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Fig. 1 Feedback system of FORCE learning with
cultured neurons
(a) Feedback system with cultured neurons
(b) Schematic diagram of FORCE learning
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Fig. 2 Stimulus response against different stimulus
duration
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Fig. 3 FORCE learning with cultured neurons
(a) Output (b) Convergence of weights during learning
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Fig. 4 Effect of burst suppression

IRV A (10 Hz) 122w T, [FHI% ko il
MFPEBAEICE R D ELM 2. 2O/ R, K
BHEDOZ 4 — KNy 7 Tk, RF#FEKOHIME T
MM GENE D L. L, 74— RNy 7l
WMOBEIZX ST, R KOIME O 72D I fil
WMEZMz 52 &T, BEEEHICHNERL
LT WEHF RO ST

INLORENL, BEEAREKEZ AWV
FORCE % T, #EMRO M LIZFE IR kD
MBI N HERIZN, WEOZDDT & N HE T
BB ICEEBLERIETT NN, ZTHHD
L —RA7%EZELT, RER7 44— KAy
R T EEWS.T D ENESBORETH D,
3.4 BEAKRyY ~HMH

B MBRERIC X D FORCE®3H 2 WT, B
FoRy MIE2RKHRBEORPEEZRAALTZ. &
Ay PWNEET S L DI FORCE #H 21T\, o
Ry boO#EITHFmNAS 90° O LY BEYIK
MENTZRES, 13Ny BB ICEEM L 72
LA, BEEMREBICESIMNE MM LEZ.
DOFER, BARy MIEBKAIEIZ L - TH s
L, BEMEKRICBEIESTZZ ENHERKE.

A
4. H:él: aff

AWFIETIX, ZHEMT LAICE DR L,
=Y NMEEMEFRHALEZLY -V HIER 2 KA
L C, fh#RH A 5 # ks & R I FORCE 78 % %
L S5, Z20RTEBEHIeR Y M Z2ERKE L,
BRI AR Y, KO X O A A A O
MERILCTCEAILERLE. 2L ORERIL,
FORCE FEH NE; B MM CTEITAIRETH D,
MREEKE EMAEDbDEDL L TEBOTIKET
NELTHETDIZLEAERBRLTWVD.

& Xk

[1] D. Sussillo and L. F. Abbott, “Generating coherent
patterns of activity from chaotic neural networks.,”
Neuron, vol. 63, no. 4, pp. 544-57, Aug. 2009.

[2]1K )1 %0, = H %, D. Bakkum, U. Frey, A. Hierlemann,
PRRE 5% 3, RS ZE N, <R R U 7o B 2R A RE | B o0 )
vy U= R ETEBORELE, EXFm

#& C, vol. 134, no. 3, pp. 338-344, 2014.

[3] D. Wagenaar, T. B. Demarse, and S. M. Potter,
“MeaBench : A toolset for multi-electrode data
acquisition and on-line analysis,” Proc. 2nd Int. IEEE
EMBS Conf. Neural Eng., pp. 518-521, 2005.

[4] E. Fino, R. Araya, D. S. Peterka, M. Salierno, R.
Etchenique, and R. Yuste, “RuBi-Glutamate: Two-
Photon and Visible-Light Photoactivation of Neurons
and Dendritic spines.,” Front. Neural Circuits, vol. 3,
no. May, p. 2, Jan. 2009.

[5] D. Wagenaar, R. Madhavan, J. Pine, and S. M. Potter,
“Controlling bursting in cortical cultures with closed-
loop multi-electrode stimulation.,” J. Neurosci., vol.
25, no. 3, pp. 680-8, Jan. 2005.



