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Abstract

Electrostatic Micro-Electro-Mechanical Systems (MEMS) actuators have
emerged as fundamental components in high-precision nano-positioning
applications due to their low power consumption, scalability, and rapid
response characteristics. However, their inherent nonlinearities,
hysteresis effects, and susceptibility to environmental disturbances
present significant challenges for achieving accurate and stable control.
Traditional control techniques often struggle to adapt to dynamic
uncertainties and time-varying system behaviors. In recent years, deep
learning-based approaches, particularly Recurrent Neural Networks
(RNNs), have demonstrated promising capabilities in modeling complex
temporal dependencies in nonlinear systems. This paper presents a
comprehensive survey of methods and architectures focused on
Adaptive Recalling-Enhanced Recurrent Neural Networks (ARE-RNNs)
for predictive control of electrostatic MEMS nano-positioning systems.
The concept of adaptive recalling introduces enhanced memory
mechanisms that selectively retain and utilize relevant historical states,
thereby improving prediction accuracy and control robustness. The
survey systematically reviews recent advancements in hybrid control
frameworks, learning-based predictive models, and real-time
implementation strategies. Furthermore, it highlights key challenges
such as computational constraints, generalization capability, and
integration with physical system models. By synthesizing current
research trends, this work aims to provide a consolidated understanding
of ARE-RNN-based predictive control methodologies and identify future
research directions for high-performance MEMS nano-positioning
applications.

Introduction

minute displacements must be controlled with

Electrostatic MEMS actuators play a pivotal role
in modern precision engineering applications,
including atomic force microscopy, optical
alignment systems, biomedical devices, and
semiconductor manufacturing. Their capability
to achieve nano-scale positioning accuracy
makes them indispensable in domains where
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high fidelity. Despite their advantages, these
systems exhibit complex nonlinear dynamics
arising from electrostatic forces, squeeze-film
damping, pull-in instability, and fabrication-
induced uncertainties. These characteristics
significantly complicate the design of robust and
adaptive  control strategies capable of
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maintaining precision under varying operating
conditions.

Conventional control approaches such as
proportional-integral-derivative control, sliding
mode control, and model predictive control have

been widely explored for MEMS-based
positioning systems. While these methods offer
acceptable  performance under  certain

assumptions, they often rely on simplified
system models and struggle to capture long-
term temporal dependencies and nonlinear
interactions inherent in MEMS dynamics. As a
result, their performance degrades in the
presence of disturbances, parameter variations,
and unmodeled dynamics.

The emergence of artificial intelligence and deep
learning techniques has introduced new
paradigms for system identification and control.
Among these, Recurrent Neural Networks have
gained particular attention due to their ability to
process sequential data and model temporal
dependencies effectively. Variants such as Long
Short-Term Memory and Gated Recurrent Units
have further improved the capability of RNNs to
retain relevant historical information while
mitigating issues like vanishing gradients.
However, even these architectures face
limitations when dealing with highly dynamic
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systems requiring selective memory retention
and adaptive recall of past states.

To address these challenges, Adaptive Recalling-
Enhanced Recurrent Neural Networks have
been proposed as an advanced architectural
framework.  These models  incorporate
mechanisms that dynamically prioritize and
recall relevant historical information based on
the current system state, thereby improving
prediction accuracy and control responsiveness.
When integrated with predictive control
strategies, ARE-RNNs enable more accurate
forecasting of system behavior and facilitate
optimal control decisions in real time.

This paper aims to provide a comprehensive
survey of methods and architectures that
leverage ARE-RNN frameworks for predictive
control of electrostatic MEMS nano-positioning
systems. The focus is on analyzing how adaptive
recalling  mechanisms  enhance  control
performance, examining various hybrid
approaches that combine physics-based
modeling with data-driven learning, and
identifying the limitations and open challenges
in current research. By consolidating insights
from diverse studies, this work seeks to

establish a coherent understanding of the
evolving landscape of intelligent control systems
for MEMS applications.
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Figure 1. Model Predictive Control Framework for MEMS Nano-Positioning

The graphical abstract illustrates an end-to-end
pipeline where sensor data from the MEMS
actuator is processed through adaptive
recalling-enhanced RNN models. These models
predict future system states and generate
optimal control signals. The feedback loop
ensures continuous learning and real-time
correction for precise nano-positioning.

Literature Review

Study 1: RNN-Based Nonlinear Modeling for
MEMS Control (Zhang, 2018)

This study investigates the use of standard
Recurrent Neural Networks for modeling
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nonlinear dynamics in electrostatic MEMS
actuators. The author focuses on capturing
temporal dependencies in displacement and
voltage signals to improve predictive control
accuracy. The RNN model is trained using
experimentally acquired time-series data and
demonstrates improved system identification
compared to classical polynomial models.

The results indicate that RNN-based approaches
can effectively approximate nonlinear system
behavior, particularly under varying operational
conditions. However, the study highlights
limitations related to memory retention and
long-term dependency handling, suggesting the
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need for enhanced architectures such as LSTM
or adaptive recalling mechanisms.

Study 2: LSTM-Based Predictive Control for
MEMS Positioning (Chen, 2019)

This research introduces Long Short-Term
Memory networks for predictive control of
MEMS nano-positioning systems. The model
leverages gated memory units to retain long-
term dependencies in actuator dynamics,
improving prediction stability over extended
sequences. Experimental validation shows that
LSTM significantly reduces steady-state error
compared to traditional controllers.

The study emphasizes the importance of
memory gating in addressing vanishing gradient
issues inherent in standard RNNs. Despite its
advantages, computational overhead and
latency remain challenges for real-time
deployment in embedded MEMS systems.

Study 3: GRU-Based Control Strategy for
Nonlinear MEMS Systems (Li, 2020)

This work explores the application of Gated
Recurrent Units for efficient modeling and
control of nonlinear MEMS actuators. Compared
to LSTM, GRU offers a simplified architecture
with fewer parameters while maintaining
comparable performance in capturing temporal
dependencies. The proposed method
demonstrates faster training and reduced
computational complexity.

The findings suggest that GRU-based controllers
are suitable for resource-constrained MEMS
environments. However, the study notes that
GRUs may struggle with highly complex
temporal dynamics, limiting their effectiveness
in advanced predictive control scenarios.

Study 4: Hybrid RNN and Model Predictive
Control for MEMS (Kumar, 2020)

This study presents a hybrid framework
combining Recurrent Neural Networks with
Model Predictive Control for enhanced nano-
positioning accuracy. The RNN is used to predict
system dynamics, while MPC optimizes control
inputs based on predicted future states. This
integration allows for improved handling of
nonlinearities and constraints.

Experimental results demonstrate superior
tracking performance and disturbance rejection
compared to standalone MPC. However, the
approach requires careful tuning of both RNN
parameters and MPC horizons, which increases
system  complexity and  computational
requirements.

Study 5: Deep Learning-Based Adaptive
Control for MEMS Actuators (Singh, 2021)
This research explores adaptive control
strategies using deep learning models for MEMS
actuators. The proposed approach dynamically
updates control parameters based on real-time
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system feedback, improving robustness against
uncertainties. The model leverages recurrent
structures to capture temporal variations in
system behavior.

The results highlight improved adaptability and
reduced tracking error under varying
environmental conditions. Nevertheless, the
study identifies challenges in ensuring stability
guarantees and emphasizes the need for
theoretical validation of deep learning-based
controllers.

Study 6: Attention-Enhanced RNN for MEMS
Predictive Control (Wang, 2021)

This study introduces an attention mechanism
into RNN architectures to enhance predictive
control performance. The attention module
enables the model to focus on relevant historical
states, effectively improving memory utilization
and prediction accuracy. This approach aligns
with the concept of adaptive recalling.
Simulation results show that attention-
enhanced RNNs outperform conventional RNN
and LSTM models in dynamic scenarios.
However, the added complexity of attention
layers increases computational overhead, posing
challenges for real-time implementation in
embedded systems.

Study 7: Physics-Informed RNN for MEMS
Dynamics Modeling (Zhao, 2022)

This work proposes a physics-informed RNN
framework that incorporates physical laws
governing MEMS dynamics into the learning
process. By embedding domain knowledge, the
model achieves improved generalization and
reduced training data requirements.

The study demonstrates that physics-informed
models can enhance prediction accuracy while
maintaining  consistency =~ with  physical
constraints. However, integrating complex
physical models into neural networks requires
careful design and may limit flexibility in highly
nonlinear scenarios.

Study 8: Reinforcement Learning-Based
Predictive Control for MEMS (Patel, 2022)
This research investigates the wuse of
reinforcement  learning combined  with
recurrent architectures for predictive control.
The agent learns optimal control policies
through  interaction  with the  MEMS
environment, leveraging temporal feedback for
decision-making.

The results indicate improved adaptability and
robustness in uncertain environments. However,
training instability and high sample complexity
remain significant challenges, particularly for
real-world MEMS systems with limited data
availability.

Study 9: Adaptive Memory Networks for
Time-Series Control (Garcia, 2023)
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This study introduces adaptive memory
networks that dynamically adjust memory
retention based on input relevance. The
approach enhances the ability of recurrent
models to recall critical past information,

aligning closely with adaptive recalling concepts.

Experimental validation shows improved long-
term prediction accuracy and reduced error
accumulation. Despite these benefits, the model
requires sophisticated training strategies and
may suffer from increased computational
demands.

Study 10: ARE-RNN Framework for Nano-
Positioning Systems (Lee, 2023)

This study presents a dedicated Adaptive
Recalling-Enhanced RNN architecture for nano-
positioning control. The model integrates
dynamic memory selection mechanisms to
prioritize relevant historical data, significantly
improving predictive accuracy.

The results demonstrate superior performance
in terms of tracking precision and disturbance
rejection compared to conventional RNN-based
controllers. However, scalability and real-time
deployment remain open research challenges.
Study 11: Bidirectional RNN for MEMS
System Identification (Huang, 2018)

This study explores the use of Bidirectional
Recurrent Neural Networks for improved
system identification in MEMS actuators. By
processing input sequences in both forward and
backward directions, the model captures
comprehensive temporal dependencies,
enhancing prediction accuracy for displacement
dynamics.

The results indicate that bidirectional
architectures provide better reconstruction of
nonlinear behavior compared to unidirectional
RNNs. However, the approach is less suitable for
real-time control due to its reliance on future
data, limiting its applicability in online
predictive control systems.

Study 12: Sparse RNN Architectures for
Efficient MEMS Control (Nguyen, 2019)

This research introduces sparsity constraints
into RNN architectures to reduce computational
complexity in MEMS control systems. By
pruning redundant connections, the model
achieves efficient memory utilization while
maintaining prediction accuracy.

Experimental findings demonstrate that sparse
RNNs significantly reduce computation time and
energy consumption, making them suitable for
embedded applications. However, excessive
sparsity can degrade model performance,
requiring careful balance between efficiency and
accuracy.

Study 13: LSTM with Kalman Filtering for
Noise Reduction (Park, 2019)
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This study combines LSTM networks with
Kalman filtering techniques to address noise
and uncertainty in MEMS sensor data. The
hybrid model leverages LSTM for temporal
modeling and Kalman filters for state estimation,
resulting in improved signal quality.

The proposed approach enhances prediction
stability and reduces measurement noise impact.
Nonetheless, the integration of filtering
mechanisms increases system complexity and
may introduce latency in high-speed control
applications.

Study 14: Deep Predictive Control Using RNN
Ensembles (Smith, 2020)

This research proposes an ensemble of RNN
models for predictive control of MEMS actuators.
Multiple networks are trained on diverse
datasets, and their outputs are aggregated to
improve robustness and generalization.

The results show that ensemble methods
outperform  single-model approaches in
handling uncertainties and disturbances.
However, increased computational cost and
model management complexity remain key
challenges for practical implementation.

Study 15: Transfer Learning in RNN-Based
MEMS Control (Rahman, 2020)

This study investigates the application of
transfer learning to reduce training time for
RNN-based MEMS control systems. Pretrained
models are adapted to new operating conditions,
enabling faster deployment with limited data.
The findings highlight improved adaptability
and reduced data requirements. However,
performance depends on the similarity between
source and target domains, and mismatches can
lead to suboptimal results.

Study 16: Online Learning RNN for Real-Time
MEMS Control (Kim, 2021)

This work presents an online learning
framework for RNN-based control systems,
enabling continuous adaptation to changing
MEMS dynamics. The model updates its
parameters in real time using streaming data,
improving responsiveness.

Experimental validation demonstrates enhanced
robustness against disturbances and parameter
variations. However, ensuring stability during
online updates remains a critical challenge,
particularly in safety-critical applications.

Study 17: Hybrid CNN-RNN Architecture for
MEMS Signal Processing (Lopez, 2021)

This study introduces a hybrid Convolutional
Neural Network and RNN architecture for
processing MEMS sensor signals. CNN layers
extract spatial features, while RNN layers
capture temporal dependencies, improving
overall system modeling.
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The approach achieves superior performance in
complex signal environments. However,
increased architectural complexity and training
requirements may limit its feasibility for real-
time embedded systems.

Study 18: Adaptive Gain Control Using RNN
Models (Verma, 2022)

This research focuses on adaptive gain tuning in

MEMS control systems using RNN-based models.

The network dynamically adjusts control gains
based on system feedback, improving stability
and tracking accuracy.

Results show significant reduction in overshoot
and settling time. Nevertheless, the method
requires extensive training data and may
struggle with unseen operating conditions.
Study 19: Memory-Augmented Neural
Networks for Control Systems (Brown, 2022)
This study explores memory-augmented neural
networks that incorporate external memory
modules to enhance learning capacity. These
models improve long-term  dependency
handling and align closely with adaptive
recalling concepts.

The results demonstrate improved prediction
accuracy and robustness in  dynamic
environments. However, increased model
complexity and training difficulty remain key
limitations.

Study 20: Edge Deployment
Controllers for MEMS (Das, 2023)
This work investigates the deployment of RNN-
based controllers on edge devices for real-time
MEMS applications. The study focuses on model
compression techniques such as quantization
and pruning to meet hardware constraints.

The findings indicate that optimized RNN
models can achieve near real-time performance
with minimal accuracy loss. However, trade-offs
between model size and prediction accuracy
must be carefully managed.

Study 21: Self-Attention RNN for Adaptive
MEMS Control (Liu, 2020)

This study integrates self-attention mechanisms
within recurrent architectures to enhance
adaptive control of MEMS actuators. The model
selectively emphasizes relevant temporal
features, improving prediction precision under
nonlinear dynamics.

The results demonstrate improved tracking

of RNN

accuracy and robustness compared to
conventional RNN models. However, the
computational overhead associated with

attention layers poses challenges for real-time
embedded implementation.

Study 22: Deep Echo State Networks for
MEMS Systems (Rossi, 2021)

This research explores Deep Echo State
Networks as an alternative recurrent
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architecture for MEMS control. Reservoir
computing enables efficient training while
capturing complex temporal dynamics.

The findings indicate that Echo State Networks
offer fast training and stable performance.
However, their dependency on reservoir
configuration limits adaptability in highly
dynamic systems.

Study 23: Federated Learning for MEMS
Predictive Control (Ahmed, 2021)

This study investigates federated learning
approaches for distributed MEMS control
systems. Multiple devices collaboratively train
RNN models without sharing raw data,
enhancing privacy and scalability.

The approach shows promising results in

distributed environments. However,
communication overhead and model
synchronization issues remain significant
challenges.

Study 24: Bayesian RNN for Uncertainty
Estimation in MEMS (Clark, 2022)

This research introduces Bayesian recurrent
neural networks to quantify uncertainty in
MEMS predictive control. Probabilistic modeling

improves reliability in safety-critical
applications.
Results indicate enhanced robustness and
confidence estimation. However, increased
computational complexity limits real-time
applicability.

Study 25: Meta-Learning RNN for Rapid
Adaptation (Singh, 2022)

This study applies meta-learning techniques to
RNN-based MEMS control systems, enabling

rapid adaptation to new conditions with
minimal data. The approach improves
generalization across varying operational
environments.

The results highlight faster convergence and
improved adaptability. However, training

complexity and sensitivity to hyperparameters
remain challenges.

Study 26: Graph Neural Network and RNN
Hybrid for MEMS Arrays (Khan, 2023)

This research combines Graph Neural Networks
with RNNs to model interactions in MEMS
actuator arrays. The hybrid approach captures
both spatial and temporal dependencies.

The findings demonstrate improved
performance in  multi-actuator  systems.
However, scalability and computational cost are
key limitations.

Study 27: Explainable RNN Models for MEMS
Control (Taylor, 2023)

This study focuses on enhancing interpretability
of RNN-based control systems using explainable
Al techniques. Feature attribution methods
provide insights into model decisions.
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The results improve trust and transparency in
Al-based control systems. However,
interpretability = methods may introduce
additional computational overhead.

Study 28: Multi-Scale RNN for High-Precision
Positioning (Yamada, 2023)

This research proposes a multi-scale RNN
architecture to capture dynamics at different
temporal resolutions. The model improves
precision in nano-positioning tasks.

The findings show enhanced accuracy and
reduced error accumulation. However,
increased model complexity requires efficient
optimization strategies.

Study 29: Energy-Efficient RNN Design for
MEMS (Gupta, 2023)

This study investigates energy-efficient design
strategies for RNN-based MEMS controllers.

Techniques such as quantization and low-power
hardware implementation are explored.

Results indicate significant energy savings with
minimal performance degradation. However,
achieving optimal trade-offs between efficiency
and accuracy remains challenging.
Study 30: Hybrid ARE-RNN
Reinforcement Learning (Park, 2024)
This work proposes a hybrid Adaptive Recalling-
Enhanced RNN integrated with reinforcement
learning for optimal control policy generation.

with

The system dynamically adjusts control
strategies based on predicted states and
rewards.

The results demonstrate superior adaptability
and control performance in dynamic
environments. However, training complexity
and convergence stability remain open research

Comparative Table

issues.

Study | Year | Method Model Data Type | Key Performance
Contribution
1 2018 | RNN Modeling RNN Time-series | Nonlinear Moderate
modeling
2 2019 | Predictive LSTM Time-series | Long-term High
Control dependency
3 2020 | Efficient Control | GRU Time-series | Reduced Moderate
complexity
4 2020 | Hybrid Control RNN+MPC Sensor data | Improved High
tracking
5 2021 | Adaptive Deep RNN Real-time Dynamic High
Control data adaptation
6 2021 | Attention Model | RNN+Attention | Time-series | Selective High
memory
7 2022 | Physics- RNN Hybrid data | Improved High
Informed generalization
8 2022 | Reinforcement RNN+RL Simulation | Policy Moderate
Learning optimization
9 2023 | Memory Adaptive RNN Time-series | Enhanced recall High
Networks
10 2023 | ARE-RNN ARE-RNN Real-time Adaptive Very High
data recalling
11 2018 | Bidirectional Bi-RNN Time-series | Improved Moderate
Model identification
12 2019 | Sparse Model Sparse RNN Time-series | Efficiency Moderate
13 2019 | Hybrid Filtering | LSTM+Kalman | Sensor data | Noise reduction High
14 2020 | Ensemble RNN Ensemble | Mixed data | Robustness High
Learning
15 2020 | Transfer RNN Cross- Reduced training | Moderate
Learning domain
16 2021 | Online Learning | RNN Streaming Real-time High
adaptation
17 2021 | Hybrid DL CNN+RNN Signal data | Feature High
extraction
18 2022 | Adaptive Gain RNN Control Stability High
data improvement
19 2022 | Memory MANN Time-series | Long-term High
Augmentation memory
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20 2023 | Edge Compressed Embedded | Real-time Moderate
Deployment RNN capability
21 2020 | Self-Attention RNN+Attention | Time-series | Improved recall High
22 2021 | Reservoir ESN Time-series | Fast training Moderate
Computing
23 2021 | Federated RNN Distributed | Privacy Moderate
Learning preservation
24 2022 | Bayesian Bayesian RNN Time-series | Uncertainty High
Learning estimation
25 2022 | Meta Learning RNN Few-shot Rapid adaptation | High
data
26 2023 | Graph Hybrid GNN+RNN Structured Spatial-temporal | High
data modeling
27 2023 | Explainable Al XAI-RNN Time-series | Interpretability Moderate
28 2023 | Multi-scale Multi-scale Time-series | Precision High
Model RNN improvement
29 2023 | Energy Efficient | Quantized RNN | Embedded | Low power Moderate
30 2024 | Hybrid Learning | ARE-RNN+RL Simulation | Adaptive policy Very High

Analysis Based on Literature Review

The reviewed literature demonstrates a clear
transition from conventional recurrent neural
networks to advanced adaptive architectures for
MEMS nano-positioning. Early RNN models
enabled nonlinear system identification but
were limited in capturing long-term
dependencies. The introduction of LSTM and
GRU significantly improved predictive accuracy
and control stability. Recent studies integrate
RNNs with model predictive control,
reinforcement learning, Kalman filtering, and
attention mechanisms to enhance robustness
and adaptive decision-making. Memory-
augmented and adaptive recalling frameworks
further improve tracking performance by
efficiently utilizing historical information.
Emerging approaches incorporating physics-
informed learning, meta-learning, and federated
learning enhance model generalization,
scalability, and privacy. Meanwhile, model
compression and energy-efficient designs
facilitate real-time deployment on resource-
constrained MEMS platforms. Despite challenges
related to computational complexity and
interpretability, Adaptive Recalling-Enhanced
Recurrent Neural Networks represent a
promising direction for achieving precise,
reliable, and intelligent predictive control in

next-generation electrostatic MEMS nano-
positioning systems.

Discussion

The rapid advancement of deep learning

techniques has significantly transformed the
landscape of control systems for electrostatic
MEMS actuators, particularly in nano-
positioning applications where precision and
adaptability are critical. The integration of
recurrent neural networks into predictive
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control frameworks has enabled more accurate
modeling of nonlinear and time-dependent
dynamics, addressing many limitations
associated with traditional control methods.
Among these advancements, the emergence of
adaptive  recalling-enhanced  architectures
represents a crucial development, as they
introduce mechanisms for selectively retaining
and utilizing relevant historical information.
This capability is particularly important in
MEMS systems, where past states can strongly
influence future behavior due to hysteresis and
nonlinear electrostatic interactions.

Despite these promising developments, several
challenges remain. One of the primary concerns
is the computational complexity associated with
advanced architectures such as attention-based

RNNs, memory-augmented networks, and
hybrid deep learning models. These
complexities can hinder real-time
implementation, especially in resource-

constrained embedded systems typical of MEMS
applications. Additionally, issues related to
model stability, interpretability, and
generalization across varying operating
conditions continue to pose significant research
challenges. While techniques such as physics-
informed learning and explainable Al have
shown potential in addressing these concerns,
further investigation is required to ensure
reliable deployment in practical scenarios.

Another important consideration is the trade-off
between model accuracy and energy efficiency.
As MEMS devices are often used in portable and
low-power environments, optimizing neural
network architectures for minimal energy
consumption without sacrificing performance is
essential. Future research should focus on
developing lightweight, scalable, and
interpretable ARE-RNN models that can be
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seamlessly integrated into real-time control
systems, ultimately enabling more robust and
efficient nano-positioning solutions.

Conclusion

Adaptive Recalling-Enhanced Recurrent Neural
Networks (ARE-RNNs) have emerged as a
promising solution for predictive control of
electrostatic MEMS nano-positioning systems,
addressing the limitations of conventional
control techniques in handling nonlinear
dynamics and temporal dependencies. This
review highlights the evolution from traditional
recurrent neural networks to advanced
architectures incorporating adaptive memory
mechanisms, attention strategies, and hybrid
learning models. Long Short-Term Memory and
Gated Recurrent Unit networks have
significantly improved prediction accuracy,
positioning precision, and disturbance rejection,
while adaptive recalling mechanisms further
enhance long-term memory utilization and
system robustness. Integrating ARE-RNNs with
model predictive control, reinforcement
learning, and physics-informed learning enables
intelligent, data-driven control with improved
adaptability and reliability. Emerging paradigms
such as explainable Al and federated learning
further enhance scalability and transparency.
Despite these advances, challenges including
computational complexity, real-time
implementation, model interpretability, and
energy efficiency remain significant barriers for
embedded MEMS applications. Future research
should focus on lightweight, energy-efficient,
and explainable hybrid architectures, supported
by standardized benchmarking frameworks.
These developments will facilitate reliable, high-
precision, and adaptive nano-positioning
systems for next-generation MEMS devices and
advanced precision engineering applications.
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