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Fig. S1. Robotic setup. The robotic arm (orange) is built from the TinkerKit Braccio by Arduino. It has a custom-
made 3D-printed hand to accommodate all sensors. The robotic arm is controlled via the Braccio Arduino shield
on top of an Arduino Uno. A second Arduino Uno is used to collect the data from the sensors and the
neuromorphic electronics via bipolar analog-digital converters as the Arduino itself is limited to reading positive

voltages.

Fig. S2. Layout of the organic neuromorphic device. (a) Photograph of an exemplary glass slide with twelve
organic neuromorphic devices. The ionic gel is visible on top of the gate and channel area of the devices. (b)
Exemplary mask layout (W/L=1/6, L=500um) for the organic neuromorphic device (blue=polymer,
orange=gold). The glass slide contains twelve devices, one device is marked with a green box.
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Fig. S3. Volatile characteristics for the organic electrochemical transistor with different resistance loads. (a)
Dependence of the OECT signals on the ratio between OECT resistance and a load resistance. (b) Exemplary
circuit of an OECT with a load resistance.

Fig. S4. Measurement of the output voltage of an OECT with different load resistances.



Fig. S5. Sensor setup. (a) Proximity sensor attached to custom fixture. (b) Pressure sensor attached to right
custom gripper. (c) Grayscale and temperature sensor attached to left custom gripper. (d) Exemplary
measurement of the sensor signals with +1V sensor output voltage for a hot, dark cup and a cold, white cup.
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Fig. S6. Additional hardware circuitry to condition sensor signals. Circuit diagram of the additional hardware
circuitry used to condition the sensor signals. Each sensor signal (grayscale, ultrasonic, pressure and
temperature) can be defined in signal strength (voltage) and polarity (-/+) and a threshold can be determined
below/above each sensor outputs no signal (0 V). (a) For color sensor. (b) For pressure sensor. (c) For proximity
sensor. (d) For temperature sensor. (e) Circuit to provide different levels and polarities of supply voltage via the
Arduino Uno 5V analog output. (f) Photograph of the printed circuit board without connected signals and
cables.

Figure S7. Low write currents <5nA of the ECRAM combined with a low transconductance <100nS are
promising in terms of energy consumption. A system with similar characteristics (read current <10nA for read
voltage of 100mV, channel conductance < 100nS) based on organic polymer PEDOT:PSS shows an energy
advantage of their system scales with a factor of 476 compared to a conventional static random-access
memory (SRAM) architecture.
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