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Fig. S1 Cross-sectional scanning electron microscopy (SEM) images of the fabricated 

RRAM−TS integrated device. (a) Low-magnification cross-sectional SEM image of the 

integrated structure. Two devices were monolithically integrated by sharing the top electrode 

of the RRAM and the bottom electrode of the TS. (b) Magnified view of the RRAM device, 

consisting of TiN/Al2O3/HfO2/Pt/SiO2 layers. (c) Magnified view of the TS device, consisting 

of Pt/Ag/HZO/TiN/SiO2 layers. The thin oxide layers are not clearly resolved due to their small 

thickness and limited contrast, but are confirmed by cross-sectional HRTEM analysis, as 

shown in Fig. S2. 
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Fig. S2 Cross-sectional transmission electron microscopy (TEM) image and energy dispersive 

spectroscopy (EDS) analysis of an RRAM−TS device. (a) TEM image and corresponding EDS 

maps of the RRAM device, showing the distributions of Ti, N, Hf, Al, O, and Pt. (b) TEM 

image and corresponding EDS maps of the TS device, showing the distributions of Ag, Hf, Zr, 

O, Ti, and N. 
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Fig. S3 (a, b) Histograms of the set and reset voltages of the RRAM device measured over 

2,000 switching cycles, respectively. The solid curves represent Gaussian fits, yielding 𝜇𝑉𝑠𝑒𝑡= 

1.265 V, 𝜎𝑉𝑠𝑒𝑡= 0.123 V, 𝜇𝑉𝑟𝑒𝑠𝑒𝑡= −1.059 V, and 𝜎𝑉𝑟𝑒𝑠𝑒𝑡= 0.060 V. (c, d) Histograms of the 

threshold and hold voltages of the TS device measured over 100 cycles, respectively. The 

threshold-voltage distribution was fitted with a Gaussian function, yielding 𝜇𝑉𝑡ℎ= 0.967 V and 

𝜎𝑉𝑡ℎ= 0.092 V. Because the hold-voltage distribution is asymmetric and concentrated near 0 

V, it was fitted with an exponential function rather than a Gaussian function, yielding 𝜇𝑉ℎ𝑜𝑙𝑑= 

0.016 V. 
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Fig. S4 Pulse responses of the integrated RRAM−TS device measured at different RRAM 

resistance states. (a–d) Representative voltage transients of the input pulse (Vin, black) and 

output response (Vout, blue) measured at 𝑅𝑑𝑒𝑙𝑎𝑦 = 75 kΩ, 192 kΩ, 815 kΩ, and 1.1 MΩ, 

respectively. 

  



6 
 

 
 

Fig. S5 Stability and reproducibility of the delay distribution in the integrated RRAM−TS delay 

module. (a) Cycle-to-cycle variation of the delay distribution measured at 𝑅𝑑𝑒𝑙𝑎𝑦= 555 kΩ. 

The delay distribution was obtained by applying 400 input pulses per cycle over 20 repeated 

cycles. (b) Device-to-device variation of the delay distribution measured from two different 

integrated RRAM−TS devices. For each device, delay distributions were measured at two 

𝑅𝑑𝑒𝑙𝑎𝑦  states, showing that the delay time increases with increasing 𝑅𝑑𝑒𝑙𝑎𝑦  despite 

differences in the absolute delay range between devices. 
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Fig. S6 Experimental and modeled resistance evolution of the RRAM under reset pulse trains. 

Open circles represent the experimentally measured resistance change induced by identical 

reset pulse trains with amplitudes of −1.4, −1.5, −1.6, and −1.7 V, and dashed lines represent 

the corresponding Verilog-A model results. The model reproduces the gradual resistance 

increase and its dependence on pulse amplitude, supporting its validity for SPICE simulation 

of the integrated RRAM−TS-based synaptic delay circuit. 
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Fig. S7 Relationship between the effective voltage across the TS device and the average delay 

time obtained from SPICE simulation. Open circles represent the simulated average delay times, 

and the dashed red line represents the fitting based on the field-induced nucleation model. The 

fitting yields a nucleation barrier W0 of approximately 0.80 eV. 
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Fig. S8 Programming scheme of 𝑅𝑑𝑒𝑙𝑎𝑦 in the proposed RRAM−TS-based synaptic delay 

circuit. (a) Circuit schematic showing the programming path of 𝑅𝑑𝑒𝑙𝑎𝑦, where N2 is used to 

apply update pulses to 𝑅𝑑𝑒𝑙𝑎𝑦. (b) Example transient simulation showing the applied update 

pulse train (top) and the resulting change in 𝑅𝑑𝑒𝑙𝑎𝑦 over time (bottom). 
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Fig. S9 Simulated temporal responses of the internal TS node and membrane node as a function 

of 𝑅𝑑𝑒𝑙𝑎𝑦. (a) Transient waveforms of the input signal and the delayed pulse generated at the 

internal node 𝑉(𝑁𝑇𝑆)  for different 𝑅𝑑𝑒𝑙𝑎𝑦. (b) Corresponding transient responses of the 

membrane node voltage 𝑉(𝑁𝑚𝑒𝑚)   under the same conditions. The delayed activation 

induced by increasing 𝑅𝑑𝑒𝑙𝑎𝑦 modifies the membrane charging dynamics and shifts the 

temporal response of the neuron circuit. 
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Fig. S10 (a–c) Average firing rate as a function of the total synaptic weight, ∑ 𝑤𝑖
𝑁
𝑖=1 , for 

𝑅𝑑𝑒𝑙𝑎𝑦= 75 kΩ, 192 kΩ, and 1.1 MΩ, respectively. Symbols represent the numerical simulation 

results, and dashed lines represent the analytical expression based on Eq. (8). The insets provide 

enlarged views of the transition region with sigmoid fits, 𝑦 =
200

1+𝑒−𝑘(𝑤−𝑤0) , highlighting the 

extracted 𝑘 and 𝑤0 values. 
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Fig. S11 Learning curves of the spiking RBMs under different 𝑅𝑑𝑒𝑙𝑎𝑦  conditions for (a) 

neuronal-delay and (b) synaptic-delay. Compared with the no-delay case, the delay-based 

models exhibit stable learning behavior, with synaptic-delay providing consistently improved 

performance over neuronal-delay. 
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Fig. S12 Delay probability density functions and learning curves corresponding to Figs. 6e and 

6f. (a, b) Cases with varying σD at a fixed E[D] (=35 μs). (c, d) Cases with varying E[D] at a 

fixed σD (=20 μs). The insets in (a) and (c) provide enlarged views of the highlighted regions. 

The results confirm that delay variation plays a more critical role than the average delay value 

in enabling stable learning in spiking RBMs. 
  



14 
 

 
 

Fig. S13 (a) Cropped input images with one-quarter of the image removed. (b–d) 

Reconstruction results obtained without delay, with neuronal-delay, and with synaptic-delay, 

respectively. The delayed cases were generated using the delay distribution corresponding to 

𝑅𝑑𝑒𝑙𝑎𝑦= 815 kΩ. 
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Fig. S14 Comparison of stochastic sampling mechanisms in spiking RBMs. (a) Representative 

learning curves for different stochasticity mechanisms: the proposed delay model, random walk, 

pseudo synaptic sampling, neural sampling machine, and synaptic noise sampling. (b) Average 

accuracy for each stochasticity mechanism over 10 independent trials. The error bars indicate 

the minimum and maximum values obtained from the 10 independent trials. 
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Fig. S15 Retention characteristics of the programmed 𝑅𝑑𝑒𝑙𝑎𝑦 states under repeated pulse-

operation conditions. Open and filled circles represent the initial resistance (𝑅0) and final 

resistance (𝑅𝑓 ) values, respectively. All programmed states remain stable over time with 

negligible resistance variation, confirming that the resistance state of the integrated RRAM 

device is well maintained during delay measurements. 
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Algorithm 1. Spike propagation of the delay model (𝑖-th neuron → 𝑗-th neuron) 

Input: Spike 𝑠𝑝𝑘𝑖, delay distribution 𝐷𝑑𝑖𝑠𝑡 ▷ 𝑠𝑝𝑘𝑖: MNIST data 

 ▷ 𝐷𝑑𝑖𝑠𝑡: 𝐿𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙(𝜇, 𝜎2) 

Output: Firing spike 𝑛𝑒𝑤_𝑠𝑝𝑘𝑗  

Initialize:  

𝑉𝑚𝑒𝑚,𝑗  ← 0 ▷ Membrane voltage 

𝑉𝑖𝑛𝑖𝑡,𝑗  ← 0 ▷ Initial voltage 

𝑉𝑡ℎ,𝑗  ← 1 ▷ Threshold voltage 

𝑊𝑖𝑗
𝑔𝑝

− 𝑊𝑖𝑗
𝑔𝑚

 ← 𝑁 (5.0,1.062) ▷ Weight value of synapse 

𝑊𝑚𝑎𝑥  ← 10 ▷ Maximum value of weight 

𝑊𝑚𝑖𝑛  ← 0 ▷ Minimum value of weight 

𝛼 ← 0.1 ▷ Normalizing factor for voltage 

𝑇𝑃 ← 100 𝜇𝑠 ▷ Maximum pulse width 

𝑛𝑒𝑤_𝑠𝑝𝑘𝑗 ← false ▷ State of 𝑛𝑒𝑤_𝑠𝑝𝑘𝑗 

1: procedure SPIKE PROPAGATION  

2: while 𝑠𝑝𝑘𝑖 is true do  

3: if delay type = neuronal then  

4: 𝐷 ← 𝐷𝑖  ~ 𝐷𝑑𝑖𝑠𝑡   

5: else if delay type = synaptic then  

6: 𝐷 ← 𝐷𝑖𝑗  ~ 𝐷𝑑𝑖𝑠𝑡   

7: end if  

8: 𝑎(𝐷) ← 𝑚𝑎𝑥(0,1 − 𝐷/𝑇𝑝)  

9: 𝑉𝑚𝑒𝑚,𝑗  ← 𝑉𝑚𝑒𝑚,𝑗 + (𝑊𝑖𝑗
𝑔𝑝

− 𝑊𝑖𝑗
𝑔𝑚

) × 𝑎(𝐷) × 𝛼  

10: if 𝑉𝑚𝑒𝑚,𝑗  ≥  𝑉𝑡ℎ,𝑗   then  

11: 𝑛𝑒𝑤_𝑠𝑝𝑘𝑗 ← true  

12: 𝑉𝑚𝑒𝑚,𝑗← 𝑉𝑖𝑛𝑖𝑡,𝑗  

13: return 𝑛𝑒𝑤_𝑠𝑝𝑘𝑗 ▷ Return 𝑛𝑒𝑤_𝑠𝑝𝑘’𝑠 𝑡𝑖𝑚𝑒 

14: end if  

15: end while  

16: end procedure  

 

Fig. S16 Pseudo-code of spike propagation with a delay model in spiking RBM simulations. 

When a spike generated by the i-th neuron is delivered to the j-th neuron in the opposite layer, 

the delay time 𝐷 introduced by the delay module reduces the effective conduction time of the 

input pulse. For neuronal-delay, a single delay value 𝐷𝑖 is sampled for each spike event 

generated by the i-th neuron and is commonly applied to all synapses connected to that neuron. 

By contrast, for synaptic-delay, an independent delay value 𝐷𝑖𝑗 is sampled for each synaptic 

connection (i, j). The resulting effective synaptic weight is then given by (𝑊𝑖𝑗
𝑔𝑝

−

𝑊𝑖𝑗
𝑔𝑚

) × 𝑎(𝐷), where 𝑎(𝐷) = max (0, 1 −
𝐷

𝑇𝑃
). This value updates the membrane potential 

of the j-th neuron, and a new spike is generated when the updated membrane potential exceeds 

the threshold voltage. 
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Fig. S17 Schematic diagram illustrating the operation of spiking RBM simulations. (a) Each 

image is processed through a sequence of transition, data, transition, and model phases. The 

synaptic weights are potentiated during the data phase and depressed during the model phase. 

(b) An exponential-like STDP scheme is used, in which a smaller spike-time difference 

between the pre- and postsynaptic neurons results in a larger weight update. (c–e) Flowcharts 

of the spiking RBM simulations in the (c) data phase, (d) model phase, and (e) inference stage, 

respectively, including spike generation, leaky integrate-and-fire neuron dynamics, delay-

based spike propagation, and overlap-based weight update. 
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Table S1 Summary of the log-normal fitting parameters for the delay-time distributions 

measured at different RRAM resistance states within a finite input-pulse window of 100 μs. 

  



21 
 

 
 

Table S2 Fitting parameters used for the field-induced nucleation analysis of the TS delay 

characteristics. 
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Table S3 List of the parameters used in the TS compact model.1,2 
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Table S4 List of the parameters used in the numerical simulations. The simulations were 

conducted by sweeping 𝑤0. 
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Table S5 List of the parameters used in the spiking RBM simulations. The common parameters 

were applied to all stochastic sampling methods, whereas the method-specific parameters were 

varied according to each sampling scheme.  
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Note S1 Derivation of the firing rate expression under log-normally distributed delay 

 

To account for temporal variability in spike transmission, the delay D is assumed to follow a log-normal 

distribution, 

ln𝐷 ~𝑁(𝜇, 𝜎2), 
with probability density function 

𝑓𝐷(𝑑) =
1

𝑑𝜎√2𝜋
exp [−

(ln 𝑑 − 𝜇)2

2𝜎2
] ,       𝑑 > 0. 

When a presynaptic spike is delayed by D, the effective integration window is reduced. The corresponding 

effective time factor is defined as 

𝑎(𝐷) = max (0,1 −
𝐷

𝑇𝑃

), 

where 𝑇𝑃 denotes the pulse width. Since 𝑎(𝐷) = 0 for 𝐷 ≥ 𝑇𝑃, its moments can be evaluated over the interval 

0 ≤ 𝑑 ≤ 𝑇𝑃. 

To derive the moments of 𝑎(𝐷), consider first the truncated moment of a log-normal random variable: 

∫ 𝑑𝑘𝑓𝐷(𝑑)𝑑𝑑
𝑇𝑃

0

. 

Using the substitution 𝑦 = ln 𝑑, this becomes 

∫ 𝑑𝑘𝑓𝐷(𝑑)𝑑𝑑
𝑇𝑃

0

= ∫
1

𝜎√2𝜋
exp (𝑘𝑦 −

(𝑦 − 𝜇)2

2𝜎2
)

ln 𝑇𝑃

−∞

𝑑𝑦. 

Completing the square yields 

𝑘𝑦 −
(𝑦 − 𝜇)2

2𝜎2
= −

(𝑦 − (𝜇 + 𝑘𝜎2)2

2𝜎2
+ 𝑘𝜇 +

𝑘2𝜎2

2
, 

and therefore 

∫ 𝑑𝑘𝑓𝐷(𝑑)𝑑𝑑
𝑇𝑃

0

= exp (𝑘𝜇 +
𝑘2𝜎2

2
)𝛷 (

ln 𝑇𝑃 − (𝜇 + 𝑘𝜎2)

𝜎
), 

where 𝛷(∙) denotes the cumulative distribution function of the standard normal distribution. 

Using these results, the first moment of 𝑎(𝐷) is 

𝐸[𝑎(𝐷)] = ∫ (1 −
𝑑

𝑇𝑃

) 𝑓𝐷(𝑑)𝑑𝑑
𝑇𝑃

0

 

= 𝛷 (
ln 𝑇𝑃 − 𝜇

𝜎
) −

1

𝑇𝑃

exp (𝜇 +
𝜎2

2
)𝛷 (

ln 𝑇𝑃 − (𝜇 + 𝜎2)

𝜎
). 

Similarly, the second moment is 

𝐸[𝑎(𝐷)2] = ∫ (1 −
𝑑

𝑇𝑃

)
2

𝑓𝐷(𝑑)𝑑𝑑
𝑇𝑃

0

 

= 𝛷 (
ln 𝑇𝑃 − 𝜇

𝜎
) −

2

𝑇𝑃

exp (𝜇 +
𝜎2

2
)𝛷 (

ln 𝑇𝑃 − (𝜇 + 𝜎2)

𝜎
) +

1

𝑇𝑃
2 exp(2𝜇 + 2𝜎2)𝛷 (

ln𝑇𝑃 − (𝜇 + 2𝜎2)

𝜎
). 

Thus, the variance of the effective time factor is given by 

 

𝑉𝑎𝑟[𝑎(𝐷)] = 𝐸[𝑎(𝐷)2] − 𝐸[𝑎(𝐷)]2. 
Next, consider a postsynaptic neuron receiving regular presynaptic spikes with period 𝑇. Let 𝑢𝑡

− denote the 

membrane voltage immediately before the input arriving at time step 𝑡, and let ∆𝑢𝑡 denote the instantaneous 

membrane voltage increment induced by that input. Then the voltage immediately after the input is  

 

𝑢𝑡
+ = 𝑢𝑡

− + ∆𝑢𝑡 . 
Between consecutive inputs, the membrane voltage decays exponentially with membrane time constant 𝜏𝑚 . 

Therefore, 

𝑢𝑡+1
− = 𝑢𝑡

+𝑒
−

𝑇
𝜏𝑚 . 

Defining 

𝛼 = 𝑒
−

𝑇
𝜏𝑚 , 

the update equation becomes 

𝑢𝑡+1
− = 𝛼(𝑢𝑡

− + ∆𝑢𝑡). 
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Assuming that ∆𝑢𝑡 is independent and identically distributed (i.i.d.) across time, the steady-state mean of 𝑢− 

satisfies 

 

𝐸[𝑢−] = 𝛼(𝐸[𝑢−] + 𝐸[∆𝑢]), 
which gives  

 

𝐸[𝑢−] =
𝛼𝐸[∆𝑢]

1 − 𝛼
. 

The steady-state mean immediately after input arrival is  

 

𝐸[𝑢+] = 𝐸[𝑢−] + 𝐸[∆𝑢] =
𝐸[∆𝑢]

1 − 𝛼
. 

The steady-state variance of 𝑢− is obtained from 

 

𝑉𝑎𝑟[𝑢−] = 𝛼2𝑉𝑎𝑟[𝑢− + ∆𝑢]. 
Under the i.i.d. assumption, 𝑢− and ∆𝑢 are independent, so that 

 

𝑉𝑎𝑟[𝑢−] =
𝛼2𝑉𝑎𝑟[∆𝑢]

1 − 𝛼2
. 

Therefore, 

 

𝑉𝑎𝑟[𝑢+] = 𝑉𝑎𝑟[𝑢−] + 𝑉𝑎𝑟[∆𝑢] =
𝑉𝑎𝑟[∆𝑢]

1 − 𝛼2
. 

If the postsynaptic neuron receives inputs from 𝑁 presynaptic neurons with synaptic weights 𝑤𝑖𝑗, and each input 

is attenuated by the delay-dependent factor 𝑎(𝐷), then the total voltage increment at each input event is 

 

∆𝑢 = ∑𝑤𝑖𝑗

𝑁

𝑖=1

𝑎(𝐷𝑖), 

where the delays 𝐷𝑖  are assumed to be i.i.d. The mean and variance of ∆𝑢 are then given by 

 

𝐸[∆𝑢] = ∑𝑤𝑖𝑗

𝑁

𝑖=1

𝐸[𝑎(𝐷)],         𝑎𝑛𝑑         𝑉𝑎𝑟[∆𝑢] = ∑𝑤𝑖𝑗
2

𝑁

𝑖=1

𝑉𝑎𝑟[𝑎(𝐷)]. 

Substituting into the steady-state expressions yields 

 

𝐸[𝑢+] =
∑ 𝑤𝑖𝑗

𝑁
𝑖=1 𝐸[𝑎(𝐷)]

1 − 𝛼
,         𝑎𝑛𝑑         𝑉𝑎𝑟[𝑢+] =

∑ 𝑤𝑖𝑗
2𝑁

𝑖=1 𝑉𝑎𝑟[𝑎(𝐷)]

1 − 𝛼2
. 

Finally, the firing rate is determined by the probability that the membrane voltage immediately after an input 

exceeds the threshold 𝑢𝑡ℎ. Since inputs arrive periodically with frequency 1/𝑇, 

 

𝜈 =
1

𝑇
Pr(𝑢+ ≥ 𝑢𝑡ℎ). 

Approximating 𝑢+ as Gaussian with the above mean and variance gives, 

 

𝜈 =
1

𝑇
[1 − 𝛷 (

𝑢𝑡ℎ − 𝐸[𝑢+]

√𝑉𝑎𝑟[𝑢+]
)] =

1

2𝑇
[1 + erf (

𝐸[𝑢+] − 𝑢𝑡ℎ

√2𝑉𝑎𝑟[𝑢+]
)]. 

Substituting the explicit expressions for 𝐸[𝑢+] and 𝑉𝑎𝑟[𝑢+], the firing rate can be written as 

𝜈 =
1

2𝑇

[
 
 
 
 
 

1 + erf

(

 
 
 ∑ 𝑤𝑖𝑗

𝑁
𝑖=1 𝐸[𝑎(𝐷)]

1 − 𝛼
− 𝑢𝑡ℎ

√
2∑ 𝑤𝑖𝑗

2𝑁
𝑖=1 𝑉𝑎𝑟[𝑎(𝐷)]

1 − 𝛼2
)

 
 
 

]
 
 
 
 
 

. 

This expression explicitly shows how the statistics of the log-normally distributed delay modulate the neuronal 

firing rate through the mean and variance of the effective time factor 𝑎(𝐷). 
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