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ABSTRACT

Biomaterials-based memristor (bio-Memristor) are often adopted to emulate biological 

synapses functions and applied to construct neural computing networks in brain inspired chip 

systems. However, the randomness of conductive filament formation in bio-memristor 

inhibits their switching performance by causing the dispersion in of the device-switching 

parameters. In this case, a facile porous silk fibroin (SF)-memristor were obtained through 

protein surface reconstruction strategy, in which the size of pore can be adjusted by the 

density of hybrid nano seeds. The porous SF-memristor exhibit greatly enhanced electrical 

characteristics, including uniform I–V cycles, centralized distribution of the switching 

voltages, and both high and low resistances, compared to those of devices with without pores. 

The results of three-dimensional (3D) simulations based on classical density functional theory 

(cDFT) suggest that reconstructed pores in SF layers guides the formation and fracture of Ag 

filaments under electric field and enhance the overall conductivity by separating Ag+ and 

electron diffusion pathways. Ag+ are predicted to preferentially diffuses through pores, while 

electrons diffuse through SF network. Interestingly, the device conductance can be 

bidirectional modulated gradually by positive and negative voltage and can vividly simulate 

short-term plasticity, long-term plasticity and even realize the triplet-spike-timing dependent 

plasticity (triplet-STDP) rule which can be used to pattern recognition in biological systems. 

The simulation results reveal that a memristor network of this type has the accuracy of 
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memory learning ∼95.78% and the capability of pattern learning. This work provides a facile 

technology route to improve the performance of bionic-material Memristor.

KEYWORDS: Bio-Memristor; porous modulation; silk fibroin; Artificial Synapses; Surface 

Reconstruction

INTRODUCTION

Memristor is considered to be one of the fundamental passive circuit elements, which are 

side by side with resistor, inductor and capacitor. As its name suggests, a memristor combines 

the properties of resistance and memory, meaning that its resistance depends on the current 

and voltage signal transmission process it previously participated in. Memristor has been 

widely studied in the field of memory and logic application.1-3 Especially, it is an attractive 

candidate for simulating synaptic functions in biological nervous systems and neural network. 

The computational structure of a neural morphology can simulate the learning, memory 

function and perception ability similar to human brain, which are accomplished by abundant 

numbers of neurons ∼1012 and synapses ∼1015.4 Synaptic plasticity is that synapses regulate 

the strength of connections between neurons and promote learning and memory.5 The 

resistance modulation of memristor is similar to biological synapses that synaptic plasticity 

can be increased or decreased.6 Memristor simulation of biological synaptic plasticity is 

necessary to achieve high precision artificial synapses. The stimulation pattern of spike 

sequences containing multiple spikes in biological neurons is more common than single 

spikes or pairs of spikes. This is due to the spike information sent by different neurons 

connected to a single neuron can be received.7 The information contained in spike sequences 

allows for specific high-level synaptic plasticity, known as spike rate dependent plasticity 

(SRDP).8 Bienenstock-Cooper-Munro (BCM) learning rule is an important type of SRDP 

besides Hebbian learning rules, which describe synaptic modifications that depend on history. 

In the BCM framework, the high/low spike frequency of the pulse train may lead to the 

increase/decrease in the synapse weight, depending on whether the spike frequency is higher 

than the threshold.9-12 Theoretically, BCM learning rules can be closely replicated using a 

generic model based on triplet-spike-timing dependent plasticity (triplet-STDP). At present, 

the development of the BCM rules for memristors is still in its infancy, and the physical 

mechanisms of memristor operation have yet to be identified.

To achieve high efficiency of artificial synapse memristor, many materials have been 

reported to be employed as functional medium, including phase-changing materials, 

ferroelectrics and magnetoelectrics.13-15 Natural biomaterials possess ideal characteristics for 

the development of next-generation sustainable electronic products: biocompatibility, 

biodegradability and so on. Among the few bio-electronic materials, silk fibroin with a self-
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tunable property is an excellent candidate material for next-generation flexible and 

biodegradable electronics.16 As the most representative protein, it has been investigated to 

work as medium for artificial synapse memristor devices application.17-19 However, the 

existing silk-film based bio-memristor devices are compromised by large switching voltage or 

dispersion of switching voltages. To overcome this disadvantage, previous work focused on 

optimizing the performance of the memristor by reconstructing the internal structure of the 

protein based switching layer.20 Generally, it is need to introduce additional functional 

substances, such as metal nanoclusters, carbon nanodots, etc.21,22 The purpose is to use the 

change of electric field distribution caused by different surface work functions of these 

functional materials to induce the formation of uniform and stable conductive filaments, and 

finally improve the switching performance. However, this functionalization strategy has its 

drawbacks, such as incomplete biodegradation of the device and cumbersome preparation 

steps. For biomaterial based memristor, the growth path of conductive filaments often 

depends on the distributions of the local field strength of the top electrode and the bottom 

electrode under an applied electric field. Modification of the surface structure such as pattern, 

hole, triggers the redistribution of the internal electric field. If the local electric field can be 

optimized through simple surface reconstruction on the mesoscale, and the uniform growth of 

conductive filaments can be guided, the device performance can be significantly improved. 

This strategy is called the surface reconstruction strategy. For example, porous films are of 

the interest for electronic device as they can introduce cone-shaped contact and reduce the 

dissipation of Joule heat, thus achieving superior electrical performance.23 It is well known 

that uncontrollable growth of conductive filament due to a random nature of heterogeneous 

nucleation will cause the dispersion in switching parameters. In contrast, when a porous silk 

membrane has a uniform pore distribution, consequently, the Ag dots nucleate in the pores 

and protrude at the lower surface of the upper electrode, enhancing the localized electrical 

field and guiding the direction of filament growth. In other words, porous silk film can pre-

pave the diffusion path of Ag, effectively minimizing the dispersion of switching-parameters.

In this work, we adopt Bovine Serum Albumin (BSA) as a porogen to prepare porous 

silk fibroin (p-SF) film as switching layer, and fabricate artificial electronic synapse devices 

with a p-SF/indium tin oxide (ITO) structure on polyethylene naphthalate (PEN) substrates. 

We further study the preparation process of porous silk fibroin films and the adjustments of 

pore size were characterized by using Atomic force microscopy (AFM). The device exhibits a 

centralized distribution of switching voltages and a slowly varying I–V characteristic, thereby 

realizing the essential functions of single artificial synapses. Three-dimensional (3D) 

simulations for Ag electrode interfacing nonporous and porous silk fibroin support the 

hypothesis of pore-directed filament growth. Memristor display basic electrochemical 

properties, potentiating and depressing conduction, spike-timing-dependent plasticity (STDP), 
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paired-pulse facilitation (PPF) and the generalized BCM learning rules are demonstrated by 

the last spike dominated triplet-STDP. In addition, it is confirmed that p-SF is biodegradable 

and the devices can work normally under mechanical bending. These results illustrate the 

feasibility of using p-SF film based artificial synapses for neuromorphic systems in detail.

RESULTS AND DISCUSSION

The present of (GAGAGS)n repeats favor SF materials to form stable structure, as they 

can self-assemble into discrete β-sheet crystallites (β-crystallites). Other proteins, such as 

BSA, are tend to metastable in helical structure. This difference in crystallization pathway 

also provides an opportunity for surface engineering of hybrid protein films. To harness the 

benefits of controllable crystallization process of SF, water-soluble nano-seeds are used as 

pore-forming agents to simply and reliably prepare SF films with the porous surface structure 

on the mesoscopic scale. The fabrication process of the porous silk fibroin film with the BSA 

porogen is shown in Figure 1a. On the basis of Flory-Huggins’s lattice model, the ‘solute’ 

(the secondary component in mixture: BSA) disperses in a “solvent” (the predominant 

component: SF). The substrate (ITO) was immersed in a SF/BSA blended solution, and then 

coated with an SF/BSA hybrid film on the surface of the substrate.24,25 At the mass ratio of 

BSA:SF employed in this work (20:80), the BSA phase-separated on the mesoscale, forming 

uniform aggregates in the hybrid film (Figure 1b). As reported, organic solvents such as 

glycerol or methanol cause changes in the secondary structure of SF, resulting increased 

crystallinity and β-sheet content, forming the β-crystallite networks (Figure 1b), rendering the 

SF materials insoluble in water.26-28 In this regard, the predominant component (SF) of the 

hybrid film is insoluble whereas BSA still soluble after glycerol treatment (Figure S1). 

Therefore, the globulin leached SF film by working as a porogen, which was leached out in 

water to form the porous film. Atomic force microscopy (AFM) images revealed a highly 

uniform pore morphology with depths and diameters of 18 ± 5 nm and 120 ± 30 nm, 

respectively (Figure 1c and 1d). Far-UV circular dichroism (CD) measurement is a common 

and effective method to study the secondary structure of proteins.29,30 As shown in Figure 1e, 

the SF-BSA hybrid film consisted of α-helix (mainly from BSA), which could be confirmed 

by a maximal positive peak at 192 nm and two typical negative peaks at 210 nm and 222 nm. 

After the glycerol treatment, the porous film exhibits a significant negative cotton effect 

around 217 nm, which confirms that the characteristics belongs to the structure of the β-

sheet.29-31 

The morphology of the reconstructed porous p-SF film can be changed by adjusting the 

ratio of BSA to SF. Figure 2A shows the AFM images of film morphology at different BSA 

to SF ratios. As shown in Figure 2A-a, the surface morphology of SF/BSA-10 hybrid film 

displays weak phase separation and the diameter of BSA fusion aggregates of ∼ 40 nm. When 

the density of BSA is 20 wt% or over, strong phase separation occurs as BSA fusion 
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aggregates reach the diameter of over 120 nm, as shown in Figure 2A-b-e. When the density 

of BSA in the SF hybrid films reaches 60 wt%, irregular BSA fusion aggregates emerges in 

the hybrid films (Figure 2A-f). As mentioned before, the globulin leached SF film the way of 

BSA working as a porogen, which was leached out in water to form the porous film during 

glycerol post treatment. As shown in Figure 2A-g-k, as the concentration of BSA in the SF 

film increased from 10 wt% to 50 wt%, the pore size increased from 40 nm to 560 nm due to 

the fusion of BSA. This increase in pore size implies that morphology of the reconstructed p-

SF film is tunable. In addition, both p-SF-10 and p-SF-20 film have highly homogeneous pore 

size features with obvious nano-/micro-patterns, the pore diameters are concentrated at 40 nm 

and 130 nm, respectively (Figure S4 (a)-(b)). The final porous films denoted marked as p-SF-

10, p-SF-20, p-SF-30, p-SF-40, p-SF-50 and p-SF-60 refer to 10, 20, 30, 40, 50 and 60 wt% 

of porogen (BSA) in the initial film, respectively. The typical resistive switching behavior of 

the different p-SF-x devices was investigated. Figures 2B-a-e show the typical bipolar 

resistive switching behavior of the devices with different BSA to SF ratios in direct current 

sweep mode at room temperature. These results show that the p-SF-10 and p-SF-20 film 

devices have highly homogeneous pore size features, more concentrated switching voltage, 

and excellent cycle durability and stability. And the p-SF-20 film devices are taken as the 

example to simulate the characteristics of biological synapses.

The mechanism of the resistance switching effect in the p-SF based device is further 

investigated using electrochemical characterization and cDFT simulations. As shown in 

Figure S5, the device is stable and uniform, with a narrow range of switching voltages. We 

speculate that the device performance is improved by the Ag protrusion that forms in the p-SF 

pores on the lower surface of the Top Electrode (TE). This protrusion, caused by the porous 

silk film, guides the growth direction of the filament. The creation of Ag protrusion in the 

pore enhances the strength of local electric field and focuses Ag+ deposition at the protrusion 

site as evidenced by Ag+ ion accumulation in the pore region (Figure 3B) and previous work 

on memristor devices with a cone-shaped contact 32,33 and on electrochemical deposition on a 

single-atom protrusion.34,35 The proposed resistive switching mechanism in Ag/p-SF/ITO is 

shown in Figure 3A. Restrictive switches are caused by the formation and fracture of 

conductive Ag filaments. In a fresh Ag/p-SF/ITO device (Figure 3A-a), the filament generates 

a conductive path in the pores and forms a tip. Unlike the conventional conductive metallic 

filament mechanism, the filament generates a conductive path in the pores and forms a tip. 

When a positive voltage is applied to Ag TE, Ag atoms on the electrode are oxidized to Ag+ 

ions and flow along the porous path, growing into a conductive filament. The accumulated Ag 

ions are then reduced to Ag atoms, as shown in Figure 3A-b. The conductivity of Ag filament 

grows with the increase of applied voltage. Eventually the Ag conductive filaments reach the 

ITO Bottom Electrode (BE) (Figure 3A-c), and the device will be switches from the HRS to 
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the LRS. When switching the polarity of the applied electric field, the conductive filaments 

gradually break off as shown in Figure 3A-d. Consequently, the device resistance rises and 

the device reverts back to the HRS. 

Moreover, to further support the hypothesis confinement-directed filament growth, 

theoretical simulation of the formation mechanism of filaments in porous films is carried out. 

3D theoretical simulations for Ag electrode interfacing nonporous and porous silk fibroin are 

proposed to support the hypothesis of pore-directed filament growth as shown in Figure 3B. 

Here, classical density functional theory (cDFT), within the context of the Poisson-Nernst-

Planck (PNP) transport kinetics model, was used to model Ag ion and electron diffusion. The 

model employs a steady state formulation of the PNP. In this formulation, the fluxes  for 𝐽𝑖

ions and electrons satisfy the Nernst equation (1) coupled to the Poisson equation (3) and the 

steady state condition (2): 

                                                (1)― 𝐽𝑖 = 𝐷𝑖(𝑟)[∇𝜌𝑖 +
1

𝑘𝐵𝑇𝜌𝑖(𝑞𝑖𝑒∇𝜑 + ∇𝑢𝑖𝑑
𝑖 (𝑟) + ∇𝑢𝑒𝑥

𝑖 (𝑟))]

                                                                                                                                 (2)∇𝐽𝑖 = 0

                                                                              (3)― ∇(𝜀(𝑟)∇𝜑) = 4𝜋(𝜌𝑓(𝑟) + 𝑒∑𝑖𝑞𝑖𝜌𝑖)

 In these equations  and  are the diffusion coefficients and densities of all the species, 𝐷𝑖(𝑟) 𝜌𝑖

respectively,  is the electrostatic potential, and are the ideal and excess chemical 𝜑 𝜇𝑖𝑑
𝑖 𝜇𝑒𝑥

𝑖

potential, respectively, f(r) is the fixed charge density in the system (if any), kBT is the 𝜌

thermal energy and e is the electron charge. Index “i” denotes mobile species type, e.g. for 

Ag/solution interface i=1 corresponds to Ag+, i=2 to e- and i=3 to water molecules. The 

supplementary information shows the detailed theoretical model. According to the simulation 

results, in the absence of pores, ion and electron transport are uniform across planes parallel 

to the electrode/SF interface and are strongly correlated as shown in Figure 3B-a-c. In 

contrast, when nanopores are present, the spatial separation of ion and electron diffusion 

pathways is observed: Ag+ preferentially diffuses through the pores and electrons through the 

SF network as shown in Figure 3B-d-f. This spatial separation of electronic and ionic 

transport is known to lead to higher overall conductivity36 as it reduces charge recombination 

and hinders potential reduction in the interfacial region due to the formation of a space-charge 

layer. The predicted Ag ion accumulation in the pore region at Ag/solution interface suggests 

that the porous medium guides the formation and fracture of Ag filaments in the device. It 

also enhances the electron strength in the silk film between the Ag and ITO electrodes, 

enabling the fast assemblage and breakage of the conductive filaments. This will provide a 

solution for the speed and uniformity of Memristor. Moreover, the conduction mechanism can 

be further explained by fitting I-V characteristics based on the above physical mechanism. As 
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shown in Figure 3C-b, the data at HRS I-V region in the of Ag/p-SF/ITO device in Figure 3C-

a can be fitted as ln (I/V2) versus 1/V.37-40 The fitting results show the linear behavior at high 

and low electric field, which points to the F-N tunnel conduction model and the direct tunnel 

conduction mechanism, respectively. Figure 3C-c shows that the slope of log (I) - log (V) is 

about 1, which suggests that the device has outstanding ohmic characteristics. The observed 

effect is consistent with voltage-induced change in gap distance between Ag clusters, that can 

lead to the gradual tunneling resistance variation emulating biological synaptic function.3

Excellent resistive switching properties were further demonstrated by the monotonic 

increase in conductivity when consecutive positive voltage (0 to 0.2 V) is applied to the 

device, as shown in Figure 4a. Conversely, the conductivity decreases continuously when a 

continuous negative (0 to -0.2 V) voltage sweep is applied onto the device (Figure 4b). To 

clarify this trend, the temporal current and voltage changes in pulse mode are plotted in 

Figure 4c. Here, we first applied a string of 20 positive voltage pulses (2 V, 250 ns) and then 

20 negative pulses (–2 V, 250 ns). Linear conductivity modulation is the ideal method for the 

back-propagation learning algorithm of Deep Neural Network (DNN), which uses memory as 

vector matrix multiplication accelerator for pattern processing.35 Both the potentiation and 

depression stages were linearly regulated over a wide range. The conductivity increased and 

decreased under a continuous positive and negative pulse stimulation as shown in Figure 4c, 

and Figure 4d verifies the cycling stability of the linear regulation. It is noted that the last 

enhanced conductance is almost equal to the first suppressed conductance, which is 

considered to facilitate highly controllable and predictable learning processes without the help 

of cumbersome peripheral circuits. To further verify the successful modulation of device 

conductance, we applied sequential triangular and sine-wave voltages to the device, and 

confirmed continuous control of the conductance (Figure 4e and 4f). Obviously, the device 

conduction was continuously adjustable under positive and negative pulse voltages, which 

indicates that the response after enhanced or inhibited stimulation is a regulation of synaptic 

weight. These results indicate that the device is similar to biological synapses.

Furthermore, a triplet-STDP investigation is carried out. Triplet-STDP means that a third 

spike, either presynaptic or postsynaptic, is introduced into the standard pair-STDP.41-43 The 

triplet-STDP reflected the inevitable spike pair interaction in natural spike trains through the 

short-term inhibition of preceding spikes.44 The triplet-STDP rule can be used to modify the 

synaptic weights and other neural simulation dynamic processes, and the memristor based on 

the triplet-STDP rule can also be implemented. Theoretically, BCM learning rules can be 

closely replicated using the generalized model based on triplet-STDP.45 As shown in Figure 5, 

the suppression triplet-STDP can also be faithfully implemented in the p-SF memristor. 

Figure 5a-b illustrate two typical triplet sequences. The LTD process (orange) of “post-pre-
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post” triplet is induced by the first pairing (“post-pre”,Δt1 < 0), followed by the second spike 

pairing(“pre-post”, Δt2 > 0) caused by an LTP process (green), as shown in Figure 5a. 

Hereafter, the pair (Δt1, Δt2) is used to denote the spike timing in triplets and the “post-pre-

post” triplet always has the timing of Δt1 < 0 and Δt2 > 0. For the “pre-post-pre” triplet, Figure 

5b shows that the LTP process is activated before the LTD process and the “pre-post-pre” 

triplet has the timing of Δt1 > 0 and Δt2 < 0. In the triplet-STDP scheme, each spike applied 

on the memristor consists of a pair of pulses [V+/V− =1 V/−1 V, 100 ns]. Figure 5c-d 

summarize the data of the last-spike-dominating triplet-STDP with varying Δt1 and Δt2 using 

a colored background to show ΔG. In addition to the “post-pre-post” and “pre-post-pre” 

modes of the triplet-STDP schematic diagram, there are four other modes (i.e., the pre-spikes 

(post-spikes) occur before and after a single post-peak (pre-spike)), as shown in quadrants I 

and III of Figure 5c-d. Similar to the LTP process of paired STDP, the potentiation effect is 

observed in I quadrant because the pre-spike is always applied before the post-spike 

regardless of the number of spikes. On the contrary, the quadrants III are similar to the LTD 

process of paired-STDP, and the pre-spike is always applied after the post-spike, so the 

depression phenomenon is always observed regardless of the number of spikes. The synaptic 

weight G in the quadrants II and IV can be switched from depression to potentiation by 

adjusting the timing of Δt1 and Δt2. This proves that the p-SF memristor can successfully 

simulate the BCM rules by using the triplet-STDP, which has a potential application value in 

high-order spatiotemporal pattern recognition. 

The spiking neuron network connects 108 pre-neurons with one post neuron through 

synapses and each pre-neuron corresponds to one pixel in the pattern, as shown in Figure 6a. 

The learning ability of 6×6 pixel predefined pattern memory arrays is simulated using STDP 

characteristics. Pre-neurons resemble the retina and emit peaks corresponding to visual 

patterns. In reality, the sensor perceives the mode and immediately reflect the perceived 

information to the post neuron layer. Random learning method is adopted herein, 46 predefined 

neurons are alternately activated by pre-determined patterns and noises after each learning, as 

shown Figure 6b. First, we randomly define the starting value of synaptic weight, with a 50% 

probability of pattern and noise, respectively, and the noise contains two randomly distributed 

pixels. The simulation results show that the more times you learn, the closer you approach the 

ideal pattern, as shown in Figure 6. With the increase in the number of learning times, the 

learning accuracy rapidly improves until it reaches a saturated state and starts fluctuating near 

the saturation value as shown in Figure 6d. The learning performance accuracy can be 

expressed as follows:

Accuracy = [ ] × 100%                                           (4)1 ― √∑𝑛
𝑖 = 1

(𝐺𝑡(𝑖) ― 𝐺𝑖(𝑖))2

𝑛
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Where Gt(i) and Gi(i) are the target and learned conductance of the ith synapse in a system 

with n synapses; Figure 6d shows that the accuracy of learning reaches 95.78%. Notably, 

noise plays a randomizing role in the learning process. 

Finally, the solubility and flexibility of porous silk fibroin membranes were further 

studied. The controllable biodegradability of Ag/p-SF/ITO device is shown in a papain 

solution (5 mg mL−1) as shown in Figure 7a. The device can be dissolved in papain solution 

within 10 minutes, which means that the Ag/p-SF/ITO device is well biodegradable.47,48 Then 

the flexibility of the Ag/p-SF/ITO devices are tested and Figure 7b shows the flexibility of the 

device. Figure 7c shows five recorded I-V logarithmic curves under the bending lengths are 

13 mm, 11 mm, 9 mm, 7mm, and flat, respectively. The HRS and LRS variations under 

different bending lengths as shown in Figure 7d. It is observed that there are no obvious 

fluctuations of I-V curves and resistances in the range of bending conditions, which shows 

that the device has excellent stability even in bended state. The analysis of the effects of 

repeated bending on device resistance shows that even after bending 1000 times the ratio of 

resistance of HRS and LRS remains unchanged, which proves that the device has excellent 

stability (Figure 7e). Overall, these results demonstrate the potential of p-SF-based devices 

for implantable biomedical devices and biodegradable devices.

CONCLUSIONS

In summary, porous silk film can be fabricated using the strategy of mesoscopic 

morphology reconstruction, to optimized memristor performance including device 

mechanical and cycling stability, and uniform switching characteristics. Accordingly, the 

reconstructed silk memristor can fully emulate the excitation and inhibition of bio-logical 

synapses, i.e., the gradual enhancement and inhibition of conduction under the action of 

positive and negative pulses. Furthermore, the memristor device faithfully mimicked the 

learning and memory functions of synapses, including using a generic model based on triplet-

STDP to implement BCM learning rules. The learning ability of memristor network was 

verified by stochastic mode learning. The 3D simulation results predict that the Ag+ ions 

preferential diffuses through the pores while electrons through the SF network, facilitating the 

formation and dissolution of the conductive filaments in confinement. In addition, the porous 

silk memristor is inherently biodegradable and flexible, these unique features of the 

reconstructed silk memristor makes it a promising device for potential applications in 

sustainable data storage, synthetic neural networks, and other biocompatible and 

biodegradable electronics. This work provides an effective strategy for fabricating bio devices 

with relatively uniform switching parameters and behavior that mimics bio-synapses.

EXPERIMENTAL SECTION

Materials:  Buy BSA powder, sodium bicarbonate, lithium bromide from Aladdin (Shanghai, 

China). Glycerol was obtained from Sinopharm Chemical Reagent. Silk fibroin (SF) solution 
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was prepared as previously reported.28,49 Sericin was extracted from silkworm cocoon by 

frequent stirring and boiling with 0.5% sodium bicarbonate for 60 minutes. The extracted silk 

was washed and dried at 40 °C for 12 h. Then extracted silk were dissolved in 9.3 mol L−1 

LiBr solution at 60 °C for 4 h and then the deionized water was dialyzed with cellulose tube 

(molecular weight cut-off of 3500D) to remove LiBr for 2 d, and 7% w/v solution was 

obtained. SF solution was mixed with BSA solution. Briefly, BSA solution at 25 mg/mL was 

added to SF solutions at weight ratios: 20:80. 

Device Fabrication: The substrate (ITO) was immersed in a SF/BSA blended solution, and 

then coated at speed 0.1 mm/s. In post treatment procedure, the hybird film was incubated in 

glycerol solution at room temperature for 24 hours, then rinse in deionized water to removed 

glycerol and BSA and dried for 12 h. Then the Ag electrodes with diameter of 90µm and 

thickness of 70 nm were grown by mask.

Simulation ： Simulations were performed using atomistic-to-mesoscale classical density 

functional theory / Poisson-Nernst-Planck formalism for many-body correlated dynamics in 

complex heterogeneous environment50 to study ambipolar Ag+ and electron transport at the 

interface of Ag electrode and porous or non-porous SF matrix. The interface is characterized 

by the dielectric discontinuity with dielectric constant changing from over 78 in the solution 

phase and metal electrode to 2 in the SF matrix. The model of the porous SF contained a 

cylindrical pore normal to Ag electrode partially filled with Ag metal (see Figure 3B-b). The 

pore diameter was 20 nm. The model treats the electric potential driven diffusion process 

using steady-state dynamics, in which, Ag+ and electron driven by the gradient in chemical 

potentials, diffuse in the solvent and hop between the electron acceptor sites on the SF, 

respectively. Chemical potentials are calculated using a parameter-free approach that couples 

elementary diffusion processes and mesoscale correlated fluctuation dynamics. The total 

chemical potential of the system includes the Coulomb electrostatic, many-body electrostatic 

correlation, excluded volume and chemical short-range, e.g. energy cost for elementary 

diffusive hops.

Characterization: The secondary structures of protein film were determined by a CD spectra, 

which was collected on a Jasco 715 model spectropolarimeter. AFM (Veeco Multi Mode 8) 

used the Tapping mode in the air. Direct current measurements were performed in the 

atmosphere using a digital source table (keithley 2400).  The input of the front and rear spikes 

is achieved using two pulse channels of Keithley 4225 PMU and 4225 RPM, respectively.  

Pulse waveforms before and after the measurement were collected by an oscilloscope 

(LeCroy62mxs-b). In electrical measurement, voltage bias affects the top electrode and the 

bottom electrode remains grounded.

SUPPLEMENTARY MATERIAL
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See the supplementary material for Figs. S1–S11 and Tables S1. We also include 

information about the classical density functional theory simulations method.
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Figure Captions

Figure 1. The fabrication process and structure analysis of p-SF film. (a) The fabrication 

process of p-SF film and schematic illustrations of memristor. BSA was taken as a porogen. 

The mass ratio of the obtained mixed solution is SF: BSA = 80: 20. (b) The diagram of BSA 

phase-separated on the meso-scale and formation of uniform aggregates in hybrid film. (c) 

Atomic force microscopy (AFM) images of the SF/BSA hybird film. (d) AFM image of the p-

SF film. (e) Far-UV CD spectra of protein film. The positive peak at 194 and the negative 

peak at 217 nm are the characteristics of the structure of the β-sheet.
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(A)

(B)

Figure 2. (A) The AFM image SF/BSA hybrid film. (a) p-SF-10 film; (b) p-SF-20 film; (c) p-

SF-30 film; (d) p-SF-40 film; and (e) p-SF-50 film and (f) p-SF-60 film. The AFM image of 

porous SF film. (g) p-SF-10 film; (h) p-SF-20 film; (i) p-SF-30 film; (j) p-SF-40 film; and (k) 

p-SF-50 film and (l) p-SF-60 film. (B) I-V characteristic curve of SF/BSA hybrid film. 

(a) SF/BSA-10 film (b) SF/BSA-20 film (c) SF/BSA-30 film (d) SF/BSA-40 film (e) 

SF/BSA-50 film (f) On- and off-voltage statistics in different proportion. (B) I-V 

characteristic comparison of different ratios of BSA to SF. (a)-(e)Typical memory 

switching I–V curves. (f)The distribution of set voltage and reset voltage.
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Figure 3. (A) Schematic of the conduction mechanism in the Ag/p-SF/ITO device. (a) Ag 

distribution in the Ag/p-SF/ITO device. (b) Conductive path formation in the HRS of the 

device. Ag ion moves from upper electrode to ITO electrode through p-SF film under positive 

voltage. (c) Conductive path formation in the LRS of the device. Reduction of Ag Ions to Ag 

Atoms on ITO Electrodes. (d) The Ag conductive filament breaks after applying negative 

voltage. (B) Ion and electron transport in silk fibroin memristor. Uniform ion and electron 

distribution are observed in the absence of nanopores in the SF layer (a-c) When nanopores 

are present, the spatial separation of ion and electron diffusion pathways is observed: Ag+ 

preferential diffuses through the pores and electrons through the SF network (d-f). The 

densities are given in M units. The electric field is applied to Ag electrode and the steady state 

distribution of (c), (f) Ag+ ions and (b), (e) electrons is plotted in the plane parallel to the Ag 

electrode / SF interface at the distance of 3 nm from the interface. (C) The mechanism 

analysis diagram of the device. (a) The I-V curve of Ag/p-SF/ITO devices. (b) Fitting curve 
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of I-V region data at HRS. The fitting results are divided into two parts, corresponding to 

direct tunneling (DT) and FN tunneling in low and high electric fields respectively. (c) The 

conduction mechanism analysis of I-V curve at ON-states. The red region of the I-V curve 

corresponds to the ohmic contact with a slope of 1. 
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Figure 4. (a) and (b) I–V characteristics of the memristor under positive and negative bias 

voltages, respectively. The voltage is scanned from zero to 0.2 (-0.2) V and then returned to 

zero. (c) By applying continuous enhancement (suppression) pulses, the conductivity of 

memory can be improved (decreased). (d) The repetitive characteristics of conductivity 

modulation. The potentiation and depression of conductance are maintained by alternating 

positive and negative pulses. (e) and (f) Time variations of voltage and current under 

triangular and sine-wave applied voltages, respectively. In (f), the applied voltage is 

±v0sin2(ω0t), where v0 is the magnitude (2 V) of the applied voltage and ω0 is the frequency (4 

MHz). The colors of the plots in (e) and (f) indicate the applied voltage and the corresponding 

current responses of the pulse series (blue and orange respectively in (e); orange and green 

respectively in (f)).
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Figure 5. The schematic of the typical “post-pre-post” and “pre-post-pre” triplets. (a) post-

pre-post: one pre-spike and two post-spikes (b) pre-post-pre: two pre-spikes and one post-

spike. Each pre- or postsynaptic spike comprises two pulses with amplitude V+/V− =1 V/−1 V 

and duration 100ns. (c)-(d) All the experimental data are obtained in one device with a middle 

conductance of 0.6 mS. The symbols are the experimental data. The color of the symbols 

indicates the sign of the weight modification: green triangle for LTP, and orange stars for 

LTD. The size of the symbols background color indicates the magnitude of the weight change. 
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Figure 6. (a) Simulated neural network schematic diagram. The pre-neuron layer with 108 

neurons is fully connected to one post-neuron through 108 memristor synapses with synaptic 

weight Wi. The pattern and random noise image are used to show the learning process. (b) 

Ideal learning patterns without noise and the noise pattern and the pre-neuron layer responds 

to pattern or noises and the mapping relationship of different layers.  (c) Changes of synaptic 

weight map after learning different times under noise. The initial synaptic weights are 

randomly set. (d) The learning accuracy increases quickly with increasing times and then is 

saturated. Afterwards, the accuracy began to fluctuate around the saturation value.
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Figure 7. Degradation experiment of p-SF film memristor. (a) The dissolution process of p-

SF memristor in papain aqus solution (0.5 mg mL−1). The initial state of the p-SF memristor 

in papain solution can be seen and completely dissolved after 10 min. (b) Flexibility diagram 

of the memristor. (c) I-V curves with different bending radii. (d) Comparisons of HRS and 

LRS data with different bending length. (e) Comparisons of HRS and LRS data with different 

bending time.
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