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No-Prop algorithm. Abstract

1. TlpeacTtaBneH HOBbIN anropuTM OOyYeHWs NS MHOFOCIOMHbIX HEMPOHHbLIX CeTeln, KoTopbii Ha3BaH No-Propagation
(No-Prop). C nomollblo 3TOro anroputMa Beca HEWPOHOB CKPbITOrO Crod YCTaHaBnuBaTCA U OUKCUMPYHOTCA
CNnyYanHbIMU 3HAYEHUAMM.

2. O6yuvatoTcst Beca HEMPOHOB TOSMBbKO BbIXOQHOMO CrOSi C UCNOMb30BAHMEM HAWUCKOPEWLLEro crycka Ans MUHMMU3auum
cpeAaHekBagpaTMyHoOM owmnbkm ¢ nomollbto anroputma LMS (HavmeHbLluero cpegHero keagpata) Yngpoy n Xodpda. B
xoge obyyeHus onpegenseTcs MMHUManbHasa cpegHekBagpaTuyHasg NorpeLlHOCTb MHOTOCHIONHON HEMPOHHOW CeTH.

3. Uenb BBEAEHNA HENMMHENHOCTU CO CKPbITBIMM CNOAMM MUCCReayeTcsl ¢ TOYKM 3peHnda Capacity owmnbok LMS (Capacity
LMS), koTopasi onpegenserca Kak MakcumarnbHOe KONMYECTBO PasfnnyHbIX LWabrnoHOB, KOTOpble MOTyT ObiTb 00y4YeHbl C
HyneBOW OLLMOKOMN.

4. T[lokasaHo, YTO 3TO YMCIO PaBHO KONMYECTBY BECOB KaXK40ro U3 HEMPOHOB BbIXOLHOIO CrO4.

5. CpasHuBatotca anroput™ No-Prop n anroputm Back-Prop. 3ddekTMBHOCTb B OTHOLIEHMN 0ByyeHus n obobLieHus
obonx anropuTMOB MO CYLLECTBY OAMHAKOBA, Korda Konn4ecTBO LabnoHOB obyyeHus MeHblue unm paBHo Capacity
LMS. Korga Konu4ecTBO TPEHMPOBOYHbIX LWabnoHoB npesbliwaeT Capacity, Back-Prop, kak npaBuno, siBnsetcs
nyywum ucnonHutenem. Ho akBMBanNeHTHyH 3EPEKTUBHOCTb MOXHO MOMy4nMTb C nomollbto No-Prop, yeBenuuve
Capacity ceTu 3a cyeT yBenmMyeHUs1 KOnm4yecTBa HEMPOHOB B CKPbLITOM Croe, KOTOPbIN yrpaBnsAeT BbIXOOHbIM CrOEM.
Anroputm No-Prop HamHOro npoiie u nerde peanu3oBaTb, Yem Back-Prop. Kpome TOro, oH cxogmtcsi HaMHOro
ObicTpee.

6. [loka paHO roBOpuTb OKOHYaTENbHO, rAe MCMNOMb30BaTb TOT MMM UHOW U3 3TUX anropuTMoB. OTO BCe elle B CTaguun
pa3paboTku
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No-Prop algorithm. MHorocrnonHas cetb

Firs? Layer Second Layer
Cwelght‘ed | Weighted Third Layer Puc.1. TpexcnonHaa HeMpoHHas
onnections Connections Weighted

ceTb C I'IpFIMOI7I HarnpaBJ1€HHOCTbIO

Connections

j f |, CeTeBble BXO/ibl - 9TO BEKTOPbI
I wabnoHoB ByKB KMTanckoro andgasuTa
Input | I f |, L Output 50420 nukceneit. Kaxaplit 0TaeNbHbIN
Pattern Pattern
BXO[ SIBNSIETCA KOMMOHEHTOM BXOAHOIO
I f — BekTopa. BxogHol BekTop
f I"' NPUMEHSIETCH K HeMPOHaM NepBoro
/ cnos. CurmounganbHble BbIXoabl
T Inputs to Network Y,
Sigmoids {’hjrd Outputs NnepBOro Crios COCTaBNAT BXOOHOMU
Network lgP“*S;" Layer BEKTOP AN BTOPOro Crnos 1 Tak ganee.
Inputs econ

Layer

Ona oby4eHus ceTn, nokasaHHOM Ha puc. 1, 0ObIMHO yCTaHaBNMBAKOTCA CryYanHble HavanbHble 3HadYeHust 4ns Bcex BecoB. [MycTb ceTb
Oypet obydeHa Back-Prop ¢ 3agaHHbIM Habopom obyvatowmx wabnoHos. [nga Kaxgoro BxogHoro obydatowero wabnoHa cywlectsyeT
3ajaHHbIA Xenaembln WabnoH oTeeTa. Tpebyembln WaGNoOH OTBeTa cpaBHUBAETCS C (pakTUYECKMM LabrnoHOM oTBeTa AN LAaHHOro
BXO4HOro wabsioHa, 1 pasHuua, WabnoH owndKn nnmn BEKTOP OLLMOKK pacnpocTpaHseTcs B 06paTHOM HanpasneHuu, YToObl BbIYUCIIUTD
MrHOBEHHbIN rPagMeHT KBagpaTta BenMUYnHbl BEKTOPA OLWMOKM MO OTHOLLEHMIO K BecaM. 3aTem Beca CETU U3MEHSIIOTCH NPONopLUMOHanbHO
oTpuUaTeNbHOMY 3HAYEHUO MMHOBEHHOIO rpagueHTa. Liukn nameHeHus Beca NOBTOPSETCS C NpefcTaBfeHNEM Cregylolwero BXogHOro
TPEHMPOBOYHOrO WabnoHa 1 Tak ganee.
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The No-Prop algorithm idea
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MycTb KONUYECTBO pasnnyHbIX 0ByyaroLL X
WwabnoHoB MeHbLLEe nnu pasHo Capacity.
Beca nepBbix AByx cnoes MoryT 6biTb
cnyyYyanHbIMU Y OUKCUPOBAHHBIMU, @ He
3afaHbl TpeHupoBkon Back-Prop.
LLlabnoHbl 06y4eHns 6yayT noasepratbcs
donKCMpoBaHHOMY Cry4amHOMy
oTOoBpaxeHuto, a BXOAHble AaHHble AN
HEeMpOHOB TPETbLEro crnos byayT
pasnnYHLIMN U IMHEMHO HEe3aBUCUMbIMU.
O6yyast TONbKO BeCa HEMPOHOB TPETLETO
cnos, Bce xenaemble WabnoHbl OTKNNKa
MOXHO ByaeT ngeansHo peann3oBaTb Ha
BbIXOAE CETH..

O6yyaemble Beca aHaNOM4Hbl «KHEM3BECTHBIM» CUCTEMbI JIMHENHbBIX YPaBHEHWU. KONMYECTBO ypaBHEHMIN paBHO KONMMYECTBY 00y4YatoLLmx
wabnoHoB. Oby4yeHne Ha Capacity aHanorm4yHo KonmyecTBy ypaBHEHUI, PABHOMY KONIMYECTBY HEM3BECTHLIX.

Takum obpasom, 6e3 o6paTHOro pacnpocTpaHeHusi olMbOK BbiIBOAA MO CETU U NPU aganTaLlum TONbKO BbIXOAHOIO CNosA rnocre
paHgoMM3auun U hrkcaumm BECOB NEPBbIX ABYX CNOEB, «CKPbITbIX CII0EB», Mbl nony4yaemM anroput™m « No-Prop». 3To HamHoro 6onee
npocTon anroputMm, Yem Back-Prop, n oH He TpebyeT o6yyeHns BCeX BECOB CETU, @ TOSNIbKO BECOB BbIXOAHOIO Crosi. ATOT anroputm

6yneT obecneunBaTh 3OPEKTUBHOCTL CETU BO MHOTUX YCIOBUSAX, SKBUBANEHTHY0 Back-Prop.
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Linear independence experiments

— Puc.3 CeTb C 0OHUM (PUKCUPOBAHHBIM BHYTPEHHUM
Ccnoem Mcrnonb3oBaHHasi B YaCTU 3KCNEPUMEHTOB Mo
NNHENHON HE3aBUCUMOCTM.

200 =

~— 400

NCAAARR

N NSNS

Fixed Summers

Sigmoids
Random

Weights

NONLINEAR “BOX”

Bbino 400 BEKTOPOB BbIXOAHbIX LWIAGIOHOB, Kaxabi 13 koTopbix MMmern 400 komnoHeHToB. PaHr Habopa BbIXxOAHbIX WaboHOB
PuKcnpoBaHHOro cnos 6bin onpeaeneH pasHbiM 400, 4TO ykasbiBaeT Ha TO, 4TO 400 BbIXOAHbBIX BEKTOPOB Oblfiv IMHENHO
He3aBUCUMbIMU. ATOT aKcnepumeHT Obin nosTopeH 1000 pas, Kaxabii pa3 ¢ HOBbIM HABOPOM BXOAHBIX LWIABGNOHOB, CO30aHHbIX, Kak
yKasaHo Bblle. Bo Bcex TbicAYe criyqyasx BeKTOpbl BbIXOAHOrO WabnoHa 6binm NMMHENHO HE3aBUCUMbIMW.
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Linear independence experiments
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Training classifiers with Back-Prop and No-Prop

Table 1. Classification errors. Training with 200 noise-free characters; Testing with 100 noisy versions of each character.

ach of the 200 noise-free characters; Testing with 100 noisy versions of the 200 noise-free characters.

ach of the 200 noise-free characters; Testing with 100 noisy versions of the 200 noise-free characters.

% noise in testing patterns | 5% | 10% | 15% | 20% | 25% 30%
Back-Prop trained errors 1 8 24 114 464 2225
MNo-Prop trained errors 0 28 110 440 | 2219 | 7012
Table 2.
Training with 10% noise, 50 noisy versions e
% noise in testing patterns | 5% | 10% | 15% | 20% | 25% | 30%
Back-Frop trained errors 0 19 63 166 438 | 1728
MNo-Prop trained errors 2 26 g2 213 697 | 2738
Table 3.
Training with 20% noise, 50 noisy versions e
% noise in testing patterns | 5% | 10% | 15% | 20% | 25% | 30%
Back-Prop trained errors G 34 107 274 550 1555
No-Prop trained errors 5] 36 126 274 584 1885
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Training auto-associative networks with Back-
Prop and No-Prop

Learning Curve, 380 Patterns Trained Learning Curve, 1000 Patterns Trained
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Conclusions

1. Anroputm No-Prop obyyaeT MHOrocrionHble HEWMpOHHblIE CeTU, 0by4vasd TOSIbKO BbIXOOHOW CIIOW.
OTO MOXHO caenaTb ¢ nomoublo anroputMa LMS Widrow n Hoff-a.

2. No-Prop nmeet 1O npeumyLlecTtBo, 4YTo He TpebyeT obpaTHOro pacnpocTpaHeHusi ownboK no
ceTn, 4TO YynpowaeT BCTpamBaHMe o0OOpydoOBaHUS WNUM  KOOMPOBAHME  MNPOrpPaMMHOr0
obecneyveHus.

3. Korga konuyectBo obydawwmx wabnoHoB MeHblle, 4yem Capacity (eMKoCTb, npornyckHad
CMOCOBOHOCTB) ceTu (paBHas KOMMYECTBY BECOB KaXJoro U3 HEMPOHOB BbIXOOHOrO cnosl), ceTb No-
Prop u ceTb Back-Prop paboTtatoT ognHaKoBo.

4. Korga TpeHupoBKa npeBblwaeT Capacity, Back-Prop obblyHO paboTaeT nydwe, 4em No-Prop. Ho
3a cYyeT yBenu4eHus Kornmyectsa HEWPOHOB B CIoOe nepen BbIXOO4HbIM CIOeM, TO eCTb 3a CcYeT
yBenndyeHna Capacity cetun, addektuBHocTb NoO-Prop MoxeT ©ObiTb noBbleHa [0
Npon3BOANTENBLHOCTM anroputma Back-Prop.

5. Bo3moxHO, aTa paboTa gact HekoTopoe npeactasneHne 06 ody4eHUn HEMPOHHbLIX CeTeN B MO3re
XMBOTHbIX. BO3MOXHO, HET HEO6XOAMMOCTU OOyYaTb BCe CJIOM, TONIbKO BbIXOAHOW CJlIOM.
9TO 3HAYMTENbHO YNPOCTUNO Obl paboTy MaTepu-npupoabl.
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Zero-shot learning definition

As definition: Zero-shot learning is aroused by humans’ ability to recognize new categories purely based on the learned
high-level description. This kind of study aims to intelligently apply previously learned knowledge to help future recognition
tasks, which has received increasing interest [26—29]. Contrary to this classic paradigm of supervised learning, zero-shot
learning is to reason the label of the unseen category with learned knowledge, and the “zero” means no training examples

[30-32] (uuTaTa).

UHTepnpetaumna: ObyyeHune “6e3 BbicTpena” BO3HUKAET M3-3a CNOCOBHOCTM pacno3HaBaTbh HOBbIE KaTErOPUN UCKITHOYMTENBHO HA OCHOBE
paHee YCBOEHHOIO BbICOKOYPOBHEBOIO ON1caHns. TOT BUg 06ydeHnst HanpaBreH Ha NpMMeEHeHe paHee NoNyYeHHbIX 3HaHUA AN
pelueHns Byaywmnx 3agay pacno3HaeaHus. B otnnume oT knaccmyeckon napaamrmel obyveHns ¢ yuntenem, obyyeHue ¢ “HyneBbiM
BbICTPENIOM” 03Ha4YaeT, YTO NPMU3HaK HEBMAMMOW KaTeropum CBsi3aH C paHee YCBOEHHbIMW 3HAHUSIMU, a «HOMb» 03Ha4aeT OTCyTCTBME
obBy4yatoLmnx npuMepos.
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Zero-shot learning definition

Data 4 Labels N
|
I Trees
I Gravel
I Asphalt
|
|
|
Visual side Semantic
Embedding mformation Emedding
I
|
A | A
4
* i I
Pmmreﬂappingl A
* - >
x * | b
x | .
} Ll
|

Visual Features Label Semantic Features

Figure 2. lllustration of the basic framework of
zero-shot learning. Visual features of training data
and testing data are derived by visual embedding,
Label semantic features are acquired by semantic
embedding from seen and unseen labels as side
information. The correspondence between semantic
features and visual features is learned through
feature mapping.

UnntocTtpauns 6a3oBor cxembl 00y4eHUs ¢ HyneBbIM
BbiCTpenom. BusyanbHble 0COGEHHOCTU 0ByYaroLLnX
AaHHbIX 1 AaHHbIX TECTUPOBAHUS MOMyYeHbl NyTEM
BM3yaribHOro BCTpanBaHWsi, CeMaHTU4Yeckne
XapaKkTepuCTUKN METOK NprobpeTaloTCcs CeMaHTUYECKUM
BCTpavMBaHWEM U3 BUAUMBIX U HEBUAMMbIX METOK B
KayecTBe AononHUTenbHom nHpopmauuun. CooTeeTcTeme
MeXay CEMaHTUYECKUMUN U BU3YyaribHbIMU NPU3HaKkamm
n3y4aeTcs NOCPEeACTBOM OTODpaxKeHUs1 NPU3HaKOB.
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Our first experiment with Zero-shot learning.
Training of HSI-pixel-signatures to the Unseen Category
Temperature for the early plant drought prediction
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Experimental data and equipment

B e N3 K e e ¢ 1) Nikon D5100 RGB SLR camera (Nikon Corporation, Japan);
A TRNEXTE ) ' . v @ 4 2) Thermal imager Testo 885-2 (Testo SE & Co, Germany), -30°-
\ SN /7 / sy, L 100°C; 3) Specim IQ hyperspectral camera: range: 400-1000 nm;
spect.res.. 7 nm; 204chan.; 512x512 pixels.

Wheat plants were placed in 3 boxes, 30 pots (15/15) in each.

60
2,5

50

40

1.5

Ne—a- | X " N

Figure 1: RGB image of a box with wheat pots for the 1st (left) and 12th ¢
(right) days of the experiment. Thermal Images for the same days (bottom) g

D CW, %

20

260°C 0.5 10

] T 1 1]
240 0 5 10 15 0 5 10 15

Figure 2: Dependence on the day from the moment of
cessation of irrigation for the difference between the
temperature of the experimental and control wheat plants,
recorded by the TIR-sensor (left). Dependence of the
difference in water content (CW) between the control and
experimental wheat plants (right).

16.0°C
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Masking of soil and wheat plants together and
wheat separately

18.8

221 218 215 21.2 209 206 203 200 19.7 194 19.1

Figure: Mask of soil and wheat plants (left); mask of Figure: HSI markup without a background (left).
The pseudo-colored TIR image for wheat (right)

wheat plants (right)
ansa obyyveHus nukcenen HSI Temnepatypam pacteHus
Ha feBoun 1 NpaBon NOMOBMHAX
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Regression and Classification

/ 204 channels
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i

Spectral signature

Input Layer @ Hidden Layer @) Output Layer

Figure 7: A DLP-regressor model for the problem of predicting the plant temperature
T or the day of drought Day(T).

Fully connected neural network of a two-
layer perceptron was used - DLP regressor.

Input: HSI pixel signatures containing 204
channels

Output layer: contains 35 neurons
corresponding to the 34th temperature values
(calculated with an accuracy of 0.1 degrees)
and the background (Fig. 7).

An image of the 25th day of the experiment
was used to train the network (Fig. 6), since
drought is observed especially clearly on it
due to the maximum temperature difference
between control and experimental plants.

50% of randomly selected signatures of this
image were used as a training sample.

The training was conducted on an Intel Core
i3-8130U processor with a frequency of 2.2
GHz, 4 cores, 4 GB. The training time of the
model was 5 hours and lasted 100 epochs.
RMSE of the temperature prediction was 0.52
degrees.
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Temperature value prediction

:
2
Predicted label
Figure 9: The confusion matrix for the
temperature predicting.
221 21.8 215 212 209 206 203 200 197 19.4 19.1 18.8 PaspbiB AHATOHANN B LEHTPE MATPUL
Figure 10: The results of predicting the temperature on the HSI of different days of W3-3a paspbiBa B TeMnepatypax
the experiment. RGB images (left columns) correspond to the predicted (for the pacTeHuit B 0By4atoLeit Bbibopke

corresponding HSI) labels (right columns).

Mbl B uTore obyumnm curHaTypbl NUKCEnen runepcnekTpanbHoro n3obpaxexus (HSI) HEBUAMMbBIM CEMaHTUYECKMM NpU3HaKam
(TemnepaTypam) 1 NONY4YUnn UX BU3yanbHoe oTobpaxeHue.
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Drought state classification
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DLP classifier model which can
classify the plant drought state from

temperature-trained HSI-signatures.

Drought state
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Figure 12: The temperature based plant drought classification from temperature-trained HSI

HHIY um. HU Jlobavesckoro, 05 Hos6. 2021 05-Nov-21

20



Conclusions

1) The No-Prop algorithm is very useful instrument for construction own Al-architectures with
customized properties.

2) Zero-shot training of HSI-pixel-signatures to the unseen category Temperature for early plant
drought prediction is realized.

3) The properties of explainable artificial intelligence (XAl) in the HSI-based early diagnosis of
plant drought via the Temperature-training of HSI-signatures from Thermal IR (TIR) images
data was realized. It is also very effective example of the "Zero-shot learning" idea.

4) The prediction error of the DLP-regressor in terms of RMSE was 0.45 degrees, and the
accuracy of the plant drought classifier was 97.3%.
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