJOB JOCTUTAIOT YaCTHYHOIO yCIieXa, HO JOCTaTOYHO TPYIHBIH, 4TO HE
MMeeTCss HUKAKMX COBEPUICHHBIX pelleHHH. MHOro yCHEeIIHBIX KOMMEPUYECKHX W3JEIUN ObLIH
OCHOBAHBI Ha 3TOH NpoOIIeMe, THITA: YUTas aJipeca Ha CUMBOJIAxX Ul MOYTOBOM MapUIpyTH3alHH,
BXOJ] IOKYMEHTa B TEKCTOBBIE IIPOIIECCOPHIL, U T. 1.

The first step in developing a neural network is to create a database of examples. For the text
recognition problem, this is accomplished by printing the 26 capital letters: A,B,C,D 10 Y,Z, 50
times on a sheet of paper. Next, these 1300 letters are converted into a digital image by using one
of the many scanning devices available for personal computers. This large digital image is then
divided into small images of 10x10 pixels, each containing a single letter. This information is
stored as a 1.3 Megabyte database: 1300 images; 100 pixels per image; 8 bits per pixel. We will
use the first 260 images in this database to ¢rain the neural network (i.e., determine the weights),
and the remainder to fest its performance. The database must also contain a way of identifying
the letter contained in each image. For instance, an additional byte could be added to each 10x10
image, containing the letter's ASCII code. In another scheme, the position of each 10x10 image
in the database could indicate what the letter is. For example, images 0 to 49 might all be an "A",
images 50-99 might all be a "B", etc.

[TepBoIii mIar B pa3pabOTKy HEBPAIBHON CETH JTOJDKEH CO37aTh 0a3y JaHHBIX MpumepoB. s
TEKCTOBOM MPOOIEMBI pacrio3HABAHUS, ATO BBITIOJIIHEHO, TeuaTtas 3TH 26 3ariaBHBIX OYkB: A, B,
C,D-Y, Z, 50 pa3 na mucre 6ymaru. 3areM, 3tu 1300 cuMBOJIOB TpeoOpa3oBaHbl B MUPPOBOE
M300paKe€HUe, HCIONIb3Ys OJHO U3 MHOTUX YCTPOWCTB CKaHHPOBAHUSA, JOCTYIHBIX IJIS TIEPCO-
HaJIbHBIX KOMIIBIOTEPOB. DTO 00JIbIIIOE IIUGPOBOE H300paKEHUE TOTIa Pa3/IeJICHO Ha MAJICHbKUE
n3zobpakenust 10x10 nmukcenos, KaxAbI coaepxanuii oqHy OykBy. OTa HH(OpMAIHs coXpaHe-
Ha kak 0a3a gaHHbIX 1.3 Mera6aiiToB: 1300 uzobpaxennii(o6pa3or); 100 mukcenoB B u300pa-
xkeHue(obpase); 8§ OuroBa Ha mHKcen. Mbl OyaeM HCIONB30BaTh MepBbie 260 wu300paxe-
HuUli(00pa3oB) B 3TOM 0a3ze MaHHBIX, YTOOBI OOYYHTH HEBPAIBHYIO CETh (TO €CTh, ONPEILISIThH BE-
ca), U OCTaTOYHBIA wIEH(Pa3HOCTH), 4TOOBI TPOBEPUTH €ro APPEKTUBHOCTh. baza maHHBIX
JOJKHA TakXKe coepkaTh MyTh UISHTU(UKALMN CUMBOJIA, COJEpIKAILErocss B Kaxa0M H3o0pa-
xeHuun(obpase). Harmpumep, 1omnomHuTenbHbIN 6alT MOT ObITH 100aBiIeH K Kaxaomy 10x10 uzo-
Opaxenuro(obpasy), cogepka cumBod komga ASCIL. B apyroit cxeme, mo3uius Ka)kaoro H30-
Opaxenusi(oOpaza) 10x10 B 6aze maHHBIX MOTJIO YKa3blBaTh, KaKOB CHMBOJI. Hampumep, uzo-
opaxxenus ot 0 10 49, Bce Moryi ObI ObITE "A", n300paxkenus 50-99, Bce morym Ob1 ObITE "B", 1
T.JI.
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FIGURE 26-8

Example image of text. Identifying letters in images of text is one of the classic pattern recognition problems. In this
example, each letter is contained in a 10410 pixel image, with 256 gray levels per pixel. The database used to train
and test the example neural network consists of 50 sets of the 26 capital letters, for a total of 1300 images. The im-
ages shown here are a portion of this database.

PUCYHOK 26-8

[pumep nzobpaxenus Tekcra. MaeHTudukalys CUMBOJIOB B U300paKEHUAX TEKCTA - OJJHA M3 KIACCHYECKUX MPO-
Omem pacro3HaBaHUS 00pa3oB. B 3ToM mpumepe, KaxkIplii CHMBOJ COACPKUATCS B m300pakeHne(oopas) 10x10 nuk-
CeloB, ¢ 256 ypoBHSIMH ceporo B muKcel. baza AaHHBIX HCMOJIb3yeMmasl Jiis OOyYeHHs] U TECTUPOBaHHS MPHUMEP,
HEBpaJIbHOI ceT cocrosimeil n3 50 HabopoB 3THX 26 3armaBHBIX OykB, M obmero konmdectBa 1300 m3o0Opaxke-
HuH(006pa3oB). N300paxkenus, MOKa3aHHbIE 3/1€Ch - YaCTh 3TON 0a3bl JAHHBIX.

For this demonstration, the neural network will be designed for an arbitrary task: determine
which of the 10x10 images contains a vowel, i.e., A, E, I, O, or U. This may not have any practi-
cal application, but it does illustrate the ability of the neural network to learn very abstract pat-
tern recognition problems. By including ten examples of each letter in the training set, the net-
work will (hopefully) learn the key features that distinguish the target from the nontarget images.

Jlnst aTOM neMOHCTpanuu, HEBpaibHas CeTh OyneT pa3paboTaHa(mpeaHa3HAYeHA) IJIs TPOHU3-
BOJIBHOH 3aJjaud: OINpenenTe, KOTOphlil u3 wm3o0paxkeHus(oopaser) 10x10 comepxkar enachule,
TO ecTh, A, E, I, O, mim U. DTo HE MOKET UMETh JIF0O0E MPAKTHIECKOE MPUIIOKEHHE, HO 3TO WJI-
JTIOCTPUPYET CIMOCOOHOCTh HEBPAIBHOW CETH, YTOOBI M3yYHUTh OYEHb a0CTPAKTHBIC MPOOIEMBI
pacro3HaBaHusl 00pa30B. BKiroueHHeM JecsTH MPUMEPOB KaKI0TO CHMBOJIAa B HAOOp 00y4eHwMs,
cet (0OHAJEKMBAIOIIE) U3YUYUT TJIABHBIE OCOOEHHOCTH, KOTOPHIE OTIMYAIOT aapecara OT Helle-
JeBbIX U300paxeHui(o0pazoB).

The neural network used in this example is the traditional three-layer, fully interconnected archi-
tecture, as shown in Figs. 26-5 and 26-6. There are 101 nodes in the input layer (100 pixel values
plus a bias node), 10 nodes in the hidden layer, and 1 node in the output layer. When a 100 pixel
image is applied to the input of the network, we want the output value to be close to one if a
vowel is present, and near zero if a vowel is not present. Don't be worried that the input signal
was acquired as a two-dimensional array (10x10), while the input to the neural network is a one-
dimensional array. This is your understanding of how the pixel values are interrelated; the neural
network will find relationships of its own.

HespanbHas ceTh, HCHIOIB3yEeMasi B 3TOM NPUMEPE TPAIUIIMOHHA C TPEMSI YPOBHSAMH, IIOJHOCTBIO
CBSI3aHHAsl APXUTEKTypa, KaK MOKa3aHO B puc. 26-5 u 26-6. Nmerorcs 101 y3en Bo BXOAHOM
ypoBHe (100 3HaueHuni MUKCENIOB IUIIOC y3€i cMelleHus), 10 y3/10B B CKpHITOM YPOBHE, U 1 y3en
B ypoBHe npoaykiuu(Beixoaa). Korma 100 uzobpaxenuii(oOpasa) mukcena MpUMEHSETCS K BBO-
JIy CETH, MBI XOTUM, YTOOBI 3HAaYCHHE MPOAYKIUH(BbIX0/1a) ObIIO OJIM3KO K eduHuye, €Cly riiac-
HBII IPUCYTCTBYET, U OKOJIO HYJA, €CIIU TJIACHBIN - He HacTodlee. He OyabpTe B3BOJIHOBaHbBI, YTO
BXOZHOI curHain Obu1 mpuodpereH kak aByMmepHbIil MmaccuB (10x10), B To BpeMs Kak BBOJ K HEB-
paJbHOM CETH - OOHOMEPHBIA MAacCuB. DTO - Ballle TIOHUMAHUE TOTO, KaK 3HAYEHUs IHKCENa
B3aMMO/ICHCTBYIOT; HEBpAJIbHAS CETh HAWJET OTHOILECHUS €€ COOCTBEHHBIMHU.

Table 26-2 shows the main program for calculating the neural network weights, with Table 26-3
containing three subroutines called from the main program. The array elements: X1[1] through
X1[100], hold the input layer values. In addition, X1[101] always holds a value of 1, providing
the input to the bias node. The output values from the hidden nodes are contained in the array
elements: X2[1] through X2[10]. The variable, X3, contains the network's output value. The
weights of the hidden layer are contained in the array, WH] , ], where the first index identifies
the hidden node (1 to 10), and the second index is the input layer node (1 to 101). The weights of
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the output layer are held in WO[ 1] to WO[10]. This makes a total of 1020 weight values that de-
fine how the network will operate.

B taGnume 26-2 mokazaHa OCHOBHAsI IIporpamMma Jjis BEIYHCICHUS HEBPAJIbHBIX CETEBHIX BECOB,
¢ Tabnuueit 26-3 coaepxKamuili TpU NOAIPOTrPaMMBI, BEI3bIBAEMbIE OCHOBHOMW MPOrpaMMoi. Jiie-
MeHThl MaccuBa: X1[1] uepe3 X1[100], mpoBoauT(Aep>KUT) BXOAHBIC 3HAYEHUsT ypoBH. Kpome
toro, X1[101] Bcerna xpanut 3HaueHue 1, obecrieunBas BBOJ K y3JIy CMELICHUs. 3HAUEHUS TPO-
TyKIUU(BBIXOJIa) OT CKPBITHIX Y3JIOB COJAEpkKaTcsi B djemMeHTax MaccuBa: X2[1] gepes X2[10].
[lepemennas, X3, comepKUT 3HAUEHHE NMPOAYKLUMHU(BBIX0/a) ceTu. Beca CKpbITOro ypoBHs co-
nepkarcst B Maccue, WHY, |, rie mepBblii HHIEKC HACHTUPHUIIUPYET CKPBITHIN y3en (ot 1 mo0 10),
U BTOpPOM MHAEKC - BXOAHOW y3en ypoBHA (oT 1 mo 101). Beca u3 ypoBHS BbIXOza HpoBEAC-
sei(moanepkanb) B WO[1] k WO[10]. Do aemaer obmiee konuuectBo u3 1020 3HavueHuit Beca,
KOTOpBIE ONPEACTSAIOT, KaK CeTh OyIeT onepupoBaTh(padoTaTh).

100 NEURAL NETWORK TRAINING (Determination of weights)
110"

120 'INITIALIZE

130 MU =.000005 'iteration step size

140 DIM X1[101] 'holds the input layer signal + bias term

150 DIM X2[10] 'holds the hidden layer signal

160 DIM WHJ10,101] 'holds hidden layer weights

170 DIM WO[10] 'holds output layer weights

180"

190 FOR H% =1 TO 10 'SET WEIGHTS TO RANDOM VALUES
200 WO[H%] = (RND-0.5) 'output layer weights: -0.5 to 0.5

210 FOR 1% =1 TO 101 'hidden layer weights: -0.0005 to 0.0005
220 WH[H%,1%] = (RND-0.5)/1000

230 NEXT 1%

240 NEXT H%

250"

260 "'ITERATION LOOP

270 FOR ITER% = 1 TO 800 'loop for 800 iterations

280"

290 ESUM = 0 'clear the error accumulator, ESUM

300"

310 FOR LETTER% =1 TO 260 'loop for each letter in the training set
320 GOSUB 1000 'load X1[ ] with training set

330 GOSUB 2000 'find the error for this letter, ELET

340 ESUM = ESUM + ELET”2 'accumulate error for this iteration
350 GOSUB 3000 'find the new weights

360 NEXT LETTER%

370"

380 PRINT ITER% ESUM 'print the progress to the video screen
390"

400 NEXT ITER%

410"

420 GOSUB XXXX 'mythical subroutine to save the weights

430 END

TABLE 26-2

The first action of the program is to set each weight to an arbitrary initial value by using a ran-
dom number generator. As shown in lines 190 to 240, the hidden layer weights are assigned ini-
tial values between -0.0005 and 0.0005, while the output layer weights are between -0.5 and 0.5.
These ranges are chosen to be the same order of magnitude that the final weights must be. This is
based on: (1) the range of values in the input signal, (2) the number of inputs summed at each
node, and (3) the range of values over which the sigmoid is active, an input of about , and an
output of 0 to 1. For instance, when 101 & 5 <x <5 inputs with a typical value of 100 are multi-
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plied by the typical weight value of 0.0002, the sum of the products is about 2, which is in the
active range of the sigmoid's input.

[TepBoe neiicTBUE MPOrpaMMBbI JOKHO YCTAaHOBUTH KaX bl BEC B IPOM3BOJILHOE MTEPBOHAYAIIb-
HOE 3HauY€HUE, HCHOJb3Yys T'eHepaTop ciydaiiHoro uucia. Kak mokazano B ctpokax ot 190 no
240, ckpbIThIE BECa YPOBHS - HA3HAYEHHBIE NTEpBOHAaYalIbHbIC 3HaueHUs Mexay -0.0005 u 0.0005,
B TO BpeMs KaK Beca YPOBHS MPOAYKIUH(BBIX0aa) - Mexkay -0.5 u 0.5. DT auama3oHbl BeIOpa-
HBI, YTOOBI OBITH TEM € CaMbIM MOPSAIKOM BEJIIMYMHBI, YTO KOHEUHbIE BeCa JIOJKHBI ObITh. DTO
OCHOBaHO Ha: (1) quana3oHe 3HaUYEHUI BO BXOJHOM CHUTHaje, (2) 4uCiI0 BBOJOB, CYMMHUPOBAH-
HBIX B KaXJIOM y3Je, u (3) Auana3oHe 3Ha4€HUH, 0 KOTOPHIM CUTMOMJIAIbHAsI KpUBAsi SABIISAETCS
AKTUBHOM, BBOJI OTHOCUTEIIbHO, U IpoayKuus(Bsixon) ot 0 go 1. Hanpumep, korga 101 u 5 <x <
5 BBOJOB C TUIUYHBIM 3HaueHueM 100 ymHOXeHbI Ha TUnMyHOe 3HadyeHue Beca 0.0002, cymma
U3JIeMHiA(TIPOAYKTOB) - MPUOIUZUTENHHO 2, KOTOpAsk HAXOMUTCS B aKTUBHOM JHMAaIra3oHEe BBOJA
CUTMOUJIaJIbHOW KPUBOM.

If we evaluated the performance of the neural network using these random weights, we would
expect it to be the same as random guessing. The learning algorithm improves the performance
of the network by gradually changing each weight in the proper direction. This is called an itera-
tive procedure, and is controlled in the program by the FOR-NEXT loop in lines 270-400. Each
iteration makes the weights slightly more efficient at separating the target from the nontarget ex-
amples. The iteration loop is usually carried out until no further improvement is being made. In
typical neural networks, this may be anywhere from ten to ten-thousand iterations, but a few
hundred is common. This example carries out 800 iterations.

Ecnu 661 Mbl onieHnM 3 PEeKTUBHOCT HEBPAIBHOM CETH, MCIIONB3Ysl OTU CIydallHbIe Beca, Mbl
OKUJau Obl, 4TO 3TO OYJIET TEM e caMblil KaK clyyaiiHOe MpeArnoaoxkeHue. AJIroputM o0yde-
HUS yay4maeT 3QQPeKTUBHOCTh CETH, TMOCTENICHHO M3MEHssI KaXIblii BeC B HAJAJEKAIEM Ha-
MPaBJICHUU. DTO HA3bIBACTCS UTEPANMOHHOM TIPOLEAYypOr, U yrpasiseTcss B nmporpamme FOR-
NEXT nuknom B crpokax 270-400. Kaxxnast utepanus nenaer Beca cierka 6omnee 3QPeKTUBHBI-
MU TpU OTJEICHUU LENEBbIX OT HELEJIEeBhIX NpuMepoB. MTepaTuBHBIN LUK OOBIYHO BBIMOJIHS-
eTcsl, IOKa HUKAKOoe JajlbHelIIee yTOUHeHHE He CAEIaHO. B TUMUYHBIX HEBPAJIbHBIX CETSIX, 3TO
MOJKET OBbITh IIe-HUOYb OT JIECATHU JI0 JIECATHU THICSY UTEpalrid, HO OOBIYHO HECKOJIBKO COTEH.
B stoMm nmpumepe Beimomnusiercs 800 ureparuii.

In order for this iterative strategy to work, there must be a single parameter that describes how
well the system is currently performing. The variable ESUM (for error sum) serves this function
in the program. The first action inside the iteration loop is to set ESUM to zero (line 290) so that
it can be used as an accumulator. At the end of each iteration, the value of ESUM is printed to
the video screen (line 380), so that the operator can insure that progress is being made. The value
of ESUM will start high, and gradually decrease as the neural network is trained to recognize the
targets. Figure 26-9 shows examples of how ESUM decreases as the iterations proceed.

Jlnist 3TOM nTepanoHHON cTpaTeru padoTaTh, JOHKEH MMEThCS €AUHCTBEHHBIN Mapamerp, Ko-
TOPBIM OMHCHIBAET, KAK XOPOIIO CUCTEMa B Hacrtosllee Bpems BoinoaHsaeT. [lepemennas ESUM
(cymma ommbOkH) o0ciaykuBaeT 3Ty (QYHKUHUIO B mporpamme. [lepBoe neiicTBue BHYTpU HTEpa-
THBHOTO IUKJIA JOJKHO 3acTaBuTh ESUM o0HymsThCS (cTpoka 290) Tak, YTOOBI 3TO MOTJIO HC-
II0JIb30BaThCsl KAk cyMMarop. B koHue kaxnoil ntepaunu, 3HaueHne ESUM naneuaTaHo Ha 9k-
pan Buzmeo (ctpoka 380), Tak, 4YTOOBI oOmepaTop MOT OOecCHedYrBaTh, YTOOBI TMPOIABHNKE-
Hue(mporpecc) O6but0 crenano. 3Hauenne ESUM HayHeTCsl BRICOKO, M TOCTETICHHO YMEHBIIATh-
Cs1, TIOCKOJIbKY HEBpajbHasi CeTh 00ydeHa, YTOObl MpU3HATh aapecatoB. PucyHOk 26-9 mokassi-
BaeT MpumMep Toro, kak ymenbueHuss ESUM, nockoiabKy utepanuu npoaoiKarTCs.
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All 260 images in the training set are evaluated during each iteration, as controlled by the FOR-
NEXT loop in lines 310-360. Subroutine 1000 is used to retrieve images from the database of
examples. Since this is not something of particular interest here, we will only describe the pa-
rameters passed to and from this subroutine. Subroutine 1000 is entered with the parameter,
LETTER%, being between 1 and 260. Upon return, the input node values, X1[1] to X1[100],
contain the pixel values for the image in the database corresponding to LETTER%. The bias
node value, X1[101], is always returned with a constant value of one. Subroutine 1000 also re-
turns another parameter, CORRECT. This contains the desired output value of the network for
this particular letter. That is, if the letter in the image is a vowel, CORRECT will be returned
with a value of one. If the letter in the image is not a vowel, CORRECT will be returned with a
value of zero.

Bce 260 nzobpaxenuii(oOpa3oB) B Habope 0Oy4eHUS OILCHEHBI B TEUEHUE KaXIOH HTeparud,
Kak yrpaBJisieTcst Juis cieayroniero uukia B crpokax 310-360. [Hognporpamma 1000 ucnonb3y-
eTcs, 4YTOObl BOCCTAaHOBHUTH(OTHICKATh) M300paxeHus(00pasbl) OT 6a3bl JaHHBIX NpUMEpPOB. Tak
KaK 3TO 3/1eCh HEe KOe-4TO CIenu(UYecKoro HHTepeca, Mbl TOJIbKO OMUILEM Iepeaady mapameT-
poB K u oT 3Toi noanporpammel. [lognporpamma 1000 BBeaena ¢ napamerpoMm, LETTER%, Ha-
xoasumMes mexay 1 u 260. [Tocne Bo3BpanieHus, BXoaHble 3HaueHus y3ia, X1[1] k X1[100],
coJepKaT 3HaueHUs MuKcena Uil u3o0paxkeHus(oOpasa) B 0a3ze JaHHBIX, COOTBETCTBYIOIICH
LETTER %. 3nauenue y3na cmemenusi, X1[101], Bcerma Bo3Bpaiaercsi ¢ MOCTOSSHHBIM 3Haye-
HueM eounuya. [lognporpamma 1000 taxke BosBpamiaer Apyroi mapametp, CORRECT. Dto
COJICPKUT KeJlaTeJIbHOE 3HAUCHHE MPOIYKIMH(BBIXOJAa) CETH AJIS ATOr0 CHenu(pUIECcKOro CUM-
Bosia. To ecTh ecnu cuMBOI B u300paskeHnu(oopase) - rmacusiii, CORRECT Oyzner Bo3BpaiieH
CO 3HaueHHeM eounuya. Ecnu cumBon B nzoOpaxkenun(oopase) - He, riacHbeiii, CORRECT 0y-
JIeT BO3BPAILLECH CO 3HAYCHUEM HYJIA.

After the image being worked on is loaded into X1[1] through X1[100], subroutine 2000 passes
the data through the current neural network to produce the output node value, X3. In other
words, subroutine 2000 is the same as the program in Table 26-1, except for a different number
of nodes in each layer. This subroutine also calculates how well the current network identifies
the letter as a target or a nontarget. In line 2210, the variable ELET (for error-letter) is calculated
as the difference between the output value actually generated, X3, and the desired value,
CORRECT. This makes ELET a value between -1 and 1. All of the 260 values for ELET are
combined (line 340) to form ESUM, the total squared error of the network for the entire training
set.

[Tocne Toro, kak nzobpakeHue(odpas), HaJ KOTOPHIM pa3padaThIBatOT 3arpykeHo B X1[1] uepes
X1[100], mogmporpamma, 2000 mepenaer maHHbIE 4Yepe3 TEKYIIyI0 HEBPAJIbHYIO CETh, YTOOBI
IIPOU3BECTH 3HAUEHUE Yy3J1a MPOLYKIMH(BbIX0aa), X3. Ipyrumu cioBamu, noanporpamma 2000 -
TOT K€ CaMbIi KaK mporpamMma B Tadmuie 26-1, eciu ObI HE pa3IMYHOE YKCIIO y3JI0B B KOXKIOM
ypoOBHE. DTa MOANPOrpaMMa TaKKE BBIYHCISLET, KaK XOPOIIO TEKyIas CeTb WACHTU(DUIIUPYET
CHUMBOJI Kak IieieBoi uinu HereneBoi. B ctpoke 2210, mepemennas ELET (ans cumBosa ommo6-
KH) paccuuTaHa Kak pa3HOCTh MEXIY 3HaYCHHEM MPOAYKIUH(BbIX0/a), (PaKTUYECKH CTeHEepUpO-
BaHHBIM, X3, u TpeOyembiM 3HaueHueM, CORRECT. Oto nenaer ELET 3nauenuem mexnay -1 u
1. Bee 260 3nauenuit ans ELET o6bwenunens! (ctpoka 340) uto6sl popmupoBats ESUM, obmee
KOJIMYECTBO BO3BE/ICHHAS B KBaJIpaT OIIMOKA CETH ISl TIOJTHOTO Habopa oOy4eHHS.

Line 2220 shows an option that is often included when calculating the error: assigning a different
importance to the errors for targets and nontargets. For example, recall the cancer example pre-
sented earlier in this chapter, and the consequences of making a false-positive error versus a
false-negative error. In the present example, we will arbitrarily declare that the error in detecting
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a target is five times as bad as the error in detecting a nontarget. In effect, this tells the network to
do a better job with the targets, even if it hurts the performance of the nontargets.

Crpoxka 2220 moka3bIBaeT OIIINI0, KOTOpas 9acTO BKJIIOYAETCS MPU BHIUMCICHUU ONIMOKHW: Ha-
3HAYCHUE pa3Iu4HOl BAXXHOCTH K OIIMOKaM /IS LIeJIeBBIX U HeHelleneBbIX. Hampumep, moBTOpHO
BBI30BUTE NIPUMEP paka, MPECTABICHHBIN paHee B 3TOH I1aBe, U MOCIEACTBUAX CO3AAHUS JIOXK-
HOTIOJIOKUTEILHON OIIMOKH MPOTHB JIOXKHOOTPULIATETILHON OIIMOKHU. B mpencTaBieHHOM MpH-
Mepe, MbI IPOU3BOJILHO 00BSBUM, YTO OIIMOKA B OOHAPY>KEHUU ajjpecaTa - B IATh pa3 XyxkKe ueM
omuOKa B 00OHapyKeHUU Heaapecara. B 1edCTBUTEIBHOCTH, 3TO COOOIAET CETH AeNaTh JTy4lliee
3aJJaHue C LEISIMH, JaXKe eCIH 3TO MoBpekaaeT 3H(PeKTUBHOCTD HElleNeH.

1000 'SUBROUTINE TO LOAD X1[ ] WITH IMAGES FROM THE DATABASE
1010 "Variables entering routine: LETTER%

1020 'Variables exiting routine: X1[1] to X1[100], X1[101] =1, CORRECT

1030

1040 'The variable, LETTER%, between 1 and 260, indicates which image in the database is to be
1050 'returned in X1[1] to X1[100]. The bias node, X1[101], always has a value of one. The variable,
1060 'CORRECT, has a value of one if the image being returned is a vowel, and zero otherwise.
1070 '(The details of this subroutine are unimportant, and not listed here).

1900 RETURN

2000 'SUBROUTINE TO CALCULATE THE ERROR WITH THE CURRENT WEIGHTS
2010 "Variables entering routine: X1[ ], X2[ ], WI[ , ], WH[ ], CORRECT

2020 "Variables exiting routine: ELET

2030

2040 ' 'FIND THE HIDDEN NODE VALUES, X2[ ]

2050 FOR H% =1 TO 10 'loop for each hidden nodes

2060 ACC = 0 'clear the accumulator

2070 FOR 1% =1 TO 101 'weight and sum each input node

2080 ACC = ACC + X1[1%] * WH[H%,1%]

2090 NEXT 1%

2100 X2[H%] =1/ (1 + EXP(-ACC) ) 'pass summed value through sigmoid

2110 NEXT H%

2120

2130 "' 'FIND THE OUTPUT VALUE: X3

2140 ACC =0 'clear the accumulator

2150 FOR H% =1 TO 10 'weight and sum each hidden node

2160 ACC = ACC + X2[H%] * WO[H%]

2170 NEXT H%

2180 X3 =1/(1 + EXP(-ACC) ) 'pass summed value through sigmoid

2190

2200 ' 'FIND ERROR FOR THIS LETTER, ELET

2210 ELET = (CORRECT - X3) 'find the error

2220 IF CORRECT =1 THEN ELET = ELET*S 'give extra weight to targets
2230

2240 RETURN

3000 'SUBROUTINE TO FIND NEW WEIGHTS

3010 'Variables entering routine: X1[ ], X2[ ], X3, WI[, ], WH[ ], ELET, MU

3020 'Variables exiting routine: WI[ , ], WH] ]

3030

3040 ' 'FIND NEW WEIGHTS FOR INPUT NODES

3050 FORH% =1TO 10

3060 FOR 1% =1 TO 101

3070 SLOPEO = X3 * (1 - X3)

3080 SLOPEH = X2(H%) * (1 - X2[H%])

3090 DX3DW = X1[1%] * SLOPEH * WO[H%] * SLOPEO

3100 WH[H%,1%] = WH[H%,1%] + DX3DW * ELET * MU

3110 NEXT 1%

3120 NEXT H%

3130

3140 ' 'FIND NEW WEIGHTS FOR HIDDEN NODES
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3150 FOR H% =1 TO 10
3160 SLOPEO = X3 * (1 - X3)

3170 DX3DW = X2[H%] * SLOPEO

3180 WO[H%] = WO[H%] + DX3DW * ELET * MU
3190 NEXT H%

3200

3210 RETURN

TABLE 26-3

Subroutine 3000 is the heart of the neural network strategy, the algorithm for changing the
weights on each iteration. We will use an analogy to explain the underlying mathematics. Con-
sider the predicament of a military paratrooper dropped behind enemy lines. He parachutes to the
ground in unfamiliar territory, only to find it is so dark he can't see more than a few feet away.
His orders are to proceed to the bottom of the nearest valley to begin the remainder of his mis-
sion. The problem is, without being able to see more than a few feet, how does he make his way
to the valley floor? Put another way, he needs an algorithm to adjust his x and y position on the
earth's surface in order to minimize his elevation. This is analogous to the problem of adjusting
the neural network weights, such that the network's error, ESUM, is minimized.

Ionmporpamma 3000 - ocHOBa(cep/le) HEBPaIbHOM CETEBOM CTpaTeruu, alfOPUTM Il U3MEHe-
HUS BECOB Ha KaXXJI0U uTepanuu. YToObl OOBSICHUTH OCHOBHYIO MaT€MaTHKY, MBI OyJIeM UCIIOJIb-
30BaTh aHAJIOIHIO. PaccCMOTpUTE 3aTpyAHUTEIBHOE MOJIO)KEHUE BOEHHOI'O MAapalllOTHCTA, CITyC-
TUBLIETOCS MO033JA1 BPAXKECKUX JUHUA. OH NMpU3EeMIIUICS Ha HE3HAKOMOW TEPPUTOPHUU, BOKPYT
HACTOJIbKO TEMHO, YTO OH HE MOKET BUJIETh Ha paccTosiHUE OoJiblle HeckoabKux (yToB. Ero 3a-
JIAHWE COCTOUT B TOM, YTOOBI MEPEUTH B CaMyl0 HIDKHIOIO TOUKY OJFDKaiIIeil TONWHBI, YTOOBI
HayaTh OCTaBLIYIOCA 4acTh ero Muccuu. [IpoGiema B ToM, Kak eMy HalTH IyTh K CaMOMY HU3Y
JIOJIMHBI, HE MMes BO3MOXXHOCTH BHJIETh OOJbIIE YeM Ha HECKONbKO (QyToB? M3maras apyrum
0o0pa3oM, OH HY’KIAeTCsl B aJIrOPUTME, YTOOBI KOPPEKTUPOBAThH €ro MO3MIHMIO X U Y Ha MOBEpX-
HOCTH 3€MJIH, YTOOBI MUHUMUZUPOBAMb €TO TIOBBILIEHHE. DTO aHAJOTUYHO MPOoOIeMe KOPPEKTH-
POBKH HEBPAJIbHBIX CETEBBIX BECOB, TAKOW KaK, MUHUMU3KUpOBaHue omnOku cet, ESUM.

We will look at two algorithms to solve this problem: evolution and steepest descent. In evolu-
tion, the paratrooper takes a flying jump in some random direction. If the new elevation is higher
than the previous, he curses and returns to his starting location, where he tries again. If the new
elevation is lower, he feels a measure of success, and repeats the process from the new location.
Eventually he will reach the bottom of the valley, although in a very inefficient and haphazard
path. This method is called evolution because it is the same type of algorithm employed by na-
ture in biological evolution. Each new generation of a species has random variations from the
previous. If these differences are of benefit to the species, they are more likely to be retained and
passed to the next generation. This is a result of the improvement allowing the animal to receive
more food, escape its enemies, produce more offspring, etc. If the new trait is detrimental, the
disadvantaged animal becomes lunch for some predator, and the variation is discarded. In this
sense, each new generation is an iteration of the evolutionary optimization procedure.

YroObl pemnTh 3Ty MpodsieMy, Mbl pACCMOTPUM JIBa aJITOPUTMA: IBOJIIOLMS U cCaMblii KPyTOii
cimyck. [Tpu sBosronny, MapamoTUCT NEPEXOAUT B HEKOTOPOM CIIy4YallHOM HarpaBiieHuU. Eciu
HOBOE TOBBILLIEHUE 8blUle, YEM TIPEAbIIYIIEE, OH MPOKIMHAET BCE U BO3BPAIAETCS B CTAPTOBOE
pacnosoxkeHue, 1 oH npoOyeT cHoBa. Eciu HOBoOe moBkIlIeHUE 0oJiee Hu3Koe, OH UyBCTBYET Me-
py ycmexa, ¥ HOBTOPSIET MPOLIECC OT HOBOTO PACIOJIOKEHUs. B KOHEYHOM cuere OH JOCTUTHET
OCHOBaHHS JIOJHMHBI, XOTs O4YeHb HEAIP(EKTUBHBIM M CIydalHBIM(OE3CHCTEMHBIM) CIIOCOOOM.
DTOT METOJI Ha3bIBACTCS 280t0YUeli, TOTOMY YTO 3TO TOT K€ CaMblil THN aJlrOPUTMa, KOTOPHIN
HCIIONB3YETCSl MPUPOION B OMosiorudeckoi sBomonuu. Kaxkoe HoOBoe TTOKOJIGHHE Pa3HOBUIHO-
CTU MMEET CIydailHble BapHaluu OT Mmpeapiayniero. Eciu 3Tu pa3nuyus MOJe3HbI s pa3Ho-
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BUJHOCTH, OHU, OoJiee BEpPOATHO, OYIyT COXPAHEHBI W TEpeNaHbl CIeAYIONIEMY MOKOJICHHUIO.
OT0 - pe3ynbTaT YTOYHEHHUS, MTO3BOJISIIOIINN KUBOTHOMY MOJIYYUTh OOJIbIIEe KOJIUYECTBO IMPO-
JIOBOJILCTBUS, YXOJIUTH OT €r0 BParoB, MPOU3BOIUTE OOJBIIIEEe KOIUIECTBO MOTOMKOB, U T.1. Ec-
JIM HOBasl YepTa BpeAHA, JIMIICHHOE MPUBUWIETHI KUBOTHOE CTAHOBUTCS 3aBTPAKOM JJIsi HEKOTO-
pOTO XUIIHUKA, U BapHalks OTBEPrHyTa. B 3TOM cMmbIciie, Kaxk/10€ HOBOE MTOKOJICHHUE - UTEPALIHS
3BOJIIOLIMOHHOM MPOLIEyphl ONTUMH3AIIH.

When evolution is used as the training algorithm, each weight in the neural network is slightly
changed by adding the value from a random number generator. If the modified weights make a
better network (i.e., a lower value for ESUM), the changes are retained, otherwise they are dis-
carded. While this works, it is very slow in converging. This is the jargon used to describe that
continual improvement is being made toward an optimal solution (the bottom of the valley). In
simpler terms, the program is going to need days to reach a solution, rather than minutes or
hours.

Korpma sBomronys ucnoyib3yeTcsi Kak 00yJaroniuiicsi alrOpUTM, KaKIbIii BEC B HEBPAIBHOU CETH
CJIeTKa M3MEHEH, NpHOaBJICHUEM 3HAUEHHs OT reHepaTopa ciydaiHoro yucia. Eciu uzmense-
MBbIE Beca JIeNIaloT CEeTh Jyulne, (To ecTh, Oonee Hu3Kkoe 3HaueHue st ESUM) u3MeHnenust co-
XpaHAIOTCSI, MHaYe OHU OTBEPTHYTHI. B TO Bpems Kak 3TO paboTaeT, 3TO - OYEHb MEIJICHHO B
CXO0KAeHUM. DTO - KaproH, UCIIOJIb3YEMbIH I OMMCAHUS, YTO HETIPEPHIBHOE YTOUHEHUE JOJK-
HO OBITh CJEJIaHO IS ONITUMATBHOTO pelieHus (TIepedTH K OCHOBAHUIO JIOJIMHEI). B Gornee mpo-
CTBIX TEPMHHAX, IPOrpaMMa COOMPAETCS HYKIAThCS B JHIX, YTOOBI JOCTUTHYTh PEIICHHUs, CKO-
peC 4CM B MUHYTAX WUJIN Yacax.

Fortunately, the steepest descent algorithm is much faster. This is how the paratrooper would
naturally respond: evaluate which way is downhill, and move in that direction. Think about the
situation this way. The paratrooper can move one step to the north, and record the change in ele-
vation. After returning to his original position, he can take one step to the east, and record that
elevation change. Using these two values, he can determine which direction is downhill. Suppose
the paratrooper drops 10 cm when he moves one step in the northern direction, and drops 20 cm
when he moves one step in the eastern direction. To travel directly downhill, he needs to move
along each axis an amount proportional to the slope along that axis. In this case, he might move
north by 10 steps and east by 20 steps. This moves him down the steepest part of the slope a dis-

tance of ¥'" " =" = 224 gteps. Alternatively, he could move in a straight line to the new location,
22.4 steps along the diagonal. The key point is: the steepest descent is achieved by moving along
each axis a distance proportional to the slope along that axis.

K cuactelo, anroput™ maubonee kpymozo cnycka - HAMHOTO ObICTpee. DTO TO, KaK MapalIoTHCT
€CTECTBEHHO OTBETHJI ObI: OLIEHUTbh, KOTOPBIA MYyTh SIBISECTCS Oosee KpYymuvlM CHYCKOM, W TIepe-
MEILAaThCsl B TOM HanpasieHuu. O0ymMaiTe MogoKeHUsI(CUTyal o) 3TuM nyTeM. [lapanrtotict
MOXET cIeNlaTh OJMH LIar Ha CeBEp, U 3alucaTh H3MEHEHHE B MOBBIIICHUH. [lociie Bo3BpamieHus
B €r0 MEePBOHAYAIBHYIO MO3UIUI0, OH MOXET C/IeaTh OAMH IIar Ha BOCTOK, ¥ 3alucaTh 3TO U3-
MEHEHHUS TOBBIIIECHNA. VICTIONb3ys 3TH Ba 3HAYCHHSI, OH MOXET OIPEIe/IUTh, KOTOPOE HaIpaB-
JeHue sBisgeTcs: 0ojiee KpyThIM cIyckoM. ITpenamnonoxuM cCHUKEHHE NapallloTUCTa, KOTrJa OH
NEepEMEIIAETCs Ha OJUH 1Iar B ceBepHOM HampasieHuu 10 cM, u 20 cM, Korja oH nepemeraercs
Ha OJIMH LIar B BOCTOYHOM HampaBieHUU. YToObI nepemMeIaThCsi B HalpaBI€HUU CaMOro KpyTo-
r'0 CIYCKa, OH JIOJDKEH MEPEMECTUTHCS BIOJIb KaKJOW OCH MPOIMOPIHOHAIBHO K HAKIOHY IO TOM
ocu. B aTom cirydae, on mor Ob1 nipoiiTu 10 maroB Ha ceBep u 20 m1aroB Ha BOCTOK. DTO Tiepe-
MEIIAET €ro BHU3 CaMOi KPyTOi YacTh HakiaoHa Ha paccrosaue¥ ' =" = <4 maros. Ambrep-
HATUBHO, OH MOT I€peMeIlaThCs M0 NPSAMON JMHUU K HOBOMY PACIIOJIOKEHHIO, MO0 TUArOHAJIH.
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KittoueBoil mMyHKT: caMblil KpyTO#l CIIyCK TOCTUTHYT, HNEPEMEIIAsch MO KaXK10i OCH MPOIOPLHO-

HaJIbHO PACCTOSIHUS K HAKJIOHY 10 TOM OCH.
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Subroutine 3000 implements this same steepest decent algorithm for the network weights. Before
entering subroutine 3000, one of the example images has been applied to the input layer, and the
information propagated to the output. This means that the values for: X1[ ], X2[ ] and X3 are all
specified, as well as the current weight values: WH][ , ] and WO ]. In addition, we know the er-
ror the network produces for this particular image, ELET. The hidden layer weights are updated
in lines 3050 to 3120, while the output layer weights are modified in lines 3150 to 3190. This is
done by calculating the slope for each weight, and then changing each weight by an amount
proportional to that slope. In the paratrooper case, the slope along an axis is found by moving a
small distance along the axis (say, Ax), measuring the change in elevation (say, AE), and then
dividing the two (AE/Ax). The slope of a neural network weight can be found in this same way:
add a small increment to the weight value (Aw), find the resulting change in the output signal
(AX3), and divide the two (AX3/Aw). Later in this chapter we will look at an example that calcu-
lates the slope this way. However, in the present example we will use a more efficient method.

[Hoanporpamma 3000 peanuzanus TOro )e caMoro ajaropuTM CaMoro KpyTOro 3KCUEHTPUYHOIO
crycka Juisi ceTeBbIX BecoB. [lepen BBomom moamporpamMmbl 3000, oqHO M3 M300pakKeHHUMN TpH-
Mepa IPUMEHUIIOCH K BXOJHOMY YPOBHIO, U HH(GOPMAIIUHU, PA3MHOKEHHOW K BBIXOAY. JTO O3HA-
yaet yTo 3HaueHus nis: X1[ ], X2[ ] m X3 Bce onpeaesneHsbl, TaKkKe Kak TEKylIMe 3HaUYECHUsI Beca:
WHI[,] u# WO[ ]. Kpome Toro, Mbl 3HaeM OIIMOKY, CETh MPOU3BOIMUT JJISi ITOTO YACTHOTO H30-
opaxenus, ELET. CkpoiTeie Beca ypoBHs MoauduiupoBansl B ctpokax ot 3050 mo 3120, B TO
BpeMsl KaK Beca YpOBHS BBIX0/1a U3MEHAIOTCS B cTpokax oT 3150 go 3190. Oto caenaHo, BbIUMC-
JIs11 HAKJIOH TSl KaX/I0TO Beca, M 3aTeM HM3MEHsIsI KaX/blil BeC MPOMOPIUOHATBEHO KOJIUYECTBY
TOTO HakJIoHa. B cilyyae mapairoTucTa, HaKJIOH IO OCH HaiJieH, MepeMelias MaJleHbKoe pac-
CTOSTHHE TIO OCH (CKakeM, Ax), U3Mepsisi U3MEHEHHE B TOBBIMICHUH (CKakeM, AE), U 3aTeM pas-
nensst nBa (AE/Ax). HakiioH HEBpaJbHOTO CETEBOTO BECa MOXKET OBITh HAWJEH B OTOM TEM JKE
cambIM miyTeM: [IprbGaBhTe MalieHbKOE TpHUpalieHUe K 3HAYCHHUIO Beca (Aw), HaWIUTEe 3aKaHYH-
Baronieecs: U3MeHEeHne(3aMeHy) B CUTHaJIE IPOAYKIMHU(BBINTYCKa,BbIx0a) (AX3), u nenurech J1Ba
(AX3/Aw). Tlo3xe B TOM r1aBe MBI PACCMOTPUM MPUMEP, B KOTOPOM HAKJIOH BBIYUCIISIETCS TUM
nyteM. OHaKoO, B CYIIECTBYIOIIEM IpUMEpPEe MbI Oy1eM UCIONIb30BaTh Oosee 3 (EeKTUBHBIN Me-
TO/I.

Earlier we said that the nonlinearity (the sigmoid) needs to be differentiable. Here is where we
will use this property. If we know the slope at each point on the nonlinearity, we can directly
write an equation for the slope of each weight (AX3/Aw) without actually having to perturb it.
Consider a specific weight, for example, WO[1], corresponding to the first input of the output
node. Look at the structure in Figs. 26-5 and 26-6, and ask: how will the output (X3) be affected
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if this particular weight (w) is changed slightly, but everything else is kept the same? The answer
1s:

Panee MbI ckazanu, 4TO HEIMHEHHOCTHh (CHTMOMIANbHAS KpUBasi) HOJKHA OBITh Ouggepenyu-
pyvemot. Imeercs, T1ie Mbl OyZieM HUCIONB30BaTh 3TO CBOWCTBO. ECM MBI 3HaeM HAKIIOH B Kax-
JIOM TOYKE HA HEJTMHEWHOCTH, Mbl MOXKEM HETIOCPEICTBEHHO 3aIUChIBATh YPaBHEHHE JJISl HAKJIIO-
Ha Kaxaoro Beca (AX3/Aw) 6e3 ¢dakTuuecku HEOOXOAUMOCTH TPEBOXHUTH 3TO. PaccMmoTpure
crnenuduueckuit Bec, Hampumep, WO[1], cOOTBETCTBYIOIIETO TMEPBOMY BBOJIY Y3JIa BBIXOJA.
CMmotpute Ha cTpyKTypy B Puc. 26-5 u 26-6, u cipocute: kak Ha BbIX0OA (X3) OymyT Bo3neicT-
BOBaTb, €CJIU ATOT crienuuIecKkuii Bec (W) clierka M3MeHEH, HO BCE OCTaIbHOE COXPAHIETCS TEM
e cambiM? OTBeT:

EQUATION 26-3 AX3 .
Slope of the output layer weights. This equation is written for the weight, ——— ~ X2 “J SLDPEQ
WOrl]. Aw

YPABHEHUE 26-3
Haxkson BecoB ypoBHS BBIXOAa. DTO ypaBHEHHE HAMMCAHO g Beca, WO[1].

where SLOPE is the first derivative of the output layer sigmoid, evaluated where we are operat-
ing on its curve. In other words, SLOPE describes how much the output of the sigmoid changes
in response to a change in the input to the sigmoid. From Eq. 26-2, SLOPE( can be calculated
from the current output value of the sigmoid, X3. This calculation is shown in line 3160. In line
3170, the slope for this weight is calculated via Eq. 26-3, and stored in the variable DX3DW
(i.e., AX3/Aw).

I'me SLOPEy - nepBast nmpou3BoHAas CUTMOUAAIBHON KpUBOM YPOBHSI BBIXO/A, OLIEHEHHOM, I'1ie
MBI paboTaeM(HMcroab3yeM) Ha ero kpuBou. Jpyrumu cioBamu, SLOPEp ommceiBaeT cKOJbKO
BBIX0/1a CUTMOMJIAJIbHBIX U3MEHEHUI B OTBET HAa M3MEHEHHE BO BBOJE K CUTMOMJAIbHOW KpHU-
BoH. Ot ypaBHenus 26-2, SLOPEp MoxeT ObITh pacCUMTaH OT TEKYIIETO 3HAUYCHUS BbIXOJA CHUT-
MOMJIaJIbHON KpUBOM, X3. DTO BhIUMCIIEHHE MOKa3bIBaeTcs B crpoke 3160. B crpoke 3170, Ha-
KJIOH JJISI 9TOTO Beca pacCuuTaH yepe3 ypaBHeHue 26-3, u coxpaHeH B nepemennoit DX3DW (to
ectb, AX3/Aw).

Using a similar analysis, the slope for a weight on the hidden layer, such as WH[1,1], can be
found by:

Hcnonb3ys mogoOHbIM aHanu3, HAKJIOH JUIS Beca Ha CKpbITOM ypoBHe, Thrma WH(1,1], moxer
OBITH HANIEH:

EQUATION 26-4

Slope of the hidden layer weights. This equation is A Y73
written for the weight, WHJ[1,1].
VPABHEHME 26-4 Aw
HakioH BecoB CKpBITOTO YpOBHsI. DTO ypaBHEHHE HanrcaHo st Beca, WH [1,1].

= XI[1] SLOPE,, WO[1] SLOPE,,

SLOPEy; is the first derivative of the hidden layer sigmoid, evaluated where we are operating on
its curve. The other values, X1[1] and WO[1], are simply constants that the weight change sees
as it makes its way to the output. In lines 3070 and 3080, the slopes of the sigmoids are calcu-
lated using Eq. 26-2. The slope of the hidden layer weight, DX3DW is calculated in line 3090
via Eq. 26-4.

SLOPEy; - nepBas npou3BOHAs CUTMOMJAJIbHOW KPUBOW CKPBITOTO YpOBHS, OLEHEHHOH, Ie
MBI paboTaeM Ha ero kpuBoil. Jlpyrue 3Hauenus, X1[1] 1 WO[ 1], sBasitoTcst IpOCTO KOHCTaHTA-

MH, KOTOPBIC U3MCHCHUC BCCa BUIAUT, IMOCKOJIBKY 3TO ACJIACT €ro IyThb K BBIXOLY. B CTpOKax
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3070 u 3080, HaKJIOHBI CUTMOUAAIBHBIX KPUBBIX PAaCCUMTaHBbl, UCIONb3Ysl ypaBHeHUE 26-2. Ha-
KJIOH CKpBITOro Beca ypoBHs, DX3DW paccuutan B ctpoke 3090 uepe3 ypaBHeHue 26-4.

Now that we know the slope of each of the weights, we can look at how each weight is changed
for the next iteration. The new value for each weight is found by taking the current weight, and
adding an amount that is proportional to the slope:

Tenepsp, korna Mbl 3Ha€M HAKJIOH Ka)KJIOTO U3 BECOB, MBI MOYKEM CMOTPETh, KaK KaX<JIbIi BEC U3-
MEHEeH Ui cienyoneil nrepanun. HoBoe 3HaueHue A7 KaXKI0r0 Beca HalJIeHo, Oepsi TeKYIIHUid
BEC, U NPUOABIIsAsA KOJINYECTBO, KOTOPOE SIBJISETCS MPONOPILMOHAIBHBIM K HAKIIOHY:

EQUATION 26-5

Updating the weights. Each of the weights is adjusted by adding AX3
an amount proportional to the slope of the weight. Woow = Wold ELET MU
YPABHEHUE 26-5 Aw

Oo6HoBneHne BecoB. Kaxxaplit U3 BECOB OTKOPPEKTHPOBAH, MPHOABIAA K TEKYIIEMY BECYy KOIHYECTBO MPOIOPIIHO-
HAJIbHO HAKJIOHY.

This calculation is carried out in line 3100 for the hidden layer, and line 3180 for the output
layer. The proportionality constant consists of two factors, ELET, the error of the network for
this particular input, and MU, a constant set at the beginning of the program. To understand the
need for ELET in this calculation, imagine that an image placed on the input produces a small
error in the output signal. Next, imagine that another image applied to the input produces a large
output error. When adjusting the weights, we want to nudge the network more for the second im-
age than the first. If something is working poorly, we want to change it; if it is working well, we
want to leave it alone. This is accomplished by changing each weight in proportion to the current
error, ELET.

DTO BBIYUCIIEHUE BBITTOIHEHO B cTpoke 3100 miia ckpbITOro ypoBHs, U cTpoku 3180 my1st ypoBHS
BbIxosa. KoHCTaHTa NMponopIoHaIbHOCTH COCTOUT U3 IBYX Koaddumuentos, ELET, ommuOka
CeTH I ATOro crnenududeckoro BBoja, 1 MU, mocTostHHBIN HaOOp(yCTaHOBKA) B HaJaJye Mpo-
rpammbl. YToObl nmoHuMats norpedHocts B ELET B 3TOM BhIuMCIieHHH, BOOOpa3HUTe, YTO M30-
OpaxkeHHe, MOMEILIEHHOE BO BBOJ, IMPOU3BOJIUT MaleHbKyl0 OIIHMOKY B CUTHAJIE BBIXOJA. 3aTeM,
BOOOpa3uTe, YTO Apyroe M300pakeHue, MPUKIATHOE K BBOAY MPOU3BOAMUT 00/1bULyl0 OLMIMOKY
BBIXOJTHOW BEeNMUYMHBL. [Ipr KOPPEKTHPOBKE BECOB, MBI XOTHM IIOATOJIKHYTh CETh OOJBINE IS
BTOPOTO M300paxkeHus, yeM nepBoro. Eciu koe-uto paboTaer mioxo, Mbl XOTUM U3MEHHUTH 3TO;
€CJIM 3TO paboTaeT XOpOIl0, Mbl XOTHUM OCTaBUTh 3TO 0€3 U3MEHEHHsI. DTO BHINOJIHEHO, H3MEHSSA
Ka>KpIi BeC B COOTHOIIEHHUH K Tekyieil ommoke, ELET.

To understand how MU affects the system, recall the example of the paratrooper. Once he de-
termines the downbhill direction, he must decide how far to proceed before reevaluating the slope
of the terrain. By making this distance short, one meter for example, he will be able to precisely
follow the contours of the terrain and always be moving in an optimal direction. The problem is
that he spends most of his time evaluating the slope, rather than actually moving down the hill.
In comparison, he could choose the distance to be large, say 1000 meters. While this would al-
low the paratrooper to move rapidly along the terrain, he might overshoot the downhill path. Too
large of a distance makes him jump all over the country-side without making the desired pro-
gress.

YroObl nousTh, Kak MU BO3/1EHCTBYeT Ha CHUCTEMY, BCIIOMHUTE MpuUMep Hapaitotucta. Kak
TOJILKO OH OIpEEIIseT HAallPaBJIEHUE KPYTOro CITyCKa, OH JIOJKEH PELIUTh, KaK JajJeKo NepenTn
nepe;] nepeoLeHKol HakiloHa nanamadra. Jlenast 3To0 KOpOTKOE pacCTOSHUE, OJUH METP Harpu-

(c) ABTOKC, Cankr-IletepOypr, http://www.autex.spb.ru, e-mail: info@autex.spb.ru




HAYYHO-TEXHUYECKOE PYKOBOJICTBO 110 IM®POBOW OBPABOTKE CUTHAJIOB

Mep, OH OyZeT crocoOeH TOYHO CIIeI0BaTh 3a KOHTYpaMHu JaHamadTa U BCeraa nepeMeriaThes B
ONTHUMAaJIbLHOM HampasiieHuu. [Ipobrema cOCTOUT B TOM, UTO OH TPATUT OOJIBIIMHCTBO €0 Bpe-
MEHH, OLIEHMBAasi HAaKJIOH, CKopee, 4eM (paKTHUECKH MepeMelnieHne BHU3 xonMa. Ha cpaBHeHHH,
OH MOT BBIOMpATh PACCTOSHHE, YTOOBI OBITH OOnbIHM, cKaxxeM 1000 meTpoB. B To Bpems kak
3TO MO3BOJIWJIO ObI MAPALIIOTHCTY JBUTATHCS OBICTPO MO JaHAmAaPTy, OH MOT OBl IPOMAXHUBATHCS
MyTh CKOPOCTHOTO ciTycka. CIUIIKOM OOJIBIIION M3 PACCTOSIHUS 3aCTaBUT €T0 MEPEHTH Ha BCEM
NPOTSDKEHUH CEJIBCKOM MECTHOCTH 0€3 TOT0, YTOOBI JIeNaTh JKeIaTeIbHOE MPOABIKEHHE.

In the neural network, MU controls how much the weights are changed on each iteration. The
value to use depends on the particular problem, being as low as 10 -6 , or as high as 0.1. From
the analogy of the paratrooper, it can be expected that too small of a value will cause the network
to converge too slowly. In comparison, too large of a value will cause the convergence to be er-
ratic, and will exhibit chaotic oscillation around the final solution. Unfortunately, the way neural
networks react to various values of MU can be difficult to understand or predict. This makes it
critical that the network error (i.e., ESUM) be monitored during the training, such as printing it
to the video screen at the end of each iteration. If the system isn't converging properly, stop the
program and try another value for MU.

B neBpanpHOil cetn, MU ynpaBisieT, CKOJIBKO BECOB M3MEHEHBI HAa Ka)KJOW UTepanuu. 3Hade-
HUE, YTOOBI UCIIOJIb30BATh 3aBUCUT OT CIieHU(UIECKON MPOoOIEeMBbl, SBISIIOMIECHCS CTOIb Ke HU3-
KO Kak 10'6, WJIM CTOJb e BbICOKO Kak 0.1. M3 aHanorum mapairtoTucra, MOXET OKUJATh, YTO
CIIMIIKOM MaJIeHbKUN M3 3HAUEHUS 3aCTaBUT CETh CXOIUTHCS CIMIIKOM MeJJIeHHO. [l cpaBHe-
HUSI, CJIUIITKOM OOJIBIIIOM U3 3HAYEHUS 3aCTABUT CXOJIUMOCTh OBITh OITUOOYHOMN, U TTOKAXKET Xa0-
TUYecKoe KoseOaHue BOKPYT KOHEUHOTo pemieHus. K coxaneHuio, myTb, KOTOPbIM HEBPaJbHbIE
CETH pearupyroT Ha pa3nudHble 3HaueHUs: MU, MOXeT ObITh TPYIHBIM TMOHSThH WIH MPEACKA3aTh.
DTO JeNaeT KPUTHIECKUM UTO ceTeBOor omuoOkoi (To ectb, ESUM) ObITh MPOBEPEHHBIM B TEUE-
HUe 00ydYeHHs1, TUTIA BBIBOJA HA TIeYaTh STOTO HA 3KPaH BHUJICO B KOHIIE Kaxa0i utepanuu. Eciu
CUCTEMa HE CXOJIUTCS AOKHBIM 00pa3oM, MporpaMMa OCTaHABIIMBAETCS U MOMbBITKA IPYyroe 3Ha-
yenue mia MU.

Evaluating the Results
Ouenka Pe3yabTraroB

So, how does it work? The training program for vowel recognition was run three times using dif-
ferent random values for the initial weights. About one hour is required to complete the 800 it-
erations on a 100 MHz Pentium personnel computer. Figure 26-9 shows how the error of the
network, ESUM, changes over this period. The gradual decline indicates that the network is
learning the task, and that the weights reach a near optimal value after several hundred iterations.
Each trial produces a different solution to the problem, with a different final performance. This is
analogous to the paratrooper starting at different locations, and thereby ending up at the bottom
of different valleys. Just as some valleys are deeper than others, some neural network solutions
are better than others. This means that the learning algorithm should be run several times, with
the best of the group taken as the final solution.

Tak, kak 310 padotaer? [Iporpamma oOydeHUs IS PACIO3HABAHUS TITACHOTO ObLIA BBITOJTHEHA
TPHU pasa, UCIOJB3YsI pa3IMYHbIC CIlydaiiHbIe 3HAUEHUS /IS Ha4aJIbHBIX BecoB. [Ipnbmu3nTensHo
OIMH 4ac TpeOyeTcs, 4ToObl 3akOHUMTH ATH 800 WTepaluii Ha MEPCOHATHLHOM KOMITBIOTEPE
Pentium 100 mI'u. Pucynok 26-9 nokassiBaeT, kak ommubOka cetd, ESUM, mepekitodaer 3TOT
TouKy. [locTeneHHbII HAKIIOH yKa3bIBaET, UTO CETh Y3HACT 3a/1a4y, M YTO Beca JIOCTUTAIOT OKOJIO
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OIITUMAJIBHOI'O 3HAYCHUA I10CJIC HECKOJIBbKUX COTCH HTCpaHHﬁ. Kaxcnoe HCIIBITAHUC TTPOU3BOAUT
pa3IUyHOE pelIeHre MPOOJIEMbI, C Pa3IMUYHON KOHEYHOW 3(PPEKTHBHOCTHIO. DTO aHAJOTUYHO
napalmroTUCTyY, HAYUWHAKOIICMY B PA3JIMYHLIX PACIIOJOXKCHUAX, U TAKHUM O6p2130M OKOHYHNBasAa
BHU3Y Pa3IMYHBIX TOYEK MUHHMyMa. Tak HEKOTOpble TOYKH MHUHUMYyMa TIIyOXKe 4eM ApyTue,
HEKOTOpBIE HEBPAJIbHBIE CETEBBIE PELIEHUS JIydlle YeM Ipyrue. DTO O3HA4aeT, YTO Y3HAIOIIUN
QITOPUTM JOJDKEH OBITh BBHIMIOJIHEH HECKOJBKO pa3, ¢ JYYIIUM U3 TPYMIbI, MPUHITON Kak KO-
HEYHOE pellIcHHE.

In Fig. 26-10, the hidden layer weights of the three solutions are displayed as images. This
means the first action taken by the neural network is to correlate (multiply and sum) these im-
ages with the input signal. They look like random noise! These weights values can be shown to
work, but why they work is something of a mystery. Here is something else to ponder. The hu-
man brain is composed of about 100 trillion neurons, each with an average of 10,000 intercon-
nections. If we can't understand the simple neural network in this example, how can we study
something that is at least 100,000,000,000,000 times more complex? This is 21st century re-
search.

B puc. 26-10, Beca CKpbITblE YpOBHSA M3 ATHX TpPEX pEIICHHH OTOOpa)kKeHbl Kak H300paxe-
Hus1(00pa3pl). DTO O03HAuUaeT, MNepBOe JIEHCTBHE, NPUHATOE HEBPAIbHOM CEThIO JOIKHO KOppe-
JTUPOBATH (YTOOBI YMHOKUTH U CIIOXKHTH) ATH H300paKEHUSI CO BXOAHBIM cUTHaioM. OHH Haro-
MUHAIOT CIy4alHbld mryM! DT 3HaYeHMs BECOB MOXKHO IOKa3bIBaTh, YTOOBI paboOTaTh, HO IO-
4eMy OHHU paboTaroT - Koe-4To TaiiHoe. Mimeercst koe-4to erie, 4To0bl 00ayMaTh. YenoBeuecKuit
MO3TI' cOCTaBjeH U3 npuoin3nuTenbHo 100 KBUHTUILOHOB HEHPOHOB, KaX/Iblii CO CPETHUM YHC-
aom 10000 coenunenuii. Eciin Mbl HE MOK€M NOHHMMATh IMPOCTYIO HEBPAIbHYIO CETh B 3TOM
IpUMepe, KaKk Mbl MOXEM M3y4daTb KOe-4TO, 4YTO SBJIAETCS JIM 10 KpallHed Mepe
100,000,000,000,000 pa3 601ee KOMITTIEKCHBIM? DTO UCCIeAOBaHUS — 21-0r0 CTONETHSL.

R 5 0 0 0 Y i
R 3 s 0 £ 5 50 6 6
tial (0 "_.-!._'h.'_l' .Iﬂi "m",". [ '-l" ||H

| 2 3 4 5 f 7 8 9 10
hidden node

FIGURE 26-10

Example of neural network weights. In this figure, the hidden layer weights for the three solutions are displayed as
images. All three of these solutions appear random to the human eye.

YUCJIO(PUCYHOK) 26-10

ITpumep HeBpaNBHBIX CETEBBIX BECOB. B 3TOM pHCyHKe, CKpBIThIE Beca YPOBHS Ul 3THUX TPEX pelleHuil oToOpaxe-
HBI Kak n300pakeHuns1(00passl). Bee Tpu U3 3THX pelIeHui 9enoBeYecKOMy Ii1a3y KaKyTcs CIIydaifHBIMHU.

Figure 26-11a shows a histogram of the neural network's output for the 260 letters in the training
set. Remember, the weights were selected to make the output near one for vowel images, and
near zero otherwise. Separation has been perfectly achieved, with no overlap between the two
distributions. Also notice that the vowel distribution is narrower than the nonvowel distribution.
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This is because we declared the target error to be five times more important than the nontarget
error (see line 2220).

Pucynok 26-11a noka3siBaeT rucTorpaMMy BbIXOJ1a HEBPAJIbHOW CETH sl 3THX 260 CUMBOJIOB B
Habope oOyuenwus. [lomHUTE, Beca OBUTH OTOOPAHBI, YTOOBI JIENATh BBIXOA OKOJIO eOUHUYbL IS
n300pakeHni(00pa30B) TIIACHOTO, U OKOJIO H)/isi MHAde. Paznenenne ObUIO COBEPIIIEHHO JTOCTHT-
HYTO, 0€3 MepeKphITUS MEXIy STUMHU JABYMs pacmupeielneHusiMu. Takke oOpaTHTe BHUMAaHUE,
YTO paclpesesieHle TJIacHoro 0ojiee y3Koe, YeM pacipeesieHne HerjJacHoro. 9To - TO, TOTOMY
YTO MBI OOBSIBIISTM 4YTO IIeJieBasi OIMMOKa JOJDKHA OBITh B MATH pa3 BaKHEE, YeM HelleleBas
ommOKa (cM. cTpoky 2220).

In comparison, Fig. 26-11b shows the histogram for images 261 through 1300 in the database.
While the target and nontarget distributions are reasonably distinct, they are not completely sepa-
rated. Why does the neural network perform better on the first 260 letters than the last 1040?
Figure (a) is cheating! It's easy to take a test if you have already seen the answers. In other
words, the neural network is recognizing specific images in the training set, not the general pat-
terns identifying vowels from nonvowels.

Jns cpaBHeHus, puc. 26-11b mokassiBaeT ructorpammy Ui u3oOpaxeHur(o6pazos) 261 mo
1300 B 6a3e manHbIX. B TO BpeMsi Kak IieIeBbIe M HEIEIEBBIC PACIIPEACIICHHS pa3yMHO OTJIHYHBI,
OHH TIOJIHOCTBIO HE OTJHeNeHbl. [lodeMy HeBpasibHas CeTh WCHONHSET JIydille Ha mepBbiX 260
cuMBojax yeM nocienaanii 10407 Pucynok (a) oomansiBaet! [Ipocto OpaTh ucneitanue, eciu Bl
y>K€ BUJETU OTBETHl. JI[pyrMMu CIOBaMH, HEBpajbHas CETh MpHU3HAET crnenuduueckue u3odpa-
»keHus(00pa3sl) B HaObope oOydeHus, He 00ITrue 00pa3Ilbl, HACHTH(PHUITUPYIOIINE TJIACHBIE OT He-
TJIACHBIX.
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FIGURE 26-11
Neural network performance. These are histograms of the neural network's output values, (a) for the training data,
and (b) for the remaining images. The neural network performs better with the training data because it has already
seen the answers to the test.

PUCYHOK 26-11

HespanbsHas ceteBas a3gpdexTnBHOCTE. OHU - THCTOTPAaMMBI 3HAUEHHHA BBIXOJa HEBPAJIBHOH ceTH, (a) ans obydaro-
muxcst AaHHbIX, u (b) s ocrarouuxcst n3o0paxeHuii(oopa3os). HeBpaiibHasi ceTh UCMONHSET Jiydllie ¢ 00y4aro-
HIMMHCS TAHHBIMH, TOTOMY YTO 3TO YK€ BUJIEJIO OTBETHI HAa UCIIBITAHHE.
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Figure 26-12 shows the performance of the three solutions, displayed as ROC curves. Trial (b)
provides a significantly better network than the other two. This is a matter of random chance de-
pending on the initial weights used. At one threshold setting, the neural network designed in trial
"b" can detect 24 out of 25 targets (i.e., 96% of the vowel images), with a false alarm rate of only
1 in 25 nontargets (i.e., 4% of the nonvowel images). Not bad considering the abstract nature of
this problem, and the very general solution applied.

Pucynok 26-12 moka3zeiBaeT 3¢p(HEeKTUBHOCTh U3 ATUX TPEX pelieHui, oroopakeHHbIx kak ROC
kpuBble. McnpiTanue (b) obecrnieynBaeT 3HAMEHATENBHO JTYUIIYIO CETh YeM JAPYrou jaBa. ITO -
BOIIPOC CIy4yallHOro IIaHCAa B 3aBUCHMOCTH OT HAYaJlbHBIX HCIOJb3yeMbIX BecoB. [Ipu omHoit
yCTaHOBKE(HACTPOWKE) 1Mopora, HeBpajibHas CeTh, pa3paboTaHHas(MpeIHA3HAYCHHAs) B UCIIBITA-
Huu "b" moxer oOHapyxuBaTh 24 u3 25 anpecatroB (To ecTh, 96 % wuzoOpakeHuit(oOpa3oB)
[JIACHOI0), C JIOKHBIM CUTHAJIbHBIM YpOBHEM(YacToTOM) Toybko 1 B 25 HeaapecaTtax (TO €CTb,
4% wu3o0OpakeHuil HeriacHoro). He mioxo paccmMoTpeHne aOCTpakTHOTO XapakTepa(IpHpoO.ibl)
9TOM MPOOIEMBI, U CaMOTro OOIIETo pemeHus 00panaIoch(IPUMEHSIIOCH).

FIGURE 26-12 hr-
ROC analysis of neural network examples. These a0
curves compare three neural networks designed to de-

tect images of vowels. Trial (b) is the best solution, B0
shown by its curve being closer to the upper-left corner
of the graph. This network can correctly detect 24 out
of 25 targets, while providing only 1 false alarm for
each 25 nontargets. That is, there is a point on the ROC
curve at x = 4% and y = 96%
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Some final comments on neural networks. Getting a neural network to converge during training
can be tricky. If the network error (ESUM) doesn't steadily decrease, the program must be termi-
nated, changed, and then restarted. This may take several attempts before success is reached.
Three things can be changed to affect the convergence: (1) MU, (2) the magnitude of the initial
random weights, and (3) the number of hidden nodes (in the order they should be changed).

Hexotopsle 3aKkiIO4UTENIbHBIE KOMMEHTApUU OTHOCHUTEIBHO HEBPANBHBIX cered. [lomyudeHue
HEBPAJIBbHON CETH, 4TOOBI CXOIUTHCS B TEUEHHE O0y4deHHs MOXKeT ObITh XuTpo. Ecim cereBas
omnbka (ESUM) ycToiunBO HE YMEHbBILIAETCS, IpOrpaMma J0JDKHA ObITh 3aKOHYCHA, U3MEHEHa,
U 3aTeM Iepe3alyleHa. JT0 MOXKET OpaTh HECKOJIBKO MOMBITOK MPEKIE, YEM YCIIeX JTOCTUTHYT.
Tpu Bemu MOTyT OBITH M3MEHEHBI, YTOOBI 3aTPOHYTHh cxonumocTh: (1) MU, (2) BennuuHa Ha-
YaIbHBIX CIyYalHBIX BECOB, U (3) YHMCIIO CKPBITHIX y3JI0B (B 3aKa3e(TMOPsAIKe) OHU JOJDKHBI OBITh
U3MEHEHBI(3aMECHEHBI)).
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The most critical item in neural network development is the validity of the training examples.
For instance, when new commercial products are being developed, the only test data available
are from prototypes, simulations, educated guesses, etc. If a neural network is trained on this pre-
liminary information, it might not operate properly in the final application. Any difference be-
tween the training database and the eventual data will degrade the neural network's performance
(Murphy's law for neural networks). Don't try to second guess the neural network on this issue;
you can't!

HaunOonee xpurtudyeckuié MyHKT B HEBPAJbHOM CETEBOM pa3BUTHM — 00OOCHOBAH-
Hocmb(mounocmy) o0yvaroImux npuMepoB. Hanpumep, Korjga HOBbIe KOMMEpPYECKUE MPOrpam-
MBI Pa3BUBAIOTCS, €IMHCTBEHHBIE PE3yJIbTaThl UCIBITAHUSA JOCTYIHBIN - OT IPOTOTHUIIOB, CUMY-
JSIIMNA, 00pa30BaHHBIX MPEANOI0KEHUH, U T.4. Eciiu HeBpanbHas ceTh 00ydeHa Ha 3TOW mpesBa-
puTenbHON HMH(pOpMaNUMU, 3TO HE MOTJIO0 OBl OMEpUpPOBATH JOHKHBIM 0O0pa3oM B KOHEY-
HOM(3aKJIIOUUTEIILHOM) TpHIIoskeHuH. JIo0asi pa3HOCTh MeXay oOydaromieiics 60a30i JaHHBIX U
BO3MOYKHBIMU JIAaHHBIMHU YXYIIITUTCS 3(PPEKTUBHOCTh HEBpPAIBHOU ceTu (3aKkoH Mypdu 11si HeB-
panbHBIX ceteif). He mpoOyiiTe HM Ha CeKyHIy, IPEAINOIaraloT HEeBPAIbHYIO CETh Ha 3TOH IMpo-
oieme; Brl He moxere!

Recursive Filter Design
IIpoexT PexypcuBHoro ®unbrpa

Chapters 19 and 20 show how to design recursive filters with the standard frequency responses:
high-pass, low-pass, band-pass, etc. What if you need something custom? The answer is to de-
sign a recursive filter just as you would a neural network: start with a generic set of recursion
coefficients, and use iteration to slowly mold them into what you want. This technique is impor-
tant for two reasons. First, it allows custom recursive filters to be designed without having to
hassle with the mathematics of the z-transform. Second, it shows that the ideas from conven-
tional DSP and neural networks can be combined to form superb algorithms.

I'maBer 19 u 20 moka3blBalOT, KaK MPOEKTUPOBATh PEKYPCUBHBIE (PUIBTPHI CO CTaHAAPTHBIMU
YaCTOTHBIMU XapaKTePUCTUKAMH: GUIBTP BEPXHUX YACTOT, (MIBTP HU3KUX YACTOT, MOJIOCOBOIA,
u 1.1. Yto, ecniu Bel Hyx7aerech B Koe-ueM 3aka3HOM? OTBET JOJDKEH MPOECKTHPOBATH PEKYp-
CUBHBIN (UIBTP Takke, Kak Bbl Obutn OBl HEBpabHAsK CETh: HA4YaB ¢ YHUBEPCAIbHBIM Ha0OpOM
K03(pPUIIMEHTOB peKypCHUH, U HCIOIb30BaTh HTEpalMU, YTOOBI MEUIEHHO (OpPMHPO-
BaTb(00JIeKaTh B (popMy) X, B uTO BBl XOoTHTE. DTa METOAMKA BakHA 1O JIBYM NpuyuHaM. Bo
HEePBBIX, 3TO MO3BOJISIET 3aKa3HBIM PEKYPCHBHBIM (HIbTpaM ObITH pa3pabdOTaHHbIM 0e3 TOro,
YTOOBI MMETh HEOOXOJMMOCTh M3BOAMTH C MaTE€MaTUKOHN z-TpaHC(hOpMaHThl. Bo BTOpBIX, 3TO
NOKa3bIBaeT, uTo ujeu ot 0obraHoro L{OC u HeBpalIbHBIX ceTeil MOTYT OBITh 00BETUHEHBI, YTO-
Ob1 hopMUPOBATH MPEBOCXOAHBIC AJITOPUTMBI.

The main program for this method is shown in Table 26-4, with two subroutines in Table 26-5.
The array, T[ ], holds the desired frequency response, some kind of curve that we have manually
designed. Since this program is based around the FFT, the lengths of the signals must be a power
of two. As written, this program uses an FFT length of 256, as defined by the variable, N%, in
line 130. This means that T[0] to T[128] correspond to the frequencies between 0 and 0.5 of the
sampling rate. Only the magnitude is contained in this array; the phase is not controlled in this
design, and becomes whatever it becomes.

OcHOBHas mporpamMma Jijis ’TOr0 METO/a MOKa3bIBaeTcsl B Tabmuie 26-4, ¢ 1ByMs MOATPOTpaM-
Mamu B Tabnuie 26-5. Maccus, T[ |, npoBOaUT(IepKUT) KeTaTeIbHYI0 YaCTOTHYIO XapaKTepH-
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CTHKY, HEKOTOpasi KpUBasi, KOTOPYIO MbI BpyuHYIO pazpabortanu. Tak kak 3Ta mporpamma OCHO-
BaHa BOKpyT bII®, mimHBI cCUTHAIOB MOJDKHBI OBITH MOIIG /Ba. Kak HammcaHo, 3Ta mporpaMma
ucnons3yet nuuny BII® 256, kak onpeneneno nepemenHoi, N%, B crpoke 130. Dto o3Hauaer,
gyto T[0] x T[128] cooTBeTcTBYIOT yacToTam Mexay 0 u 0.5 u3 9actoTel BEIOOPKHU. TOIBKO BENH-
YUHA COACPKUTCS B ITOM MaccuBe; (ha3a He YIpaBIsSETCS B OTOM IMPOEKTE, U CTAHOBUTCS TEM,
YeM 3TO CTaHOBUTCS.

The recursion coefficients are set to their initial values in lines 270-310, typically selected to be
the identity system. Don't use random numbers here, or the initial filter will be unstable. The re-
cursion coefficients are held in the arrays, A[ ] and B[ ]. The variable, NP%, sets the number of
poles in the designed filter. For example, if NP% is 5, the "a" coefficients run from A[0] to A[5],
while the "b" coefficients run from B[1] to B[5].

Koaddurmentsl pexypcun ycTaHOBIIEHBI B UX MEpBOHAYAJIbHBIC 3HA4YCHHS B cTpokax 270-310,
TUIIUYHO OTOOpAHBI, YTOOBI OBITH 9K6UBAIeHMHbl cucTeMe. He ucnomnp3yiiTe cnydaifHbie 4uciia
31ech, WM HadalnbHBIA (QuibTp Oymer HemoctosiHeH. KoaddummeHnTsl pekypcuu mpoeje-
HeI(TToaepkanbl) B MaccuBax, Al | u B[ |. [lepemennas, NP%, ycTaHaBIuBaeT 4uCIIO MOJIIOCOB
B pa3pabartsiBaeMoM (punbsTpe. Hampumep, eciu NP% - 5, "a" koadduiineHTs!, BBINTOIHEHHBIE OT
[0] k [5], B TO Bpems kak "b" ko3 dunmentsl, BeimonHeHHbIE 0T B[1] k B[5].

As previously mentioned, the iterative procedure requires a single value that describes how well
the current system is functioning. This is provided by the variable, ER (for error), and is calcu-
lated in subroutine 3000. Lines 3040 to 3080 load an impulse in the array, IMX] ]. Next, lines 3100-3150
use this impulse as an input signal to the recursive filter defined by the current values of A[ ] and B[ ]. The
output of this filter is thus the impulse response of the current system, and is stored in the array, REX[ ]. The
system's frequency response is then found by taking the FFT of the impulse response, as shown in line 3170.
Subroutine 1000 is the FFT program listed in Table 12-4 in Chapter 12. This FFT subroutine returns the fre-
quency response in rectangular form, overwriting the arrays REX[ ] and IMX] ].

Kak mpenBapuTebHO YIOMSHYTO, UTEpAIlMOHHAS Tpolenypa TpedyeT eduHcmeenHo2o 3HaYe-
HUS1, KOTOPOE OIUCBIBAET, KaK XOPOIIO TEKylas cucreMa (QyHKIMOHUpYeT. DToMy o0OecreunBa-
eT nepeMeHHas, ER (nns ommbku), u paccunrana B noanporpamme 3000. Ctpoku ot 3040 no
3080, 3arpy:xaroT ummyisc B Mmaccuse, IMX] ]. 3atem, crpoku 3100-3150 ncnone3yror 3TOT UM-
MyJIbC KaK BXO/JHOW CUTHAJ HA PEKYPCUBHBINA (DMIIBTP, ONIPEICIICHHBINA TeKYITMMH 3HAYCHUSIMHU A
[ ] u B[ ]. Beixox storo ¢unbrpa - Takum 00pa3oM UMITYJIbCHAs NepefaTouyHas (GyHKLUS TEKy-
el cUcTemMbl, U coxpaHeHa B maccuBe, REX[ ]. YacToTHas xapakTepUCTHKa CHCTEMBI TOT/A
Haiifena, Oepst bBII® umnynbcHoM nepegatoyHoi GpyHKIMHU, Kak oka3zaHo B cTpoke 3170. IToa-
nporpamma 1000 - mporpamma FFT, nepeuncnennas B Tabnune 12-4 B rimaBe 12. Dta moamnpo-
rpamma BII® Bo3BpalmaeT 4acTOTHYIO XapaKTEpUCTUKY B MpPSIMOYTOJIbHOM (popme, 3amuchiBas
noBepx maccuBoB REX][ ] and IMX] |.

100 ITERATIVE DESIGN OF RECURSIVE FILTER
110"

120 'INITIALIZE

130 N% = 256 'number of points in FFT

140 NP% = 8 'number of poles in filter

150 DELTA =.00001 'perturbation increment

160 MU = .2 'iteration step size

170 DIM REX[255] 'real part of signal during FFT

180 DIM IMX]255] 'imaginary part of signal during FFT
190 DIM T[128] 'desired frequency response (mag only)
200 DIM A[8] 'the "a" recursion coefficients

210 DIM B[8] 'the "b" recursion coefficients

220 DIM SA[8] 'slope for "a" coefficients
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230 DIM SB[8] 'slope for "b" coefficients

240"

250 GOSUB XXXX 'mythical subroutine to load TJ ]

260

270 FOR P% = 0 TO NP% 'initialize coefficients to the identity system
280 A[P%]=0

290 B[P%] =0

300 NEXT P%
310 A[0] =1
320"

330 ' TTERATION LOOP

340 FOR ITER% =1 TO 100 'loop for desired number of iterations
350 GOSUB 2000 'calculate new coefficients

360 PRINT ITER% ENEW MU 'print current status to video screen
370 IF ENEW > EOLD THEN MU = MU/2 'adjust the value of MU
380 NEXT ITER%

390"

400"

410 FOR P% = 0 TO NP% 'PRINT OUT THE COEFFICIENTS
420 PRINT A[P%] B[P%]

430 NEXT P%

440"

450 END

TABLE 26-4

Lines 3200-3250 then calculate ER, the mean squared error between the magnitude of the cur-
rent frequency response, and the desired frequency response. Pay particular attention to how this
error is found. The iterative action of this program optimizes this error, making the way it is de-
fined very important. The FOR-NEXT loop runs through each frequency in the frequency re-
sponse. For each frequency, line 3220 calculates the magnitude of the current frequency response
from the rectangular data. In line 3230, the error at this frequency is found by subtracting the de-
sired magnitude, T[ ], from the current magnitude, MAG. This error is then squared, and added
to the accumulator variable, ER. After looping through each frequency, line 3250 completes the
calculation to make ER the mean squared error of the entire frequency response.

Crpoxu 3200-3250, Toraa BeraucisroT ER, cpennee Bo3BeneHHas B KBapaT OMMOKa MEXTy Be-
JUYMHOU TEKYLIEH YaCTOTHOM XapaKTEPUCTUKOU, U HKEJIATEIBHON YaCTOTHOW XapaKTEPUCTUKOM.
VYaenute ocoboe BHUMaHHE K TOMY, KaK 3Ta ommOKa HaijeHa. VTeparimoHHOE NEUCTBUE ATOU
MPOrPaMMBbI ONITUMHU3UPYET ATy OIIUOKY, eNast MMyTh, KOTOPBIM 3TO OMPENEICHO OUYE€Hb BaXKHBIM.
Jlns crenyronero nuKIIa BBITOIHIETCS Yepe3 KaXaAyl 4acTOTy B YaCTOTHOM oTBere. Jlyid Kax-
JOW 4acToThl, cTpoka 3220, BBIYMCISAET BEIWYMHY TEKYIIEH 4YaCTOTHOM XapaKTEpUCTHUKU OT
MPSIMOYTOJIBHBIX JaHHBIX. B ctpoke 3230, ommbka B 3TOH 4YacTOTE Hali/leHA, BBIYMTAs XKeja-
TeNbHYI0 BennuuHy, T[ ], oT Tekymel BenmunHbl, MOI'. OTa ommbka Toraa Bo3BeleHa B KBaJ-
pat, u nobamieHa K mepeMeHHoi cymmaropa, ER. Ilocie BhImoMHEHHUS IUKIIA Yepe3 Kaxmaylo
4acToTy, cTpoka 3250, 3axkaH4YMBaeT BBIYUCICHUE, YTOOBI nenath ER cpenHMM BO3BEIEHHON B
KBaJpaT OMIMOKOM IMOJTHOM YaCTOTHOM XapaKTEPUCTUKH.

Lines 340 to 380 control the iteration loop of the program. Subroutine 2000 is where the changes
to the recursion coefficients are made. The first action in this subroutine is to determine the cur-
rent value of ER, and store it in another variable, EOLD (lines 2040 & 2050). After the subrou-
tine updates the coefficients, the value of ER is again determined, and assigned to the variable,
ENEW (lines 2270 and 2280).

Ctpoku ot 340 no 380, ynpaBisitOT UTEPATUBHBIM IUKIJIOM Iporpammel. [loanmporpamma 2000 -
TO, TJIe U3MEHEHHs K Kod(pHUIMEeHTaM peKypcuu cruenanbl. [lepBoe aeiicTBue B 3TOH MOIIpO-
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rpaMme JOJDKHO OINpEeAeNIUTh TeKyllee 3HaueHue ER, u coxpaHsaTe 3TO B ApYyroil nepeMeHHOM,
EOLD (ctpoku 2040 u 2050). [Tocne Toro, kak moamnporpamMmma MoauuIupyeT KodhPUIueHTsI,
3HaueHue ER cHoBa onpezaeneHo, n HazHaueHO K nepeMeHHoi, ENEW (ctpoxu 2270 u 2280).

The variable, MU, controls the iteration step size, just as in the previous neural network program.
An advanced feature is used in this program: an automated adjustment to the value of MU. This
is the reason for having the two variables, EOLD and ENEW. When the program starts, MU is
set to the relatively high value of 0.2 (line 160). This allows the convergence to proceed rapidly,
but will limit how close the filter can come to an optimal solution. As the iterations proceed,
points will be reached where no progress is being made, identified by ENEW being higher than
EOLD. Each time this occurs, line 370 reduces the value of MU.

IIepemennas, MU, ynpasiisieT UTEpaTUBHBIM pa3MEPOM IIara, Tak e, Kak B MPEAbIAYIIEeH HEB-
panpHOM ceTeBoil mporpamme. [IponBuHyTass 0COOCHHOCTh HMCMOJB3YETCS B ATOM MpPOTpaMMe:
asmomamu3uposantas KOppeKTupoBka 3HaueHusd MU. DTo - npuunHa A1 HaAJIM4Ms 3TUX JBYX
nepemeHHbix, EOLD u ENEW. Koraa 3anycku nporpammbl, MU yCcTaHOBJIEHBI B OTHOCUTEIBHO
BbIcOKO€ 3HaueHue 0.2 (ctpoka 160). DTO MO3BOJAET CXOAUMOCTH MPOAOKATHCS(TIEPEXOIUTD )
OBICTPO, HO OTPAHUYHT, KaK OJIM3KO (PHIIBTP MOXKET MPUOIIIKATHCS K ONMTUMAIBHOMY PEIICHUIO.
[TockonbKy WTEpamuy MPOAOIDKAIOTCSA, TOYKH OYAYT JOCTUTHYTHI, TA€ HHUKAKOE IMPOJBHKE-
Hue(rporpecc) He caenano, uaeHtuduiupoBano ENEW, sestonumces Beime uem EOLD. Kaxk-
IbII pa3 3TO MPOUCXOAUT, cTpoka 370 nmpuBoauT 3HaueHne MU.

Subroutine 2000 updates the recursion coefficients according to the steepest decent method: cal-
culate the slope for each coefficient, and then change the coefficient an amount proportional to
its slope. Lines 2080-2130 calculate the slopes for the "a" coefficients, storing them in the array,
SA[ ]. Likewise, lines 2150-2200 calculate the slopes for the "b" coefficients, storing them in the
array, SB[ ]. Lines 2220-2250 then modify each of the recursion coefficients by an amount pro-
portional to these slopes. In this program, the proportionality constant is simply the step size,
MU. No error term is required in the proportionality constant because there is only one example
to be matched: the desired frequency response.

[Tognporpamma 2000 momuduiupyer KodGPHUIHMEHTB PEKyPCHH COTJIACHO CaMOMY KpPYTOMY
MPUIMYHOMY(SKCUEHTPUYHOMY) METOJy: BBIYMCIMTE HAKJIOH IS KaXIoro kod(p¢uireHra, u
3aTeM M3MEHHUTE KO3(PPHUIIMEHT MPOMOPIMOHAIBHO K ero HakiaoHy. Ctpoku 2080-2130, Bbrumc-
JSIFOT HAKJIOHBI Ui Ko3(ddurmentoB "a", coxpanss ux B Maccuse, SA[ |. AHaJIOTUYHO, CTPOKH
2150-2200 BBIYUCISIOT HAKJIOHBI g Kod(dunueHtoB "b", coxpanss ux B maccuBe, SB[ ].
Crpoxu 2220-2250, Toraa U3MEHSIOT KaxX/Iblii U3 K03((HUIIMEHTOB PEKyPCUU MPONOPLHUOHATIBHO
K 3TUM HakjJoHaM. B 3Toil mporpamme, KOHCTaHTa MPONOPILMOHATIBLHOCTH - IPOCTO pa3Mep Iara,
MU. Hukakoii 0CTaTOYHBIH 4jIeH HE TpeOyeTCsl B KOHCTAHTE MPONOPLHUOHATIBHOCTH, IIOTOMY YTO
HMMeeTCsl TOJIBKO OJMH MPUMEP, KOTOPBIA OyJIeT COriiacoBaH: jKeJaTesbHasi YacTOTHAasl XapakTe-
pHUCTHKA.

The last issue is how the program calculates the slopes of the recursion coefficients. In the neural
network example, an equation for the slope was derived. This procedure cannot be used here be-
cause it would require taking the derivative across the DFT. Instead, a brute force method is ap-
plied: actually change the recursion coefficient by a small increment, and then directly calculate
the new value of ER. The slope is then found as the change in ER divided by the amount of the
increment. Specifically, the current value of ER is found in lines 2040-2050, and stored in the
variable, EOLD. The loop in lines 2080-2130 runs through each of the "a" coefficients. The first
action inside this loop is to add a small increment, DELTA, to the recursion coefficient being
worked on (line 2090). Subroutine 3000 is invoked in line 2100 to find the value of ER with the
modified coefficient. Line 2110 then calculates the slope of this coefficient as: (ER -
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EOLD)/DELTA. Line 2120 then restores the modified coefficient by subtracting the value of
DELTA.

[Tocneansist mpobiieMa - To, Kak MPOrpaMMa BBIYUCIIAET HAKJIOHBI U3 KO3(PPHUIIMEHTOB PEKYPCUU.
B npumepe HeBpallbHOH ceTH, ypasHernue NSl HAKIIOHA OBUIO BBIBECHO. DTa MPOIEAypa HE MO-
JKET UCIOJIb30BAThCS 3/1€Ch, IOTOMY UYTO 3TO TpeOoBajo Okl B3ATHs Mpon3BoaHOM monepek JI1D.
Bwmecto sToro, meron pemienust "B 700" mpumensiercs: (akTHUECKH HU3MEHHTE Ko3(dduimeHt
peKypcUH MaJIeHbKHM MpPHpAIICHUEM, M 3aT€M HEMOCPEICTBEHHO BBIYMCIUTE HOBOE 3HAUCHHE
ER. Haxnon Torga naiifen kak usmenenue B ER, pazneneHnom koiaumdectBoM npupainenus. Omn-
peneneHHo, Tekyuiee 3HaueHue ER HaiineHno B ctpokax 2040-2050, u coxpaHeHO B IEPEMEHHOM,
EOLD. Iuxkn B ctpokax 2080-2130 BeimosiHseTCs yepe3 Kakablid u3 kodddunuentos "a". Tlep-
BOE JICHCTBHUE BHYTPH 3TOTO IHMKJIA JOJKHO MpuOaBUTh MajeHbkoe npupamenne, DELTA, k ko-
s GUIMeHTY peKypcuu, Hall KOTOphIM paszpabdarteiBatoT (ctpoka 2090). [Toanmporpamma 3000 BbI-
3BaHa B cTtpoke 2100, ytoObl HaiiT 3HadueHne ER ¢ m3mensembiM ko3ddurnmentom. Ctpoka
2110, Torma BBIUMCIAET HAKJIOH 3TOro kodddunuenta kak: (ER - EOLD)/DELTA. Ctpoxka 2120
TOTJ1a BOCCTAHABIIMBACT U3MEHsAEMbIN Ko urment, Beruntas 3HaueHrne DELTA.

Figure 26-13 shows several examples of filters designed using this program. The dotted line is
the desired frequency response, while the solid line is the frequency response of the designed
filter. Each of these filters requires several minutes to converge on a 100 MHz Pentium. Figure
(a) is an 8 pole low-pass filter, where the error is equally weighted over the entire frequency
spectrum (the program as written). Figure (b) is the same filter, except the error in the stopband
is multiplied by eight when ER is being calculated. This forces the filter to have less stopband
ripple, at the expense of greater ripple in the passband.

Pucynok 26-13 moka3bsiBaeT HECKOJIBKO MPUMEPOB pa3pabOTKu (HUIbTpa, UCIOIB3Ys ATy MPO-
rpammy. ITyHKTHD - *KenaTenbHast YaCTOTHAS XapaKTEPUCTHKA, B TO BPeMs KaK CIUIOLIHAS JTUHUS
- YacTOTHasl XapaKTepucCTHUKa pazpadoTaHHoro ¢GuibTpa. Kaxkmaeiii u3 3tux GUIbTPOB TpedyeT
HECKOJIbKO MHHYT K cxogumocTu Ha Pentium 100 MHz. PucyHok (a) — 8Mu mostocHbI GUIBTP
HIDKHHMX YacTOT, TJie OIMOKa OJMHAKOBO B3BELIEHA MO MOJIHOMY CHEKTPY 4acToT (Iporpamma
Kak HamucaHo). Pucynok (b) - TOT e camblil GUIbTp, KpOME OMIMOKH B TOJOCE 3aePKUBAHUS
YMHOXCHHOM Ha BOoceMb, Korna ER Beraucisiercs. 9To BIHYKIaeT (PHIIBTP UMETh MEHBIIIEE KO-
JUYECTBO  psAOM(HEPAaBHOMEPHOCTH) TMIOJIOCH  3aJepXKHBAaHUSA, 3a CUET OoJbIled  ps-
OM(HEpaBHOMEPHOCTH) B TIOJIOCE TIPOITYCKAHMS.

Figure (c) shows a 2 pole filter forl/sinc(x): . As discussed in Chapter 3, this can be used to
counteract the zeroth-order hold during digital-to-analog conversion (see Fig. 3-6). The error in
this filter was only summed between 0 and 0.45, resulting in a better match over this range, at the
expense of a worse match between 0.45 and 0.5. Lastly, (d) is a very irregular 6 pole frequency
response that includes a sharp dip. To achieve convergence, the recursion coefficients were ini-
tially set to those of a notch filter.

Pucynok (c) mokaspiBaeT 2- X moirocHbIi punbTp ans: 1/sinc(x). Kak o6cyxaeHo B riase 3, 3To
MOJKET UCIOJIb30BaThCS, YTOOBI TPOTUBOACHCTBOBATH XPAHEHUIO 3a/IEP>KKH HYJIEBOTO MOPSAKA B
TeueHne mudpo-aHaaoroBoro npeodpazoanus (cMm. puc. 3-6). Ommbka B 3ToM QuibTpe ObLIa
TOJBKO cyMMHpoBaHa Mexay 0 u 0.45, mpuBOas K JydllIeMy COOTBETCTBHUIO 10 3TOMY JHana3o-
HY, 32 c4eT Xy/uero coorsercTBus Mmexay 0.45 u 0.5. Hakonen, (d) - oueHs HeperysipHas yac-
TOTHAsl XapaKTEPUCTUKA 6-TU TOIOCHOTO (UIBTPa, KOTOpask BKIIOYAET PE3KU MpoBasl. UTOOBI
JOCTUTATh CXOAUMOCTH, KOA((MUIIMEHTHI peKypCHH ObUTH NIEPBOHAYAILHO YCTAHOBJICHBI B TAKO-
BbI€ (DUIIBTP-TIPOOKHU.
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FIGURE 26-13

Iterative design of recursive filters. Figure (a) shows an 8 pole low-pass filter with the error equally distributed be-
tween 0 and 0.5. In (b), the error has been weighted to force better performance in the stopband, at the expense of
error in the passband. Figure (c) shows a 2 pole filter used for the 1/sinc(x) correction in digital-to-analog conver-
sion. The frequency response in (d) is completely custom. In each figure, the desired frequency response is shown
by the dotted line, and the actual frequency response by the solid curve.

PUCYHOK 26-13

WTepanmoHHbIH MPOEKT PeKyPCUBHBIX (QHIBTPOB. PHCYHOK (@) MOKa3bIBaeT § MOMIOCHBIH (DMIIBTP HIKHUX YacTOT C
OLIMOKOH, OAMHAKOBO pacmnpeneneHHoi Mexay 0 u 0.5. B (b), ommoOka Obiia B3BemIeHa, YTOOBI BEIHYIUTD JTy4LIYIO
3¢ (EeKTUBHOCTH B MOJIOCE 3a/IEPKUBAHMS, 33 CUET OMIMOKHU B IIOJIOCE TIPOITyCKaHUsA. PUCYHOK (C) moKa3siBaeT 2 Mo-
JFOCHBIN (QUIIBTP, HCIIONB3yeMble I 1/sinc (X) McmpaBiieHuUs B MU(PO-aHATIOTOBOM IIpeoOpa3oBanuu. YacToTHas
xapakTepuctuka B (d) MOJHOCTBIO 3aKa3Has. B kaxmoM pHCyHKe, jkellaTelibHas YaCTOTHAs XapaKTePHCTHKA ITOKa-
3bIBAETCS IYHKTUPOM, U (haKTHUECKasi YaCTOTHASL XapaKTEPHCTUKON CIUIOIIHOM KPUBOIL.

2000 'SUBROUTINE TO CALCULATE THE NEW RECURSION COEFFICIENTS
2010 "Variables entering routine: A[ ], B[ ], DELTA, MU

2020 "Variables exiting routine: A[ ], B[ ], EOLD, ENEW

2030

2040 GOSUB 3000 'FIND THE CURRENT ERROR

2050 EOLD = ER 'store current error in variable, EOLD

2060

2070 'FIND THE ERROR SLOPES

2080 FOR P% = 0 TO NP% 'loop through each "a" coefficient

2090 A[P%] = A[P%] + DELTA 'add a small increment to the coefficient
2100 GOSUB 3000 'find the error with the change

2110 SA[P%] = (ER-EOLD)/DELTA 'calculate the error slope, store in SAJ ]
2120 A[P%] = A[P%] - DELTA 'return coefficient to original value

2130 NEXT P%

2140

2150 FOR P% =1 TO NP% 'repeat process for each "b" coefficient
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2160 B[P%] = B[P%] + DELTA

2170 GOSUB 3000

2180 SB[P%] = (ER-EOLD)/DELTA 'calculate the error slope, store in SBJ ]
2190 B[P%] = B[P%] - DELTA

2200 NEXT P%

2210 "'CALCULATE NEW COEFFICIENTS

2220 FOR P% = 0 TO NP% 'loop through each coefficient

2230 A[P%] = A[P%] - SA[P%] * MU 'adjust coefficients to move "downhill"
2240 B[P%] = B[P%] - SB[P%] * MU

2250 NEXT P%

2260

2270 GOSUB 3000 'FIND THE NEW ERROR

2280 ENEW = ER 'store new error in variable, ENEW

2290

2300 RETURN

3000 'SUBROUTINE TO CALCULATE THE FREQUENCY DOMAIN ERROR
3010 'Variables entering routine: A[ ], B[ ], T[ ]

3020 'Variables exiting routine: ER

3030

3040 FOR 1% = 0 TO N%-1 'LOAD SHIFTED IMPULSE INTO IMX] ]
3050 REX[I%] =0

3060 IMX[1%] =0

3070 NEXT 1%

3080 IMX[12]=1

3090 ''CALCULATE IMPULSE RESPONSE

3100 FOR 1% = 12 TO N%-1

3110 FOR J% =0 TO NP%

3120 REX[I%] = REX[1%] + A[J%] * IMX[1%-J%] + B[J%] * REX[1%-J%]
3130 NEXT 1%

3140 NEXT 1%

3150 IMX[12]=0

3160 ''CALCULATE THE FFT

3170 GOSUB 1000 'Table 12-4, uses REX[ ], IMX[ ], N%

3180

3190 'FIND FREQUENCY DOMAIN ERROR

3200 ER = 0 'zero ER, to use as an accumulator

3210 FOR 1% = 0 TO N%/2 'loop through each positive frequency

3220 MAG = SQR(REX[1%]"2 + IMX[1%]"2) 'rectangular --> polar conversion
3230 ER = ER + ( MAG - T[1%] )"2 'calculate and accumulate squared error
3240 NEXT 1%

3250 ER = SQR( ER/(N%/2+1) ) 'finish calculation of error, ER

3260

3270 RETURN

TABLE 26-5
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