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Abstract

FLIW, 749 Yy —DT7 A VAF=RIZHLT=a—F0V3y N7 =2 &L, 2 Fi¥H (setosa,
versicolor) ZFE I 5. I, FHFEAD=a—F )1y N7 —27IZHWT 3 fM (setosa, versicolor,
virginica) % gl##7 — &, 1 fEH (virginica) 2 7 A T —R L U THEI LD, ZOLEFAMNTF RO
B BBEIIZ T TCUEIRBIZOWTHBREMEKNT 2. F 212, FHETIV (Ff2=y M 1000 T
H23@N—t S baV) EERL, HOSMRESIHT -2 2FHSE5. 20L& E=a—IF L3y b
7 =27 OHIIHFIET — 2 2 @ENOEM L CRERPERES. ZORBIZOWTHIMT —R 2 F AT —
RIS I EL U CHANS. £, T —X e T AT =X LT, ¥B@EO=a—F b xy b
OHN %757 THERT. R, FEETN (Flla=y NI 2 TH S 3B -k T br ) 2L,
MTF—2 228385, Z0OLE=a—5 V% N7 —2OHIHFHIT — R 2 @RI E T EEE
EZ5RW, ZOREBIZOWTFHOBRETET S RMS EAA2 Y 7 7 TRT. RBICFEHBOEAD
CRIEAE DN FHT 2 FEETNDAT A= R EG R T I 2N DS.

Abstract

First, let us construct neural network for the Fisher’s iris data, we submit two species of iris
flowers (setosa, versicolor ). Next, let us extract trained network, we submit training data about two
species of iris flowers (setosa, versicolor ) and test data about one species of iris flowers (virginica).
Then, we consider a state excessively affected by test data and create a classification table. Second,
let a statistical model be a three-layer neural network with 1000 hidden units, we submit training
data about true density function. Then, an output of the neural network is excessively approximated
by training data. We show that over-fitting has occurred by comparing training and generalization
error. We plot trained neural network on training data and test data. Next, let the statistical model
be a three-layer neural network with 2 hidden units, we submit training data . Then, an output of
the neural network is not excessively approximated by training data. We show that over-fitting has
not occurred and plot RMS weights that evolve during submitting. Finally, we show that weights
at the end of submitting satisfy a set of parameters which true density function is realizable by the
statistical model.
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1 [FLC®IC

Za—Ihxy N7 =0T [k FE] 2XE5L, ELARETLHHDIT LEFEY (over-fitting)] 2%
H5.

EH 1 (A0S, $BETI EFH7%)

RY EORERBER g(x) (XL, q(x) 125D n O BRRERZR X = (X1, Xa, .., X,,) ZBHIL VS,
Bl FE LTV BHERN g(0) 2EOAHL V5. RY L0 o OMERELIE pla|w) 2FBEFL LW
5. 72, R? L0 w OHERBEEI o(w) & FHAAH LS.

EE 2 (BXEH)
HOpAEMENT 5720, FFEADFES {a,} 1T U THEEEZERD LS IZEDS.

R, (w) = — Zlogp(Xihu) — ay log p(w).
=1
EE 3 (BRI hBkE)
OLERBRTY MEE =S, = 157 logq(X;) 2T Ry (w) = RO (w) +nS,, L REhD70, &
B FELBII £ (2, w) = log 22 (256 U CIEBMEL X - SBLBIBA KD & 5 ITED 5.

p(z|w)

R)(w) =Y f(Xi,w) — a, log p(w).
i=1
ZZTRO(w) BRUNIT BT A=K % @ &K, po|w) & HERFEROMRELEKRE 35, fEllike
UTCa,=00D&E 0 2RLHETIE, a, =1 D& EFBMHERFAMTIEE VS (1, 2.

EH 4 (RBIEX, LEX)
2D e S K(h) & BRI K, () 2 RTED 5.

n

Ry = K(w) == /q(:z:) log p?i:‘i;)dm, R = K,(0) := %;log pg(i(llﬂ;)

HET A DY R — b supp(p) &2 237 b BIE B f (2, w) FHSWIZERZ D E DL T 5.
HONERERT 557 A—ZDEE W, = {w e RYK(w) =0} PWRRSNEROLE, wye Wy & LT
wo DIEECREFE S ERI A EH I T2 &, MITERA M TG ®8R g: M — W HMFAEL T w = g(u)
LB, ZDEEARK Ky Ky, ke TR LT K(g(u) = udfadh2 2k (1 <r<d)RIhD. %
7z [a(z,u)q(z)de = ubrub2 . oubr R S IAREIE a (e, w) DIFEIEL T f(2, g(u) = alz, w)ultub? . ol
ERIND. ZOLERERGEB K, (g(u) IHERBER ¢, (u) = % Yo ek = a(X,u)} EHWT
nK,(gu)) = nu?* — /nube, (u) L EENB. 22T u = w2k ub =Bk uke TH Y,
En(w) X IERIEFRMFE &(w) [HEHIPORT 5. 20 & EEFULI N2 HARBEBUI RO LS 1zRkINnD.

l 0 _ zkii k _On
LR (a0) = 1 = ) — % log plg(u).
2 _ kg2 (<<
>7(61t6R1,v:(vl,vg,-n,vd)ERdlliﬂLbft:u2k,viz wi e (Isisn) bl AR
U (r<i<d)

v eV i={v=(v,v2,-,vq) € [0,1]%v1,v9,...,v4 =0} B YLD,
FoTEHuc[0,1]? = (tv) eTxV 2EDSD. ZDOL EEHEINZBRBERIRD LS 1TREINS.

R (g(t,0) = £ = Z16,(t.0) — 2 loga(g(t.0)).
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EE 5
BB L BTN AR RN E L DL T 5. Uy = {u € 0,14 K (g(u) =0} 27z THEEE BT
THENRTA—R G ERTEDD.

it = arg S { G mex(0.6,0)% + 10 ptatu)}.

T D& EFIPHBHRBIL(w) := — [ q(z)log p(x|w)dx & REBNBHEIBIE L, (w) := -2 31" | log p(X;|w)
125 U TN R & ReBRER /k@ﬁséb%%’).

1 1
K (i) = Dla(@) - L) = g max{0.6,@) + 0, (7).
N 1 N 1
B () = L(0(@) ~ L) = - max{0,6,(0)F +0, (1 )
AR NETIE ¢ OFMNT AT ROEE T D < HY v OB AR DR D EGEE I T D e, — i ¢t

22V T DR LITINALRL 2 /NS KT 5280 12DV T DR kN bELEZ RELST5 [3, 4]

T 6 (BFE)

REREIT NN S KRB PEIREIZRT R 6 KELS RBBREZBEE L VD,

2 EFE

BhBECn A0y bABEZa—TNRY VT — 2 REZ A
D 1ITHRT
EE 7 (BE)
Fhk—1EoHna=y b (8 8 Ry LT, sk
DjEHQ<j<n) OANI=Y b2 2RTEDS. .

(M E:ww)w n+bww_wwﬁ (h— n+bw> ~yﬁwan
=1
ZIT ) BEE-1EO jEHI=y MroBkED i BHI=
(k)
NADOEH, b FHEED jEHLI=Y FONT T ALED, 1: ke

Wi bk

Nz v wl = @) Wl y kD = Y )
V~v](_1c) _ (W;k),b§k>), S(k—1) _ (y(k 1) 1) rT 5.
# 8 (EHE(LE%)

BEEDjEHOH 1A=y b2 yj(-k) = (.Z‘;k)) = tanh (xgk)) TEDHSD. TITp(x) =tanh(z) & L,
TEMEALBER E VW 5.

)

Mathematica & f\TRD & 512 AT1T 5 [5].
FEEDA Y NI T7pO=a =)0k y hT =2 DI EID T 72012
trainednet = NetReplacePart|NetExtractresults["TrainedNet” |, net”]] £ 3 %.
AT — X DEEDEANE T T 712 72012 results[” LossEvolutionPlot”] £ 3 5.
T AT =R DOWT R % R B 72012 results]” LowestV alidationRound’] £ 5.
TART = RIZDWTEMT YT v N TOHKERD B 7201 results]” FinalValidationLoss”| £ 3 5.



3 TAYRTFT—HIC& BBEIRE

DERIAL (over-generalization)] &1, H LU K FHUZARITERNIHEG L TLE W, BUZFEE LW
ROEMEMEL o TLEIREET 5.

HRDODHL FE (Sepal Length), 25< FlE (Sepal Width), {605 £ (Petal Length) {60 S (Petal
Width) @ 4 fHDFHUED 5, setosa, versicolor, virginica &\ 5 3 FRHDME (Species) (T 57— X %
TAVAT =RV {4.7,3.2,1.3,0.2} — {"setosa”} D & 512K T.

Mathematica IZFR#k X VT WA FIHET — X 105 i, 7 A b T =X 45 % RD X 512 AL TRRUHT.

trainingData = ExampleData|” MachineLearning”,” FisherIris”,” TrainingData’ |

9

testData = ExampleData[” MachineLearning”,” FisherIris”,” TestData”];

Mathematica %& I\ T labels = Union[V alues[trainingDatal]l; £ AJ1U, 3 FEfEHZ 3 #IZHD 1T 5.
SRS 3MAHNT 54y Ty I—X—% enc = NetEncoder[Class”, labels] £ AJ1$ 5.
MR bVd s 3HEE AT 5%y b7 3 —X—% dec = NetDecoder[” Class”, labels]; £ AJ13 5.
R bUn 6 3MENIT 242y b T3 —X—% dec2 = NetDecoder[Class”,1,2,3]; £ AJ1T 5.
AT —RETANT =2 (HHEMETZ)ZROEIICAALTEDS.
TrainingData := Normal[AssociationT hread[Keys[trainingData]— > enc[V alues|trainingDatal)]]
TestData := Normal[AssociationT hread| K eys[test Data]— > enc[V alues[test Datal]]|

AT —R (i, #), (i #) ZROLIIZASLTEDS.
trainset(i-, j_] := Select[TrainingData, Last[#] == i||Last[#] == j&]
testset[i, j_| := Select[TestData, Last[#]| == i||Last[#] == j&]
trainset[i_] := Select[TrainingData, Last[#] == i&] testset|i_] := Select[TestData, Last[#] == i&]
BREBADASD (RET—4) /% (M) 2, 2467 —% (1,2, 3#), #5427 — £ (i, 7 ), (i #) 15
LT, RDEDIZALT 5.
train[l,2,3] ;=< ["Input”— > Keys[TrainingDatal,” Target” — > Values[TrainingDatal| >
trainli-, j_| =< |"Input”— > Keys|trainsetli, j]|,” Target” — > Values[trainset|i, j]|| >
test[i-, j-] ;=< |"Input’— > Keys|testset|i, j]],” Target”— > Values[testset|i, j]]| >
test[i-] ;=< |”Input”— > Keys|testset[i]],” Target” — > Values[testset[i]]| >

3.1 EE
EE 9 (V7 by REH) “
HEo jFEHOHI 2=y b &y ;:¢(x<1‘“),x;’“>,u.,x;’“)) :7[“’(“ ) <wns.
(k)
Zexp T;
> e (21

ZIZTp(x,ma, -, mp) &L, VT by 7 AL WS,

£ 10 (/7ARTY hOE—EK)
ti =00 #k), ty = 12T t = (tr,t2,- -, ta),y = (Y1, 40, yo) WH LT, Z7HATY B E—H%
ZE:=-Y1 tlogy CTEDS.

Mathematica % FHWTKD & S AHT 3 [5].
EU LK DI NEE %2 KD 57212 measurements|” Accuracy”] £ 9 5.
NEER E KR S/ B 72012 measurements[” Con fusionMatrixPlot”] &3 5.
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32 Za—3JIxy RNT—=0, %Yy NTSTDIER

ABIDIATGER T MV DB TH B 4= —F 2y T =2 (KM, tanh, $REE, YV 7 b <y
o X&) &MY 5728, Mathematica Z FHWTRDESIZANT 2L U FOX 2 DEMICH I ET 5.

parameter Net = NetChain[{ Linear Layer|[5], Elementwise Layer[Tanh],
Linear Layer|[3], Softmax Layer[]},” Input” — > 4,” Output” — > dec]

A @RFTERZ PR =a—F)hFy NU—ZITBEUZENE) &, SR () osv Ay o -1
K&K D, Mathematica ZHWTRDOEIIITAILTHY b TT2ERT DL, ML ROX 2 DAMIZH

HEIN5.
trainingNet = NetGraph[< |"net”— > net,”loss” — > CrossEntropyLossLayer[’ Index”]| >,
{NetPort[” Input’]— > "net”— > NetPort["loss”,” Input”],
NetPort|”Target”|— > NetPort[’loss”,” Target”|}]
NetChain| mEr Input vedtor [size: 4} ] NetGraph m_m
ethain] g Linearlayer  vector (size 5) EEeRap o . E ¥
2 Tanh vector {sizm 5 3 :
i Linearlayer vactor (size 3}
4 Softmaxlayer vector (size 1) o 1]
Qutput class Pt
Inputs Outputs
it:  veclor {size: 4) Lo real
arget: index(range: 1.3)

2: Za—=INxy bT—=T Xy T T

3.3 7AYRT—% (1,2#) 0EH

Ny FHA X% 35 UT,HA00 TV FEFTEZHTTANT—& (1,2 ) OBRKPBNE 255
Y RBCHEEAKZ D E ST, T — & (124) 2 FFIELEDIZRDESIZANT S,

results = NetTrain[trainingNet, train[1,2], All, ValidationSet— > test[1, 2],
BatchSize— > 35, MaxzTrainingRounds— > 500]

FEMROTN & BROLZHH 3 OLMIZH I NS,
FEHBD XY M % trainednet LEDT, KOEIIZANULT A T—X (1,2#) OAEHEEZ KD 3.

measurements = Classi fier Measurements[trainednet, testset[1, 2]|

IEMEZ I 1 TH Y AR & HEEHH 3 DLEMC I Eh 5.

s00 Classifiermeasurementsobject| = Mo .

¥ " - ’ i
validation

training

3 TAVAT—& (1,2 4) OFE, 5%
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34 T7AYVRT—%(1,2,38) DFH

FBRBED=a—F N3y T =2IZBWT, Ny FHA X% 35 & UTHIMT— X (1,2,34) 0%EF%2 3¢
B. FANT—& (3H) QEESENE 2B 5 DY FETEE AR S,
TUYRBB8DLERDEIIZANTS.
resultsl = NetTrain[results[’TrainedNet”|, train[1,2, 3], All,
ValidationSet— > test[3], BatchSize— > 35, MaxTrainingRounds— > 8]

BEPERNTHDIT Y FEIZS TH Y, PEEROEN L BIROLMAMBK 4 DEMCE NS,
FEHBO XY b % trainednetl EEDT, KOEIIZAIUTF AN TF—& (1,2,3#) OSFERIEE KD 5.

measurements = Classi fier Measurements|trainednetl, testset[1, 2, 3]]

TEREX 13 0.666667 TdH D /3 FEHIEE & RV 4 DA E N 5.

00845
L . i
ClassifierMessuresentsobiect| :
o O T e fect| "-a 4 |
3 NAAAAAA Accutacy 066T £ 0071
NetTrainesultsobject | Mel 560 LA |
a5 e |
oot | i | - —
248
100.0% 1 < n {18
T o o 1t
training
3 L o 1

4: TA VAT =% (1,2,3 #l) OB, HH

TYUYREDI0DLERDEISITALTS.
results2 = NetTrain[results]”TrainedNet”), train[1, 2, 3], All,
ValidationSet— > test[3), BatchSize— > 35, MaxTrainingRounds— > 30]

BEPENTHEI7 Y FRIZ 13 TH Y, FEFBROEN & HEDOZIHAK 5 OLEMIcH T 5.
FRBDO XY M E trainednet2 LEDT, RO K IIZATUTAMT—& (1,2,3 ) OFERE 2 RD 5.

measurements = Classi fier Measurements[trainednet2, testset[1, 2, 3|]

IEMEZ X 0.666667 TH D I & KRV 5 OERAICE I 5.

026s
50 I - Mot
ik, ) . ClassifiorieasurementsObject| = \. % AR : %
i e | | - 066720071
NetTrainResultsObiect | Me SGD \ |
0281 Welasi——T1i| 1k
w0368 | ==l | - o »
150%
o 1 ] [ 15
e 1
wabdaton
i
o 15
= ° ]

5: TA VAT =2 (1,2,3 fl) 0%¥H, 5% (EEAL)
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FBEBEDZ =TV RY P T—2IZBWT, Ny FH A X% 35 L LTHIRET — & (1,2,3 %) 0%BE2 3¢
B FANF—R (234) DEEDBANE DT Y BT KRB,
TV RN 100 DEERDISIZAHTS.
results3 = NetTrain[results2]"TrainedNet”], train[l,2, 3], All,
ValidationSet— > test[2, 3], BatchSize— > 35, MaxTraining Rounds— > 100]
FERROEN  BEOEADPH 6 DLEMIZH OIS,
FEHBO R Y N % trainednetd LEDT, RO K SIZANULTFA M TF—X (1,2,3 ) ONERIEE KD 5.

measurements = Classi fier Measurements[trainednet3, testset[1,2, 3]|

EMEZIE 1 TH ORI & HHEENH 6 OERMICH T N5,

0s2s

100

100

15 !
|

SGD “ |

0.109 |

oy

190%
13 1
= .

ClassifierMessurenentsobiact '-. it

1.000000000000000 = 2.2 » 107"

fraining

6: 714 UATF—X& (1,2,3 #l) DZH, 5

4 BZBEETIICBITZBZBEONH

4.1 T

EE 11 (BREMETIL, 2BEFIL)

K7 Rx—=%weR" R ~OB f(z,0) ITHLT, XTEES R LOMRERY = f(z,w) + Z 2B
EEFLEND . 22T, BRI R Z 2 HE 205, ye R S o 128 LT, BSuRMLE
FY BED RIERHER p(yle, w) = —A—exp (_M—wﬂ-) EFEEFLLNS.

202

3<2<3DR' LO—BAMITHSHREM X 2 ANL T 5. HiE ZICHLT,Y = btanh(3z) + Z
THEES R LOWRERY 2O T3, ZI2THE Z 00, 58 o =015 0 R' LOESRMEI
TR
TH 12 (E0H7)

)Y B IR g(y]o) = A exp (- L=242000) #2020 5.

202
T 13 (2 JBRERH)
FEETN plyle, w) (TR LT, 2 IR L, (w) == -2 37 | (y; — fla,w))? TEDB.
Mathmatica 2 FIWVTTF AN T =X Za—F)bxy NT—7DH D 2 TiEHEE2RD L5720,
meanTestLoss[net] := SquaredEuclidean Distance[net[test X, testY]/Length[testX] & AJ19 % [6].
EHE 14 (RMS(—RFHEAR) EH)
HA wy, wa, - wp, (XL T, RMS(ZHEHEFEHR) EAE ,/% Yo w2 TEDS.
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4.2 BREBEEITHE
30D AN s, HBH ys, AJ1ir & HI~DOFIHT — % % Mathematica & H\WTRD & 5IZ/EET 5 [7).

xs = RandomReal[Uni formDistribution][—3, 3], 30];
ys = bTanh[3xs] + RandomV ariate[N ormal Distribution|0, .15], 30];
data = Normal[AssociationT hread[zs— > ys]|;

Z ZTAMN% dataX = Keys|data]; £1)1% dataY = Values[data]; £ UTHO T Z LA TE 5.
30 @D ANy o, )1 y, T A N F— X testData % xs, ys, data £ [FIBRIZIERR T 5.

Z I TAN% testX = Keys|testDatal; 1)1 % testY = Values|testData); & UTH O T Z 2N TE 5.
421 Za—350lxy NT—0DER, IFET—4 DEE

FHEF N UL THHEZ=Y NIZ 1000 THE 3B=a—F N3y 7—2 (E3EOEA% 0,23 E
DNATAZRIBRLET D) RERT 272DIROESIZANT 2L N0 TOE[MO LS T Ens.

net = NetChain[{Linear Layer[1000], Tanh, Linear Layer[1,” Weights” — > {Table[0, 1000]},” Biases” — > None]}|

QAR BEERL LT, 22— 03y b7 =22/ LT 50000 57y RZEHIEDZDIZRD LS
IZANT S &, EREROENAU FOK 7 OAMO & S icHihans,

resultsl = NetTrain[net, data, All, MaxTrainingRounds— > 50000]

NetChair HEARAEN Input tensor Total t i W0s

Linsarlayer vector 1 t 50000 1
Tanh veetor ! ) ) ) e 50000 |'
LinearLayer  vector | NetTrainResultsobject
Output wvector { s ' i
W ADAM

0.00583

M7 =a=5V3y NT—=2 2y T =2 DFY

FEBED=2—F )Y T =2 % overfitNet LED T, TA M TF—RIZHNT 2 2F/RAELZEIET 572012,
meanTestLoss[over fitNet] £ AJ19 5 & 0.11079 & HAE N 5. T — 21259 588 E %K 0.00588716
O REL BEEPRI o2 Z L HRRIND.

AT =2 T AR T =RIZH LT, 22—V 3y N7 =2 DOHIEERTZDITRO LS ITATT S,

Show[Plot|over fitNet[x], z, —3, 3], List Plot| ListQ@QQdata, PlotStyle— > Red]]
Show[Plot|over fitNet|x], z, —3, 3], List Plot| List@QQtest Data, PlotStyle— > Orange]]

AT — % EADHAMEIZN 8 DEMNZ, TAMT—X EAOHAEIZH S OAMIzHA TG, ZHED
Za—INWRY MT—FJETANT—RED AT ER.

"a—vr"‘-—h-——'——-l-— //-...._.ﬂ‘---L_-_—'__..

/ 'l II"_

_(. | _III

-
_._,o__k“‘“—/“-..f\._)l :‘___HL){—_-.,:I:-\J [

M8 =a—FNty bV —27DOHNE (BFE)
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AR 10000 7 7Y REHFTEZHTT AT —ROBEEVR/NE LD T RETEEEKRZD X D12,

T —REEHXELDITRDEIICANTS.
results2 = NetTrain[net, data, All, ValidationSet— > testData, M axTraining Rounds— > 10000]

training

BEPRNTH D77V FEIT 6438 TH O, FEBEROEN & BEOLIHH I hang.

1.3 min
20000
20000
0
ADAM
(1) .
00778

X 9: =a—F)Viky MU —20DFY BEE)

Ko THRINZEY IR X727 7 ¥ R TOREREL 0.0473004 13564 T 7 > N TORERES 0.0775414 %, 7
T —R2 T AT =X

ANTF=RIZT 5 2 FiEFA 0.11079 T D ENSWETH 5.
B FEAMKZ =2 —F )3y b7 —2 % earlyStoppingNet & DT,
IZHLT, Za—I W3y b7 =2 DOHNEERTZDIZRDESITANTS.
Show[Plot[earlyStoppingNet[z], z, —3, 3], List Plot[List@@QQdata, PlotStyle— > Red))

Show|Plot[earlyStoppingNet|x], z, —3, 3], List Plot[ListQQQdata, PlotStyle— > Purple]]

AT — &2 EADHAEIZR 10 DLEMNIZ, TA S TF—X EAOHIEIZK 10 DA I N5, FR%
A —

D=a—FN3y NI —=JRFTAMT =% S £EMT 5.

‘r'r*__-_'_ﬂ—

'|'.I
If
-

24
4
bl
/

Za—=I N2y b= OWAED T T T

10:

4.3 BEFEERIILVES
4.3.1 Za—3Flxy bT—I DR, KT —5 DFE

FHRETNELUTHEZ=Y M2 THD 3= -V xv b7—7 (EARE1EIE5L 5,53
FIX0L 0, N4 TARERLET D) KT R7OIZROEIIITATTEL DLROK 11 OEMO X ST
net = NetChain[{Linear Layer[2,” Weights” — > {{5},{5}},” Biases” — > None],

hEhs.
Tanh, Linear Layer|[1,” Weights” — > {{0,0}},” Biases”— > None]}|
2 Mz A AL LT, =a—F 032y b7 =228 LT 50000 77 REREEEDITRD LS I

ANT 5L, PEEROENNK 11 OAACH I NS,
resultsl = NetTrain[net, data, All, MazTraining Rounds— > 50000]



Netchain|| = [, " Ietiso) tal rounc 50000
{8 1 LUnearlayer vector (size 7}
Tanh vector {size: 2} NetTrainResultsObject i i
Linearlayer vector (size 1) 30
Output vector {size: 1} Math SGD
i 0.0185

H11: =a—=50 v b7 =2, 2y NT =2 DY

FERHED=a—F N3y b T = % fitNet LEDT, TANT—RIINT 5 2 FEEEFIHT 572012,
meanTestLoss[fitNet] & AJ19 2 & 0.0202818 L I I N 5. T — X123 3 2 REERIH 0.0184928 &
HRTROKRE L, BEEPRI S o2 T PRRIND.

T =R F AT =RIZXH LT, =a—=F V32 Y b7 =2 OHIERRTZDITRDO LS ITANTS.

Show[Plot[fitNet[z], z, —3, 3], List Plot|List@QQQdata, PlotStyle— > Red])
Show[Plot|[fitNet|z], z, —3, 3], List Plot|ListQQQtest Data, PlotStyle— > Orange]]

T — & EADOEIEIZN 12 DEMANZ, TA DT =R EAOHIEIRN 12 DAICE X NG . FEE%
D=a—INF3Y NI =BT AT —XE2ELTS.

12: =a—5) 3y T —2ZDHHE

4.3.2 RMS(ZFEFHEAR) EHFDIF7

10000 77 ¥ REET 5 HETE/T D RMS EHAZ 2 T TIZRKT7ZDITRD L SITANTE L, IFD
13DLEMANZ XN S.

results2 = NetTrain[net, data,” RM SW eights EvolutionPlot” , MaxTraining Rounds— > 10000]
2000 77 ¥ REET 5@ TEILT S RMS HEADEEZ, KDL S IZAILTRDS.
results3 := NetTrain[net,data,” RM SW eightsHistories” , MaxTrainingRounds— > 2000]
FHEHD=Za—F)VE Y T —2 % netl LEDHT, RMS EADHEZ , KDL S IZALLTRDS.

N1 = RootMeanSquare[Flatten[Net Extract[netl,1,” Weights”]]];
N2 = RootMeanSquare[Flatten[Net Extract[netl,3,” Weights”]]];

AT — )V EEEESIZRMS HADE(LE VT 7IZRTZHDIZROLIICANTEE, BLNOX 13 D4
ZHhEns.
t1 = TimeSeries[Join[N1,results3[1,” Weights”]]];

t2 = TimeSeries[Join[N2, results3[3,” Weights”]]];
ListLinePlot[t1,t2, PlotRange— > All, PlotLabels— > 1,”Weights”,3,” Weights”]

13
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1 ——

[1, Weights}

|, - [3, Wights}
{7, Weights] 2 [

— _ - - 13, Weights)

13: RMS EAD 5 7

4.3.3 EHDINRIE
10000 77 ¥ REBHIFTHRHE I VY FTOEHADEERD B 7DD LS IZANT 5.
resultd = NetTrain[net, data,” FinalWeights”, MaxTrainingRounds— > 10000]
RO ESIZHAIN, B 1IBEOEAINI THEZ 2 hRREINS.
< |{1,”Weights”}— > {{2.98904}, {2.98904}}, {3,” Weights” }— > {{2.49893,2.49893}}| >

BIBOEARTELTS. ZOL XE3IFOHERADMERDL1-DITRD LS IZANT S

w3 := Flatten[resultsd[3,” Weights”]]
RealSign[Firstresultsd[1,” Weights”]]] x Firstfw3] + RealSign|[Last[results4[1,” Weights”]]] * Last[w3]

4.99974 LA XN, 5 3 MOEADHIMN G THB I L HRRRING.

4.3.4 EDDHERBETENIA—YDES
EHETN plylz,w) LEDH qylz) WELUL RERBNESV 2E RS,

\% ={we€ R4\p(y|x, w) =qylz) } ={w € R4\a1 tanh(c1z) + as tanh(cox) = 5tanh(3z)}

={we R4|a101 +axes —5 3 =arc1’® +asce® —5-3% = arer’® +ases® —5-3° =0}

R A= RFRIIKDE S I2RENS [8).
(a1,0,5,£3), (0,c1, 5, £3), (5, £3,a2,0), (£5, £3,0, ¢2), (£5X, £3, £5(1 — X), £3), (£5X, £3, F5(1 — A), F3).
BTV RTOE 1 ELEIEOEADEIIRBUEED NI A —XRRIZEENT VDI B0 5.

Z F X M
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Mathematica Fa— U 7 )b, http://reference.wolfram.com/language/tutorial/ NeuralNetworksIntroduc-
tion.html

[6] Mathematica 7 =— b Y 7V, http://reference.wolfram.com/language/tutorial /NeuralNetworksRegularization.
html

[7] Mathematica 7=— b Y 7V, http://reference.wolfram.com/language/tutorial /NeuralNetworksRegressionWith
Uncertainty.html
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