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Abstract—This paper proposes compensation methods for 
data-retention degradation due to oxygen vacancy diffusion in 
ReRAM, especially for intermediate states. The proposed 
techniques enable high inference accuracy to be maintained in 
MLC TaOX-based analog ReRAM CiM systems, even after 10 
years of array-level data-retention. Measurement of 10-year 
data-retention across multi-level cells is also demonstrated. 
During data-retention, ReRAM cell current shift caused by 
oxygen vacancy diffusion in ReRAM devices degrades the MAC 
values of neural networks. The newly introduced compensation 
factor α is determined by the mean cell current of the replica 
cell circuit and adaptively compensates for the MAC value shift 
in both past and future directions of data-retention time and 
write variations. In addition, by using DR tolerant system of 
ELU activation function and Retention Aware Training, the 
proposed ReRAM CiM systems suppresses the inference 
accuracy drop by 1.5% over 10-year DR at 85degC. 
 

Keywords—ReRAM, CiM, data-retention, oxygen vacancy 

I. INTRODUCTION  

In Multi-level Cell (MLC) ReRAM analog Computation-
in-Memory (CiM), data-retention (DR) errors of ReRAM 
reduce the inference accuracy of neural networks (NNs) [1-3]. 
NN weights stored in ReRAM cells change during DR. It has 
been reported that changes in multiply-accumulate value 
(MACV) caused by PRAM drift, which occurs at high 
temperatures [4], can be corrected by changing the reference 
voltage [5, 6]. On the other hand, this paper discusses 
advanced MACV compensation method for ReRAM, not only 
because of current shift, but also because of retention 
characteristic difference among the resistance states and large 
current variation in the intermediate states. This paper 
proposes a retention-tolerant MLC ReRAM CiM System 
Technology Co-Optimization (STCO) that adaptively 

compensates for MACV degradation caused by DR shift as 
well as write variations, and maintains high inference 
accuracy over 10-years DR at the chip-level (Fig. 1(a)). In 
Prop. 1 (Tech), the distorted MACV after DR is corrected by 
multiplying a newly introduced compensation factor α. 
Prop. 2 (System) adopts the Exponential Linear Unit (ELU) 
function as activations in NN models, which is robust to DR 
errors. The CiM output is the MACV, which is then input to 
the ELU activation function. Prop. 3 (Tech&Cir) predicts the 
compensation factor α by regression of the mean cell current 
of replica ReRAM cells. This allows for the adaptive 
compensation of the MACV in both past and future 
(bidirectional) directions of the DR time. In Prop. 4 
(System&Tech), during NN training, Retention Aware 
Training (RAT) injects the measured ReRAM DR errors and 
write variations into NN weights to improve the inference 
accuracy even after DR (Fig. 1(b)). In the proposed STCO 
(Fig. 1(c)), after RAT, trained NN weights are written to the 
ReRAM cells. During inference, MACV is compensated by 
the factor α. When writing to the ReRAM cells, NN weights 
are quantized to 5 bits and clipped (Fig. 1(d)). In the proposed 
MLC & SLC Hybrid ReRAM cells, MSB and LSB are written 
to SLC and MLC cells respectively (Fig. 1(e)).  

II. MEASURED 10-YEAR DR OF 4M ANALOG RERAM CHIP 

By using a 4Mbit test chip [7, 8] (Figs. 2(a)(b)), DR of 
4Kbits of 40nm TaOX-based analog ReRAM is measured. 
Compared to previous works [2, 9-13], this paper presents 
multi-level and long period measurement. Considering the 
activation energy of oxygen vacancy (VO) diffusion, 1.2eV 
[14], to evaluate 10-year DR, the ReRAM chip is measured at 
accelerated 150 and 190degC. Figs. 2(c)(d) show the 
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Fig. 1. (a)Proposed retention-tolerant ReRAM-based analog CiM STCO that compensates for MAC value degradation due to DR during NN inference. Prop. 1 
(Tech): MAC value compensation by compensation factor α. Prop. 2 (System): Error-tolerant activation function, Exponential Linear Unit (ELU). Prop. 3 

(Tech&Cir): Compensation factor α prediction by replica cell circuit. (b) Prop. 4 (System&Tech): Retention Aware Training (RAT) during NN training. (c) 

Overall architecture of proposed retention-tolerant ReRAM-based analog CiM STCO. (d) NN Weight expression with quantization and clipping [15]. (e) SLC 

& MLC Hybrid ReRAM CiM mapping. 
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switching mechanism and writing protocol of ReRAM cells. 
After conductive filament (CF) formation and pre-cycling, 
cells are written to S0-S3. S0 is the reset-state (HRS) and S1-
S3 are set-states (LRS).  

The measured ReRAM cell current (ICELL) distribution is 
shown at DR time t = 0 (just after write) at RT (Fig. 3(a)) and 
after 1.29-hour DR at 190degC (Fig. 3(b)). ICELL decreases 
after DR. It is observed that chip-level DR degrades S1 and 
S2 more significantly than S3. Also, for the first time, this 
paper observes measured pre-cycling trade-off. The more 
precycles increase ICELL at t = 0 (larger ICELL range in Fig. 3(c)), 
but accelerates DR degradation (Fig. 3(d)). After DR at 150 
and 190degC in Figs. 3(e)(f), the average ICELL (thick line) 
decreases, and the 4Kbits ICELL variations (thin lines) increase 
for S0-S3. Additionally, in intermediate S1 and S2, ICELL 
decreases significantly with DR. 6-month DR at 85degC is 

equivalent to 11.2 hour at 150degC, and 10-year DR at 
85degC is equivalent to 12.9 hour at 190degC, as derived from 
the Arrhenius equation. 10-year DR shifts NN weight values 
and MACV from their ideal values (Figs. 4(a)(b)). 

Fig. 5(a) shows a ReRAM physical model for DR and pre-
cycling. During DR, VO diffuses and VO density in conductive 
filament (CF) decreases. Also, more pre-cycles expands the 
CF diameter and decreases VO density in CF. Thus, at large 
DR and high pre-cycling numbers, VO in CF becomes sparse 
and conduction paths in CF are more likely to be cut off. As a 
result, ICELL decreases. Based on the physical model [17], the 
cell current of low-resistance states (ILR) after DR time t is 
theoretically formulated. 
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Parameter A is proportional to the square of jumping distance 
of electrons inside CF, d (Fig. 5(b)). By fitting A, B, and C 
with the least-squares method, the physical model-based ILR 
of S1-S3 states fits well with the measured ICELL after DR 
(Fig. 5(c)). Fig. 5(d) shows the parameter A and d for each 
state. Fig. 5(e) illustrates the physical model for S1-S3 states. 
In the intermediate S1 and S2 states, larger d, i.e., larger A, 
results in sparser VO inside the CF, leading to a decrease in 
ICELL during DR.  

III. PROPOSED VO DIFFUSION COMPENSATION FOR INFERENCE 

In the following experiments, using quantized and clipped 
weights stored in SLC & MLC cells (Fig. 1(e)), inference 
accuracy with weight value degradation is estimated based on 
the measured DR data (Figs. 3(e)(f)). During training, 
QAVAT [18] ensures robustness to ReRAM write variations. 

A. MAC Value Compensation 

Fig. 6(a) shows the proposed MAC value compensation. 
This compensation is given by MACVafter_comp = 
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Fig. 5. ReRAM physical model. (a) Physical model of DR and pre-

cycling. (b) Formulated ILR of S1-S3 with parameters A, B, and C. (c) Plots 
of formulated ILR of S1-S3 (d) Comparison of parameters A and d for S1-

S3. (e) Physical model of S1-S3. 
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α×MACVbefore_comp, where α is the newly introduced 
compensation factor. Based on the reference time tref, 
Backward compensation (comp.) corrects MACV after DR 
based on the earlier time (tref < tcur), and thus α > 1. Forward 

comp. (tref > tcur, α < 1) adjusts MACV in the opposite time 
direction of Backward comp.. Bidirectional comp. adjusts the 
MAC of both earlier and later times based on the MACV of 
the intermediate tref time. In Fig. 6(b), tref = 1-month DR is 
optimal to correct MACV of both tcur = 0 and 10-year DR 
because of the intermediate ICELL drop at 1-month DR and 
subsequent gradual shifts (Figs. 3(e)(f)). 

B. Retention-error Tolerant Activation Function 

Retention-error tolerant ELU activation function replaces 
all ReLU activations in ResNet32. ReLU is weak against DR 
errors because ReLU outputs are zero for negative inputs. DR 
error can flip the MACV between positive and negative values 
potentially causing the ReLU output to vanish (Fig. 7(a)). Due 
to the non-zero nature of the ELU activation outputs for 
negative inputs, ELU is robust against DR errors and MACV 
shifts (Fig. 7(b)). As a result, proposed ELU successfully 
compensates MACV of any layers in ResNet32 (Fig. 7(c)). 
The introduced overhead due to the ELU function calculating 
non-zero outputs for negative inputs is negligibly small 
compared to the gains of massively-parallel MAC. 

C. Compensation Factor Prediction 

This paper finds that the measured mean ICELL of S3 in 
replica cells, Ireplica, is also linear with the logarithm of DR time 
(log(t)), and that the optimal α for every instance of DR time 
is linear against log(t) (Fig. 8(a)). Based on this new 
observation, the proposed replica cell circuit optimizes α 
(Fig. 8(b)). By logarithmic regression, optimal α is predicted 
directly from the measured Ireplica. Optimal α is defined at the 
highest inference accuracy for every instance of DR time with 
Backward comp. (Fig. 8(c)). Note that all 1Kbit replica cells 
are written to S3. The area overhead and power/latency of the 
Kbit scale replica cell circuit are negligible considering the 
Mbit scale CiM. Finally, due to the error-tolerance of the NN, 
the proposed compensation is robust against Ireplica variations. 
From the acceptable inference accuracy drop, the acceptable 

α variation (∆α) and acceptable Ireplica variation (∆Ireplica) are 

determined (Figs. 9(a)(b)). Fig. 9(c) shows acceptable ∆α for 
every instance of the measured DR time. In Fig. 9(d), the 

acceptable ∆Ireplica is much larger than the measured actual 

∆Ireplica (ICELL of S3 in Figs. 3(e)(f)). Thus, the proposed STCO 
is robust against replica cell variations. 
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IV. PROPOSED RETENTION AWARE TRAINING WITH 

MEASURED DATA-RETENTION DATA 

Retention Aware Training (RAT) with Bidirectional 
comp. is proposed, where measured 1-month DR data 
(Figs. 3(e)(f)) are injected into NN weights during training. 
Optimal α achieves high inference accuracy at every instance 
of DR time (Fig. 10(a)). Proposed Bidirectional comp. shows 
better accuracy than Backward/Forward comp. (Fig. 10(b)). 
As for the pre-cycling trade-off, 10 pre-cycles is always 
optimal even when ICELL shifts by DR (Fig. 10(c)). Finally, 
Prop. 1+2+3+4 achieves high inference accuracy after 10-year 
DR (Fig. 10(d)). The entire result is shown in TABLE I. 

V. CONCLUSION 

This work proposes the approaches for ReRAM CiM that 

compensate for chip-level DR error and write variation. MLC 

data-retention measurements with longer term compared to 

the previous works (TABLE II) are also demonstrated. It is 

found that DR degradation is especially large in the 

intermediate states of ReRAM. By optimizing the number of 

pre-cycles during write operations in addition to proposed 

methods for inference and training, the degradation of 

inference accuracy is suppressed to a maximum of 1.5% over 

a 10-year period at 85degC with 40nm MLC TaOX analog 

ReRAM CiM array. 
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TABLE II. Comparison of chip-level prior data-retention measurements 
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