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WE 5K REMENE, TRNRAREFT, BABFI FEEIWENABBHRT EAR
MR, BRAZTNWHENRE AN S AT Lt EREMNAREN T4 8, BIEED
BT ERS CFEROEZHANIARE. BABEHNEERSMEHELEMLE, UL
BRABEMENSENEAN RS, E— I BANHTFHREAETE. AT RALRFE £
THREEMABEBN RS, AXEREMENENFERTEMEIBREITATEL BT — L&
T AWK, (1) " T4 FRENRCE RS, FFELEM ERET —ME2R 7%
RS RBEABEME M4, it £ MNIST ZEHKEE ALK T 7SR EWE W46
SRR, AR T B R E R EACE, T AR AREIRT MNARFE; (2) £ T —METHA
B RIEB AR 2 KB, EHIEE Caltech-101 7 Caltech-256 £, M T REMAZ S LB L 6T
WS B A B OB B R A A P 4 ek 3L, TREMERE LR T [l 25 7 ik oy 8 KT, T B 45 At e
F R 2| R H 89 1/60.

KgE MAE, Bhok REMENYE, 85, FxK7%

1 51§

EAER, REMZA ML (deep neural network, DNN) 7¢ & T AL 2% 2% 3] il A, 1~61 4 51
BRI M L% (convolutional neural network, CNN) 7E K HUAR EUE A AR A _HEUS T B KA K
o 079 [ 25 % BT 1 T AL RO 011, ARG DNN BOUIZRS00 2 % 14 46
5% (backpropagation, BP) 12 {H &R % | AL 1% 2 2 0L S5 A )2 AR e HEik. A, 785 br
#E DNN ) SEEH IS AF LA VF 2 FahG, W Zk 2 R TAK-F e Re, Mt E 4 B, &
AL () R A IR R, DL B SRR B A MR A AT 25 T FRAN I S 17 4% R 1R BE
DX 2%
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WEFEEASR TV 2 07k SR s A [ 8, 451 dn ik ARy 125 13~ A% 2 5] (8 16~18) g3 1
%0 SR R 2 T A R B AR TH I 20 2. ARk AR T vk 8 Bl kb 3R AR BRI I Zrid 72,
T B R AT AR SRR B AR BRI, X vE — e AR B T IR, (R AN T
Gl R TORGEE T R, SEONAVEAR EE AR BERRS B — MU . DR 2 S R R C 2 AE S
fibHt B B 58 B IR BE AR 22 N 5 BB, A AR I SR A BT i 8. 7E PR b, NI AR 115
—NBEHA I B A AR 22 X 28 FF AN DL, B I B8 B AN 78 70 3 LR % X 2% B B KPR R L
SEONH WS A AE — 2R AEL TmageNet Ha 5 (0 KB4 LSRG A M 2%, I LA Oy FER HEAT
Ja S TAE, ks temt BRI 84— DT CRAS, B LR R 2% S — MRS U L AL sei K
ILE ImageNet 1) K44 15 51 B KR BE EHR B W] DIZ A B AR SR 48 081, PRI 51 ke 7 K& 7L
IS — A LA (8,20~22),

KRN T RBRARAMU 7 AL 5L DNN A, WAREATT VAL #8 2 21 W3 77 TH A 4 FRA T
WLt . fEARIEAR T, BT HES 28 (conceptor) FERY, $2H T FXF RS 7 203 M & 28 4 2%
#y, HE G B8y 7 —MAEkR 7 —— TGRSR E ML (feedforward convolu-
tional conceptor neural network, FCCNN). X Fpfi £ 2575 Z A7 TH 2 B 1 [F FARE N4 (echo state
network) (23] FIRERR 25 24 1) 5 A, AL EE R 57 BT ELYIZRIS )40, A i AU a4 X 28 1) 35— 30 40
JEREAERYZ, M E 58T (principal component analysis, PCA) 25 $2EUFIRFE, A2 TC M 1
M HANGREAAE, RN BA RS, SR, SRR IEREAT 1 84, X2 — OB IRRIE, 1
JEHTEAN A, WG R, ZEAREIRR A S — N KR, B RBEEE TR P
o T IR, JAHE— LT MNIST B EERBIMES, BT T RZEAREARTVE R e P fE
K

FEIERE 21510, St 7 — MO EE M T BT B 2 T GPU s () PROEME & 38 73 2K 2% (fast con-
ceptor classifier, FCC), JALATE ImageNet 44 L1l Zhid B AR M4 VGG-16 Net (18],
Resnet-50 F Resnet-152 [26] ZEX(HE4E Caltech-101 1 Caltech-256 ¥4l 7 HAVERE. PROEME & 28402
s R 32 1) [ AR X 28 IR 2 2 B 8 AL, AT e — > Ik 3 28285, P LI RN 8] bE ST )
AL BT A Softmax [AIH 43 FEE R HLAN, POEMES S 2 5 TIE B — ME TS M5, 5L
br b RE—AFRA LR MSEFTRENL. LS R SR 1T IR Tl Zheh 2 W 48 (1 25 Wife], FCC
e A TP 0 25 1 73 R . BT DL B4 i, AT FCC MU BERS IR m Tl Zrpp
W 2 PR T e 22, T BRI s

2 THEHEA

W AR A ] — R 5 AR R, ERAF A — B LA, E@ A DNN FBRREE A
F1, R AT 1 A BRIRAT TAEA SR SEA 2. RS 28 2 E N — A 8] 2 fh 28 o 2% (recurrent neural
network, RNN) ) T E A HE H 24 A] DR A AR B 3 o 20 i A R ek 8 2% . A 3 AR 0
BRI, SEBUG e 2815 5 107 e 2R JE . 305 B al, SN T4 EN P E S, HEA
G 7 A] LA B AR S S S A AR Y.

— MRS AN ¢ e R, A m BN E o VR E] m 4EmE oy, B
y = Cx. MEARFEFERE CHKRREEHHEA, HOREREME TR, X T 2m A0 R

L= HX_CXH%I‘O—’—Q_QHCH%I‘O? (1)
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;H\:EP X e Rmxn E@% l ﬁﬂ%iﬁﬁ)\ﬁzﬁ x;, o € (0,00) %#ﬁﬂzﬁf%;&? Eﬁ%ﬁ%&i%ﬁj’g “?L’/fé”.
A (1) PRFEMEEEUR 2 DB SHHEH (Frobenius norm) B /RAAHF — i % HFVE 4L (Hilbert-Schmidt
norm). AT, XA bR Hoime /ML K g RT 75 24

C=R(R+a2)7}, (2)

o R = XXT ¢ oo LA N B I RIBEA I, T 2 SR AT, W B I T 52 FLARAEAR (G IE
TEFEFER AT AE) RN RS 1 — A W SEBn s TH A5 2 RO ME & 8 A R A — MR R, X
At Ol B RS NS 2 B AT DU S 28 5 1Y S5 A A 0 i (compact singular value decomposition,
CSVD) 75, IXA] AT 293 S ).

FEZ 5P RIS DL T, M NBEE Wi k. B, X; ¢ X RoxkBEH j (1 =1,...,K)
KEFTAREAR, MNERBEFRN R, = X;—fJT XFFEEAS 2, T LGB A B R 2 A
Cj = Rj(R; + o217t SERE K ANEIEEE, WiHEAS K MEEHMER ¢, C,, ..., Ok, TR
AT EATRY K NRFEAR © € R™. BB 38 K NIEIEHE (positive evidences) Bt (x,4) 24, IEIE
e — N IEH, 15 B RS AR AT TSGR A, SRR s U2 0 O AR i AR I SR ) O M K
SRG, TEIE KA TEEE R R B KRR TN I TR A B S 203, e BT A lan R

¢ = argmax E'(z,i) = argmax zT C; z. (3)
i i

3 ETHISR[/WREHEMLZIRE
3.1 ANREGRES[/EEMNLE (FCCNN)

K 1R T — e R AR AR K, TE R A 1 FCONN anfe) TAE. B i)~FAT YL B3
AR, AR R R AL B IR, AR ZRI BU RSB RUL B, 8L PCA WA ZERERZ, A
HSAEREBZA T ERRAE U 2 BHZE 5, MRBRME ST (A FIF 0 K A, X
B K RRENFRER SIS ER. Rt 5, 530 KK K MRS NIRRT
K. AENNRET B, A s d 2 1 5 )1 ZkBi BRI B RUR, IR RTIIZRB R 2R G, $
S IR LA A AL, IS A A B S 28 RE T T SO LA TR . e, T S0 At g
38 3 B R R IR UESE A5 2.

3.1.1 FRIEFI

LRI ) I R B AR SRR AT, HH T SR e S AR %, FRATEAS AR LLR Z KB 36
PSSR, B 3hgmhS#s % 2] (autoencoder learning) 45, [RIHFRATTIES: T 5 N B B0 3= 5 0B
%52, G ZERUZ G, R RHE B A O U] ek B AR R AR 2RV, RN AR AE 4 TR X )
(—1,1). BARMAZEAGIRZ M0, Q08 G AR P R IA RIS AR AR 46 B2, (R FRA T R RS B it
R TGN TUARAE B A B TR E AR (1 7 268, DAL, /£ FCONN iR Z. Rk
ORGP A A G B AR, O BRME B AL, BURRYE R SRR AE B A { 1,1},
Horb By B{E 2 AT AT 24

513



BOBIER: JE TS &5 TR LA 28 o 2 AT

Training fBmary Conceptor
catures matrix 1
of class 1
PCA filter .
learning Filters / C

I |

. .
. 7/ Features Convolve —— ﬁtures
. .

features
of class 2

meary Conceptor
catures matrix K
of class K

C

K

Testing o,
Conceptor Positive
matrix 1 evidence 1
C
PICA filter Filters / ' E,
earning
Positive
I l evidence 2
. .
. 7/ Features Convolve f—— ﬂar}" E, i arg max (E) ;
eatures

.
Conceptor Positive
h evidence
matrix K %

Cy E

K

1 FCCNN #%idizE
Figure 1 The flowchart of FCCNN

3.1.2  EFN

SERRRIE S G, AR FH 2 21 B R AE R ) 2Rt 2 28 HHHEAT 20 28700 3T K2 By 28k ik,
FEFEI A RFAE L AT 20 SR B AR R AR EE 7 B VERE 4. X = B W 7 TR IR, — & R R Al 4
FEE, AT X o M bk Ry, BN R G 85002, R A RHESR IS, AR HI M EE s 5 2
THAR TR L, WA RT 225 NGB, @it (2) THEAS RIS 2R AEFE, TS hr
izl (3) 153,

3.2 REBBZF[HLESE (FCO)

S TR B E AT L BT, TAT B F R T ML B R 5] LT {70k, IF4R
T P A 340K FOC. —ANET FCC M4 JAMER R Bl B4 ALK, — MR BUIZ I DNN 3
HHTRESREL, 53— AN FCC BT A2, i 2 Fim,

3.2.1 4F{ERER

RENESE IRy BRI 77 202 [ 58 PRI A AR e I 20 AS B, R B 4 N B 246, (8185058 —
& (G —ERARE) B BAVERAIE. BRI T 90 2% 250 75 200 S Vi, R iR e — 2
R, R ESII 1000 2K ImageNet 7738, JRR M Z B 4 oy P & 28 70 2885, A Prik il
5254 Resnet-50 Fl Resnet-152 I, FAVERH 7 Ll f977 NuE 7N 4i. (B2, VGG M %%
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ini Feature
Training Feature Cn(l);ltig)tf)r
class 1
Feature
Concepto:
Ty
Feature
maps .
Feature extracting network gi%?ﬁ? COI’ICQp}g
class K matrix
Testin Concepto Positive
o matrix 1 evidence |

Positive
evidence 2

i Frgg;)usre . i arg max(E) ;
- o Positive
Feature extracting network Conceptor evidence
matrix K K

2 FCC fyidiEE
Figure 2 The flowchart of FCC

NTEEZ RIERHE, FEESERZHENERZE, BIEMN LS E A EFRM4% (fully convolutional
network, FCN) (28], & 45 (1) 45 7 4 25 ) 28 B R N\ UG 1 RT S [E AE, 1% R B ZE SRR H1) T 15
HIKBE L, B PR T 4 N EUR R R, 5 N BUR B RST AN E I, SR Rh 20 o 28 75 2 — Db 25
PRI N BG A 3 BRAH R F . XA AL BRI FE AT LU BB (cropping) (481, JEAZ (warping) 2129) 5
& S 01T B () A T, AR R X S FRAL B 2o A iR 46 B K i LU ERORUEE, 38 B B 5 k. B R 25 T LA
BRI, YRR gt RATH T B AR AR, B AR DUAR B AT RS i B 1A
VGG MZEAE Caltech-101 A1 Caltech-256 a5 (S8 mH A X PRI B0E T 3, JFIUE 1 Hiemkor
B FRAER 2R

3.2.2 TN

N TR T M A 2 R SR A 2 2 B (1 3 S B 20 AR 1 T B ] 422 1) 5 BV T, BRAT T P K
T AAE MR, SRIHE T 5 0N

X =035V,
XXT U207 )
R=—-= 7;‘ " =U,DUT,

Kb D, =52, r A X e Rm>n Rk, FESLIGrh, BN RIS I RFERE X 2Rk AR, a6
FIIIZRREAR H /N TR IERI4ERE, FTLA r = min(m, n) 385 BHINGREEARAN SR E , S 2850 M AR AR
T EE N

C(R,a) =U, [D;(D; + L) ' US =U,S,.U, (5)
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F 1 AREFEE MNIST TE EHEIREMAE bg-img-rot L AIYIZRET(E]

Table 1 Error rates of different methods on MNIST variations and corresponding training time on bg-img-rot®

Method Basic Rot Bg-rand Bg-img Bg-img-rot Training time
CAE-2[31] 2.48 9.66 10.9 15.5 45.23 >3 h
TIRBM [32! - 4.2 - - 35.5 >3 h

PGBM+DN-1 [33] - - 6.08 12.25 36.76 >3 h
ScatNet-2 [13] 1.27 7.48 18.4 12.3 50.48 -
PCANet-2 [14] 1.06 7.37 6.19 10.95 35.48 15 min

FCCNN 2.43 8.91 6.45 10.8 33.6 5 ~ 30 min

a) The best result in current column is shown in bold font.

Hef S, = Do(Dy + o72L) 7L BRI AR T ES A
E*(z,j) =2"Cja = 2"U,, S, U;l;x, (6)

Horbrj R § K, o B DNIEREA. SERR_EAEDY 7 J88%, MG 88 AR B (AL I kB Bef .
Bt AT IZR G R A — N E RO S A R, SRR ORAF R R A S E D R IS5 2R U, A0S, IXAERER]
LA3E S AE I 2R B 2B R EL K IO AR R, SCREAE Ik BRI v 5 13

4 SLIGEE
4.1 FCCNN £ MNIST & FRIstifsER

ASCAE MNIST AFEEHHEEE (MNIST variation datasets) B9 X FCCNN MM REHEAT T 0. %
IS AT A IR R R IE R EE R GE. MNIST B2 H 10 BKEF5H 7R A K,
BEIRE R BFIR/NE 28 x 28 B &, BENEUEEB S 5 725 (1) Basic, R4 MNIST FdEEM T4;
(2) Rot, XT8N T BENLAIIERE; (3) Bg-rand, 07 FIE 53N T BENLAIE RS, (4) Bg-img, BUF IS
SN R TR RENLE EIE; (5) Be-img-rot, HU MG BEH R FE XK BEALI G AE T 56D, X T
BHR LR — T2, 10000 5K B 1R AUIZREE, 2000 5K B A VE NSRS, BLA 50000 K B A7 Al
.

ASCAEREAS MNIST AR4E LS Frsg Bl FCONN BEAT 7 S2a6, o — 8 b A A B E Ve oA
[—0.2,0.2], FLAERBUEVEFE A (0.1, 1.5], HiEEI0IEEE Z0E & 4T B £ s MUE, 4R WE 1 fr
AN HHTARSR S A 6 B2 L 268 25 A T 5, DR AR T F At AR IE AR T 25, 2 (R I s FE A . ot
Ab, K4 FCCNN BV SR o] #0824 ik 2% SRR A 7 F X R mT DLId e 22 6 5 22 Y AR s

FEXFHsEge AT T RE & =K F I AEIE R TTE (ScatNet-2 18] Al PCANet-2 14)) | SL1{H
AR J7E (CAE-2 BU, TIRBM B2 fl PGBM+DN-1 33) 1 FCCNN. M\ 1 #a] DLW 8 %] FCCNN
TERTA T3 ik HE A Bl A SO SR I B 2 FE R D 4 . i, FCONN fE & Ja A i 2 A4 I Ba 4 -
LB T EAFIITERE. LEAL, FRATVES BIRIE4EE R & PCANet =72 —, 11 HH 45 58 a5,
HFEBYA S — A ONN F—/N 220 380 B AR 7 208 M2 45 73 2548 PCANet W28 4514 (1)
R 3 FHFRAT T 285 R RG22 3508 70 AL, A 22 AR J5 0 73, PCANet Ho 5 (1) 3 B 2 Bk B 7 B
(block-wise histogram), ZEREAMUE 21 HoR IR FR vy 1 % %ﬁﬁ’]éﬁ)ﬁw M ERUE AR S 2 P SVM

1) X LR S n] DLTEIX Bk 3. http://www.iro.umontreal.ca/~lisa/icml2007.
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2 TEHURE Caltech-101 1 Caltech-256 RIS ZOERE
Table 2 Classifying accuracies on Caltech-101 and Caltech-256

Method Caltech-101 Caltech-256
Zeiler & Fergus [8] 86.5 74.2
Chatfield et al. [20] 88.4 77.6

He et al. [16] 93.4 -
VGG-16 Net [18] 91.8 84.57
Resnet-50 [26] 92.65 82.43
Resnet-152 [26] 95.23 90.24
FCC(VGG-16 Net) 91.87 84.67
FCC(Resnet-50) 93.08 82.81
FCC(Resnet-152) 95.55 90.87

f17r 3k RE. Mk, FCONN Jofs R 2% BLIR BT B#RAE, fE4d ONN $ZHURHIE)S, B RA b A
PRI P A5 0 64%, HIFTA3 215 PCANet AN LN 20 R RE.

MEE 1 a5, FATAT LS BIE RS be-img-rot b, FrA 1A T 2 B ZRIN [R]F 2545 T
JEEMRT5%, H FCONN KJIZRI[a] 5 PCANet JUF—H#. HEERAZE, ARSHMIE S FIA
[FI I ZRIN T), RN T FOONN )& A S 400 B A AT AE bg-img-rot ZdfaE FEUG L PCANet )
PERE, (H2R 1 i I HES 7RI MEh R, A48 B RFER A, 2179 30 min, B FCCNN Il 2k
T L PR

4.2 FCC 7E Caltech-101 F Caltech-256 FRJSLIGLER

Caltech-101 % 7K H 102 NI 9144 K EFARME F, B 100 MR 1 A
540K, Caltech-256 &2 — N KMEHES, A& TRE 256 NEMILTT 30608 K& KbrME . £
Caltech-101 B+, FIA 30 TREEVLEIUIE AN IZEE, R T IRIE R R BENLEIE £ 50 ik
PERIALE. 7 Caltech-256 FUHEAET, TA 60 sKFENLIEI I A AEMIIZREE, & 1 E 1Bl
AR, AX/INT BT A SEIG A 1 BE VPN AR v FE AR R 2 B TR0I T A PR IR AR AN £ 5 R A )
Bt

VGG M4 2B I IR FE AR 2%, AR RIS U (1 N A AR & VGG-16 Net F1 VGG-19
Net. BT VGG-16 Net 1 VGG-19 Net 7E53KVEREFIZEH LA o0AHAL, BRI SR3e A VGG-16
Net HEAT T VEAh, Fodt B s A i M — T 3D SRR B MR IR L R T IR R TR ok I RGB 31E. [F
B, FASCHR (18] H 2L, AU M FEIFECEE 2 5RHU T 4096 4ERFE, 1 HES T 2 RERE . L0
T 3 MR Q e {256,384, 512}, IXME KRB B R 48 TREX AN, 110 B A B 32 D0 42 e
SR MBI B8 LL BRI, B 24 2K 5 LA R E R RS TR 3 M

[, AT HHE FCC &S Ret FH TR E M %, AT H L5 Resnet-50 A1 Resnet-152 34T 1l
. B TTE Resnet W2 b, 2 R 51 AR kB B PER ST, Bk RS8R T R 224, % FCC
AIHABAE Caltech-101 F Caltech-256 £ U i =y K1 7 VAT bR, X EESEER 45 R ansk 2
FioR.

M 2 R BLE Y, EHIRESE Caltech-256 I, FOC 454 VGG-16 Net 7E1ERE T JH A
VGG W% 18] /44 Caltech-101 |, FCC £54 VGG-16 Net AE% BA 74+ 77, 1Mi H B E R LG
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% 3 VGG-16 Net, Resnet-50 # Resnet-152 A RE D LRRTERTE (s)
Table 3 Running time of VGG-16 Net, Resnet-50 and Resnet-152 with different classifiers (s)

Method Caltech-101 Caltech-256

Training time Testing time Training time Testing time

VGG-16 Net 118.31 118.28 2345.07 3114.48

FCC(VGG-16 Net) 1.76 65.2 26.16 1103.25

Resnet-50 16.03 21.59 82.43 554.12

FCC(Resnet-50) 0.33 15.19 2.64 220.99

Resnet-152 13.07 20.24 229.93 497.93

FCC(Resnet-152) 0.32 15.33 2.73 223.21

VGG-16 Net ZH i IR WL FCC A A R0 = Pl 2R 45 (1) 73 M fE. 7E Caltech-101 F1 Caltech-
256 HHi4E I, FCC 454 Resnet-152 153 T i mi /K P[0 70 RUER 2. FRATUNIZFE R H 45 R 32 2
T Resnet-152 BEZ ALMIRERR AU RE, FIONASSCET S A A TI0II 2R Resnet-152 & 7E—/MEAZ) 11000 4
I3 K TmageNet ZEAE FVIZRABLAL, 1M JLA P48 52 7E 1000 44251 TmageNet £ 4E I
BT ISR,

B TR R 5k R, FCC s AT i (B ik NED G IR Z]. 76 Intel® Xeon®CPU E5-2620 v3 @
2.40 GHz Bl & E, VGG-16 Net, Resnet-50 Al Resnet-152 45 & AN F 38 (FCC B SVM) [1iE
SRR 3 B, PR B i 2 () 22 A AEAE T 0 K283 0, BT LASEEAN Geit T 4r R8s s
I [A].

M 3 FRILLEH, FCC ISR a A A, PRI 4ai 3] 1/60. BOAUIZGRM B 3 E0 1B 2
CSVD, fER T j BIMFERESTE X; € R, Hdt m > ny, FrCAH RN TEHER D, RIS
USRS 8], 7E RIS R, AR SVM —3. B T A B EHEH /DI, | FCC MEEIEH
JETHEFEIZ 5, v LAE A8 40 Intel® Math Kernel Library (MKL), Linear Algebra PACKage (LAPACK)
5 v AN R B SR .

5 51

IS A% 5 SRS AR A ) 2 RO SR P 7 THT (A B R, AAEIE AR 5 i A RS 2 > WA
Tk BN T, Sl ok ] B T — S AR, 32 B T AU AL AR S ) DNN AR 3
T LS X — AT I AR, ARYE AN R 75 ZE4R Y T Ao Sod 8L, 5 DNN #4784, Wit T AR
fRET B S AR BE 2 MINIST 284 | Caltech-101 A Caltech-256 b [RS8, oA TIGAE T BLAY iy mf
FTHEIEIRTG T BRI T, 1EA— 11 LA, MSHREG 2 e Emidt— I k. £)a, &A1t
IR FE M 5 28 RO MURE T 6, BIF 8 CXCREIR I 458 (V08I 73, A R R A A 2R e ) — S ) R AT IS 38 B w3 1)

S 3k
1 Zhang L, Zhang Y. Big data analysis by infinite deep neural networks. J Comput Res Dev, 2016, 53: 68-79 [5‘&@, H

R KBRS BT TG IR B A M 26 7. THENVLE AL S K&, 2016, 53: 68-79)
2 Hinton G E, Osindero S, Teh Y W. A fast learning algorithm for deep belief nets. Neural Comput, 2006, 18: 1527-1554
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Conceptor-based deep neural networks
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Abstract In recent years, deep neural networks, also known as deep learning, have achieved several break-
throughs in different fields that were previously dominated by machine learning. Even when using high-
performance computing devices, it takes days or weeks to train a deep neural network. Conceptor, as an extension
of echo state networks, can be understood as certain neural filters that characterize dynamical neural activation
patterns. In this study, based on some improvements to the original conceptor model, we have conducted several
studies from the perspectives of non-iterative methods and transfer learning to address the issues mentioned above,
which can be summarized as follows: (1) A conceptor-based classifier for non-temporal data and a non-iterative
approach feedforward convolutional conceptor neural network are proposed. This classifier achieves classifying ac-
curacy comparable to that of the state-of-the-art methods while requiring significantly less training time. Through
experiments on MNIST variation datasets, we evaluate the classifying quality of the feedforward convolutional
conceptor neural network. (2) A classifier called fast conceptor classifier is proposed based on conceptors and
it achieves state-of-the-art results with the training time reduced by a factor of 60 on average. Its evaluations
with pre-trained rather than fine-tuned neural networks have been investigated on Caltech-101 and Caltech-256
datasets.

Keywords conceptor, image classification, deep neural networks, transfer learning, non-iterative methods
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