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 A B S T R A C T

This paper investigates the impact of introducing variability to trained neural networks and examines the effects 
of variability and quantization on network accuracy. The study utilizes the MNIST dataset to evaluate various 
Multi-Layer Perceptron configurations: a baseline model with a Single-Layer Perceptron and an extended 
model with multiple hidden nodes. The effects of Cycle-to-Cycle variability on network accuracy are explored 
by varying parameters such as the standard deviation to simulate dynamic changes in network weights. In 
particular, the performance differences between the Single-Layer Perceptron and the Multi-Layer Perceptron 
with hidden layers are analyzed, highlighting the network’s robustness to stochastic perturbations. These results 
provide insights into the effects of quantization and network architecture on accuracy under varying levels of 
variability.
1. Introduction

Artificial Neural Networks (ANN) have become a cornerstone in 
various machine learning applications due to their ability to model 
complex patterns and relationships within data [1]. However, under-
standing how these networks respond to changes in their parameters 
is useful for developing simulation models and investigation of devices 
and architectures where the ANN could vary as in the case of Resistive 
Random Access Memory (RRAM) by the filament behavior [2]. Recent 
state-of-the-art demonstrations of RRAM-based ANN hardware show 
reliable multi-level programming with Cycle-to-Cycle  (C2C) variabil-
ity limited to only a few percent of the conductance range [3]. In 
particular, the Single-Layer Perceptron  (SLP), one of the simplest 
forms of ANN, has been studied at the hardware level to evaluate its 
feasibility and limitations when implemented with emerging memory 
technologies, as shown in [4].

This study investigates the effects of introducing stochastic variabil-
ity to the weights of ANN through a Variable Neural Network (VNN) 
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class, which leverages parameters like Adjustment Rate (AR), the 
cumulative change of random synaptic weights in the VNN, and the
Standard Deviation (𝜎) to simulate C2C variability that is present 
on RRAM according to [5]. In this work, Device-to-Device  (D2D) 
variability is intentionally excluded from the analysis in order to isolate 
and evaluate the impact of other factors. Although process-induced 
D2D variation can be reduced — e.g., by using programming algo-
rithms [6] — it remains inherently present in experimental settings. As 
a result, only C2C variations are considered, and D2D variation is not 
included in this study. Prior to quantization, the influence of increasing 
the number of hidden neurons in the Multi-Layer Perceptron  (MLP) 
is considered, as previously explored in [7] to improve precision; 
however, that work did not address the effects of variability.

Additionally, the study explores the impact of quantization on net-
work accuracy, providing insights into the trade-offs between precision 
and performance, as shown in [8] but without taking into consideration 
the AR.
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(a) SLP

(b) MLP

Fig. 1.  (a) SLP is modeled as an MLP without a hidden layer. (b) The MLP 
includes one hidden layer. In both cases, variability is applied to a proportional 
number of weights depending on AR. This variability is uniform across all 
affected weights.

2. Methodology

2.1. Neural network models

This study utilized the MNIST dataset with its standard split of 
60,000 training images and 10,000 testing images to train and analyze 
different neural network configurations [9], focusing on a custom VNN. 
Two MLP models were used: a baseline MLP without a hidden layer, 
which is equivalent to a SLP, with an ANN’s Accuracy (ACC) of 
84.49%, based on [4] and shown in Fig.  1(a), an extended MLP with a 
hidden layer consisting of 100 nodes and a sigmoid activation function, 
trained for 15 epochs, achieves an initial ACC of 94.59%, as shown in 
Fig.  1(a).

2.2. VNN model

The VNN, developed in MATLAB, introduces variability into the 
weights of a trained ANN. It uses two parameters: AR, represent-
ing the cumulative synaptic change of random weights in the VNN 
(e.g., 0.1 = 10%, 1 = 100%, all weights are modified), and 𝜎, which 
defines the degree of variability. A Monte Carlo simulation applies 
this stochasticity to random weights, and the ACC is analyzed across 
parameter levels, with results presented in ACC graphs. 𝜎 is identical 
for each synaptic weight, but the value is chosen randomly (C2C 
variability). We also tested a level-dependent variability model, where 
𝜎 scales with each weight’s conductance, and observed results similar to 
the uniform approach, although the shape changes from an exponential 
trend to an S-shape.
2 
Table 1
Quantization levels.
 Set N◦ Levels NL 
 Set 1 [−1, 1] 2  
 Set 2 [−1, 0, 1] 3  
 Set 3 [−1, −0.75, −0.50 . . . 0.50 , 0.75, 1] 9  
 Set 4 [−1, −0.90, −0.80 . . . ,0.80, 0.90, 1] 21 
 Set 5 [−1, −0.95, −0.90. . . ,0.90, 0.95, 1] 41 

2.3. Quantization approach

Quantization involves mapping ANN weights to the nearest value in 
a predefined set of levels, reducing the precision of the weights. This 
can be expressed as:

𝑤𝑞 = argmin
𝑙∈

|𝑤 − 𝑙|

where 𝑤 is the original weight,  is the set of predefined quantization 
levels, and 𝑤𝑞 is the quantized weight.

In this study, quantization was applied after training, using the 
schemes shown in Table  1. The number of levels (NL) defines the 
discrete values available for quantization in each scheme. ACC was then 
measured on the test set to evaluate the effect of each scheme. 

2.4. Experimental setup

The experiments were designed to evaluate the impact of variability 
and quantization on different ANN configurations. The custom VNN 
implementation was applied to both the SLP and the MLP architectures. 
For each model, the ACC was measured across different values of AR 
under varying levels of 𝜎. Additionally, the relationship between ACC 
and 𝜎 was evaluated for fixed AR values.

For the MLP, further experiments were conducted by varying the 
number of hidden layer nodes. In this case, instead of reporting the 
absolute ACC, the metric used was the difference between the ACC 
obtained after the variability simulation and the original ACC, in order 
to highlight the sensitivity of each configuration to variation. This 
difference is denoted as 𝛥ACC and calculated as:

𝛥ACC = ACCvar − ACCorig

where ACCvar is the accuracy after the variability simulation and 
ACCorig is the original (software-based) accuracy.

Finally, quantization effects were assessed by measuring the ACC 
of each model across different quantization levels, without introducing 
variability. This provided a baseline understanding of how quantization 
alone impacts network performance.

3. Results and discussion

3.1. C2C simulation in SLP

The results are presented through a series of comparative graphs. 
Fig.  2 illustrates the performance of the baseline SLP by showing ACC 
as a function of 𝜎 and AR. These graphs show the effect of applying 
variability at different levels.

The test is conducted as described in Section 2.4, the different values 
of 𝜎 are shown in Fig.  2(a), with the labels indicating the varying levels, 
and the different values of AR are shown in Fig.  2(b), where the levels 
are labeled accordingly. In both cases, an increase in either 𝜎 or AR 
results in a decrease in ACC, highlighting the sensitivity of the model 
to variability.
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Fig. 2. (a) ACC variation for different 𝜎 values vs. ARs, and (b) ACC variation 
for various ARs vs. 𝜎 values for a ANN values for a SLP.

Fig. 3. (a) ACC variation for different 𝜎 values vs. ARs, and (b) ACC variation 
for various ARs vs. 𝜎 values for a MLP with 100 hidden nodes.

3.2. C2C simulation in MLP

Fig.  3 shows the results for the MLP. As illustrated in Figs.  3a and 3b, 
the accuracy decreases progressively with increasing values of AR and 
𝜎. The curves indicate a clear trend where higher levels of variability 
lead to performance degradation. A similar observation is reported 
in [8].

As described in Section 2.4, the same levels of 𝜎 and AR used for 
the baseline SLP model were applied to the MLP, allowing for a direct 
comparison between the two models. These levels of 𝜎 and AR can also 
be seen in Figs.  3(a) and 3(b), where the specific values used in the 
tests are labeled accordingly.

Finally, the SLP and MLP are compared in the maximal variation 
case, where AR is set to 1 and 𝜎 = 0.5, in order to evaluate the 
performance of both ANNs under extreme conditions. As shown in Fig. 
4, subfigures (a) and (b) show that the −𝛥ACC of the MLP is generally 
higher than that of the SLP, which can be attributed to the greater 
number of weights in the MLP resulting from its additional layer.

3.3. C2C simulation in MLP with different number of hidden nodes

In this section, the C2C simulation is extended to the MLP with 
varying numbers of hidden nodes, each trained for 15 epochs. To 
3 
Fig. 4. Comparison between SLP and MLP: (a) −𝛥ACC versus AR for 𝜎 = 0.5; 
(b) −𝛥ACC versus 𝜎 for AR = 0.1.

Table 2
𝛥ACC at different AR values for fixed 𝜎 = 0.1.
 Hidden nodes 𝛥ACC at AR = 0.1 𝛥ACC at AR = 1 
 10 −0.29 −1.71  
 20 −0.09 −0.53  
 50 −0.06 −0.46  
 100 −0.22 −0.61  
 200 −0.06 −1.16  

Table 3
𝛥ACC at different 𝜎 values for fixed AR = 1.
 Hidden nodes 𝛥ACC at 𝜎 = 0.05 𝛥ACC at 𝜎 = 0.5 
 10 −0.09 −3.50  
 20 0.06 −2.33  
 50 0.03 −2.98  
 100 0 −3.77  
 200 −0.04 −7.59  

analyze the impact of AR, a fixed 𝜎 value of 0.1 is used. This isolates the 
effect of increasing adjustment rates on the accuracy of networks with 
different hidden layer sizes. Conversely, to evaluate the influence of 𝜎, 
AR is held constant at 1, allowing for an assessment of how increased 
variability affects each model’s robustness.

The results are presented in Fig.  5, where (a) shows the variation of 
𝛥ACC with respect to AR, and (b) presents the variation of 𝛥ACC with 
respect to 𝜎. For clarity, the numerical results are also summarized in 
Tables  2 and 3. Table  2 presents the change in accuracy (𝛥ACC) as a 
function of AR for different numbers of hidden nodes. Similarly, Table 
3 reports 𝛥ACC as a function of 𝜎.

To further validate this observation, additional tests were conducted 
without randomness to ensure these irregularities were a result of 
stochastic variation. These tests, performed with more epochs and fixed 
seeds, reduced the observed differences but are not included in the 
paper.

The results indicate that increasing the number of hidden nodes 
tends to reduce the sensitivity to changes in AR at low variability 
(𝜎 = 0.1), with 𝛥ACC generally smaller for larger networks. However, 
under higher variability conditions (𝜎 = 0.5), the degradation becomes 
more pronounced, especially in networks with a large number of hidden 
nodes, such as 200, where 𝛥ACC reaches as much as −7.59%. These 
findings are visually supported by the trends shown in Fig.  5.
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Fig. 5. Performance of the MLP with multiple hidden nodes under C2C 
simulation. (a) ACC versus AR for a fixed 𝜎 of 0.1. (b) ACC versus 𝜎 for a 
fixed AR of 1.

Fig. 6. The variation in ACC for different quantization ranges is shown in (a) 
for SLP, and in (b) for MLP one hidden layer with 100 hidden nodes.

3.4. Quantization levels

Fig.  6 highlights the effects of quantization on the ACC. For the 
SLP, ACC is lower with Set 1 (69.70%) compared to the other schemes, 
which range from 77.69% to 78.21% (Fig.  6a). This suggests that Set 1 
introduces greater quantization-induced variability, a result consistent 
with findings in [4].

For the MLP, the performance shows greater variation between 
quantization sets (Fig.  6b). Set 1 yields the lowest ACC at 61.72%, 
followed by Set 3 at 46.69% and Set 2 at just 9.58%. In contrast, Sets 
4 and 5 lead to significantly better results, with ACC values of 92.83% 
and 93.36%, respectively. This demonstrates the significant influence 
of quantization schemes on performance, highlighting the importance 
of range selection in optimizing the ACC of deeper networks.

4. Conclusion and future work

The study demonstrates that increasing AR and 𝜎 values consistently 
leads to reduced ACC, reflecting the detrimental effect of variability 
on network performance. In the SLP, accuracy drops from 84.49% 
to 72.71% as 𝜎 increases from 0 to 0.5 at AR = 1, and similarly 
decreases from 84.36% to 73.76% with increasing AR under fixed 𝜎. 
The MLP shows higher robustness, maintaining ACC above 94% at low 
variability, but still degrades under high AR and 𝜎.
4 
Quantization analysis reveals that for the baseline SLP, Set 1 yields 
the lowest ACC (69.70%), while other schemes produce more stable 
results (77.69–78.21%). In contrast, the MLP is more sensitive to 
quantization scheme choice. Set 1 performs poorly (61.72%), and Set 2 
even worse (9.58%), while Sets 4 and 5 provide the best performance 
(92.83% and 93.36%). These results highlight that deeper networks 
not only tolerate variability better but also require carefully selected 
quantization strategies.

Overall, the findings emphasize the critical role of architectural 
design in managing the effects of AR, 𝜎, and quantization schemes 
to optimize ANN performance. Future work will investigate applying 
distinct 𝜎 values per synaptic weight (D2D variability) to better reflect 
RRAM stochasticity in hardware implementations.
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