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Abstract


Microcontroller units (MCUs) serve as the core components of embedded systems. In the era of smart IoT, embedded devices are increasingly deployed on mobile platforms, leading to a growing demand for low-power consumption. As a result, low-power technology for MCUs has become increasingly critical. This paper systematically reviews the development history and current technical challenges of MCU low-power technology. It then focuses on analyzing system-level low-power optimization pathways for integrating MCUs with artificial intelligence (AI) technology, including lightweight AI algorithm design, model pruning, AI acceleration hardware (NPU, GPU), and heterogeneous computing architectures. It further elaborates on how AI technology empowers MCUs to achieve comprehensive low power consumption from four dimensions: task scheduling, power management, inference engine optimization, and communication and data processing. Through practical application cases in multiple fields such as smart home, healthcare, industrial automation, and smart agriculture, it verifies the significant advantages of MCUs combined with AI in performance improvement and power consumption optimization. Finally, this paper focuses on the key challenges that still need to be addressed in the intelligent upgrade of future MCU low power consumption and proposes in-depth research directions in areas such as the balance between lightweight model accuracy and robustness, the consistency and stability of edge-side collaborative computing, and the reliability and power consumption control of the sensor-storage-computing integrated architecture, providing clear guidance and prospects for future research.
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1. Introduction


1.1. The Evolution of Low-Power Requirements for MCUs


Against the backdrop of rapid development in embedded systems, MCUs, as the core components and control units of embedded systems, are undergoing a paradigm shift from basic logic control to intelligent decision making. Their applications span a wide range of fields, including industrial control, automotive electronics, consumer electronics, and the Internet of Things (IoT). With the rapid development of emerging fields such as smart IoT, Industry 4.0, and new energy vehicles, application scenarios continue to expand [1,2,3,4]. Low power consumption, as one of the key performance metrics for MCUs, can be analyzed from the perspective of technological evolution and divided into three critical stages, as shown in Table 1.



The first stage only has basic drive functions, with the primary focus on static power consumption optimization. The main role of the MCU is to perform simple logic control and data acquisition, and it is used in traditional industrial equipment and lower-end electronic products, such as the control of household appliances in everyday life [5]. Devices in this stage mostly use wired power supply or high-capacity batteries, with relatively relaxed power consumption requirements. Low-power technology focuses on reducing static current to improve basic battery life. For example, 8-bit MCUs have become the market mainstream due to their low cost and low power consumption. Yang et al. [6] proposed an isolated word speech recognition system-on-chip, which adopted an 8-bit MCU for its low cost and low power consumption advantages. However, dynamic power consumption control has not yet received sufficient attention in this stage, and low-power technology remains in its early stages.



The second phase gradually expanded into mobile scenarios, introducing dynamic power consumption control. With the rise of mobile devices such as smartphones and wearable devices, MCUs have been widely adopted in scenarios with higher battery life requirements, driving low-power technology from “static optimization” to “dynamic optimization.” The key technological advancement in this phase was the introduction of DVFS (Dynamic Voltage and Frequency Scaling) [7] technology, enabling MCUs to simultaneously reduce voltage and frequency across different operating states, thereby controlling overall power consumption; sleep–wake mechanisms became mainstream, reducing energy consumption during long-term operation through low-power standby and event-driven wake-up. Typical applications include the low-power wireless sensor network SoC (System on Chip) designed by Tiwari A et al. [8]; the maturation of embedded flash memory and low-leakage design technologies further enhanced MCU energy efficiency [9]. During this phase, 16-bit and 32-bit MCUs gradually replaced 8-bit MCUs as the mainstream, meeting the demand for performance upgrades while enabling more granular dynamic power consumption control through software-hardware collaboration [10,11].



In the third phase, with the explosive development of AI, intelligent requirements have been placed on MCUs in scenarios such as smart IoT, Industry 4.0, and new energy vehicles. MCU low-power technology has entered a new era centered on system-level optimization and edge intelligence collaboration. Due to the need for edge devices to process complex perception tasks (such as image recognition and voice interaction), MCUs are facing unprecedented challenges in terms of computing power and power consumption. By integrating heterogeneous computing architectures, lightweight neural network models, and edge AI acceleration units (such as NPUs and DSPs), MCUs can achieve high-performance, low-power data inference [12]. Additionally, the overall system architecture must incorporate strategies such as task scheduling, data caching, and energy efficiency grading to drive MCUs from instruction-level power optimization toward full-stack power control [13]. Furthermore, demands for device lifespan, thermal management, and remote deployment capabilities have compelled MCUs to incorporate more complex power management and security isolation mechanisms into low-power designs [14]. At this stage, 32-bit MCUs have achieved widespread adoption, and low-power technology is no longer confined to device-level optimizations but is evolving toward cross-level system-level collaborative design, forming an intelligent low-power technology roadmap driven by the joint integration of “architecture-algorithm-task-scenario.”



Despite significant progress in low-power technology, current MCUs still face numerous challenges in the low-power domain. In IoT scenarios, multimodal data poses challenges to MCUs in terms of preprocessing, feature extraction, and model training capabilities. Multimodal data processing imposes stringent requirements on MCU computing power. Traditional MCUs suffer from obvious bottlenecks in terms of insufficient floating-point computing capabilities, limited interface bandwidth, and inadequate memory capacity, making it difficult to efficiently process high-frequency real-time data and limiting real-time data analysis capabilities in low-power environments [15,16,17].



As AI models are increasingly deployed on edge computing devices, the conflict between the power consumption requirements of model computations and the low-power requirements of edge devices is growing increasingly pronounced. On one hand, the complexity of AI inference is escalating, necessitating greater computational power; on the other hand, MCUs must maintain low power consumption to align with the energy specifications of the corresponding devices. In the actual deployment of AI models on MCUs, issues such as low computational resource utilization and high peak power consumption ratios ultimately impact the system’s overall efficiency and power consumption [18]. Additionally, the “memory wall” problem caused by external storage devices failing to keep pace with computational units [19] also affects the system’s overall stability and energy efficiency. In most traditional systems, computational units and memory modules are separated, and the repeated data transfers between them are the fundamental cause of latency and high power consumption. Compared to computational units, accessing memory is less energy-efficient. However, the current low reuse rate of data input to AI models exacerbates this issue. Existing MCU power management primarily involves static optimization and has not yet established a system-level dynamic power coordination control mechanism [20].



MCUs are used in fields such as healthcare, finance, and industry, and require robust security protection measures. However, the introduction of comprehensive protection mechanisms often results in additional resource and power consumption overhead, which directly conflicts with low-power objectives [21]. Most protection mechanisms focus only on a single stage or module, neglecting other stages, which allows attackers to obtain sensitive information from a single stage [22]. Comprehensive protection mechanisms should cover the entire process from data collection, transmission, storage, to processing. However, covering every stage typically comes with greater resource overhead, which may further increase MCU power consumption, conflicting with low-power objectives [23]. Therefore, how to enhance security protection while balancing low-power requirements has become a critical challenge in MCU design.



MCUs have evolved from simple logic control to complex intelligent functionality, and their low-power design has placed higher demands on the development process. However, the rapid improvement in system functionality has also led to an increase in development difficulty. Once development efficiency declines, the implementation of MCU low-power optimization and rapid product iteration will be directly affected. Driven by the gap between developers’ vision and domain requirements, the existence of low-code development platforms is crucial [24]. Currently, MCU development toolchains are fragmented and lack integration, with ineffective coordination between hardware and software platforms. In particular, debugging tools cannot perform a comprehensive analysis of computing power, power consumption, and real-time performance, making it difficult for developers to promptly identify and optimize high-power consumption areas within the system. Additionally, during the software development phase, there is a need to address the issue of deep integration between the operating system and intelligent algorithm frameworks while meeting the real-time requirements of intelligent inference and control tasks. However, the debugging process primarily relies on external tools, resulting in low efficiency [25]. The system verification phase faces challenges due to the broad scope of testing and insufficient automation levels, making it difficult to complete complex scenario testing in a short timeframe, significantly constraining the overall iteration speed [26].



To meet current application requirements, the low-power technology path for MCUs can be divided into multiple layers, as shown in Figure 1: In terms of process technology, advanced processes can be used to improve energy efficiency, as shown in Figure 1a, involving the NTV multi-core CPU [27]. In terms of architecture, heterogeneous multi-core designs can be adopted [28], and Figure 1b shows the proposed heterogeneous embedded software execution architecture based on multi-core cooperative operations. In terms of circuit design, optimized power management modules can be used to achieve multi-voltage control, and Figure 1c has a power analysis tool capable of measuring the power consumption of the ready queue structure mechanism for each implementation [29]. And at the software level, task scheduling and AI algorithms can be employed to reduce unnecessary power consumption [30], as shown in Figure 1d. These elements work in tandem to form the core support for reducing power consumption in the intelligent upgrading of MCUs. As analyzed above, traditional MCUs have significant shortcomings in terms of computing power, energy efficiency, security, and development efficiency. Therefore, innovative solutions that integrate AI with both software and hardware are needed to address these bottlenecks.




1.2. The Development of AI Technology and Hardware Integration


AI technology is evolving from traditional cloud-based centralized distribution to edge device-based distributed systems alongside the development of the Internet of Things (IoT) and embedded systems [31]. This evolution aligns perfectly with the demand for MCU intelligence, driving innovation in the integration of hardware and algorithms. The fusion of AI technology and hardware can be categorized into three aspects: algorithm adaptation to hardware, hardware adaptation to algorithms, and collaborative optimization of algorithms and hardware.



From an algorithmic perspective, traditional cloud-based deep learning frameworks are overly complex and resource-intensive, as they were originally designed for cloud-based GPUs (Graphics Processing Units). Attempting to deploy such frameworks on edge devices would result in excessive resource consumption, making direct deployment on MCUs impractical. For example, the peak memory requirements of deep neural network inference may far exceed the memory capacity of an MCU, rendering deployment impossible [32]. This requires us to lightweight the learning framework. First, through model compression, using operations such as Quantization and pruning, the model size is optimized to the KB level. Second, computational instructions are optimized for the MCU’s internal central processing unit architecture to reduce redundant operations. Finally, static memory is used to replace dynamically allocated space, reducing memory fragmentation [33].



At the hardware level, integrating AI accelerators into the MCU has become the core method for achieving intelligence. Due to the computational limitations of traditional MCUs, they are unable to handle complex AI tasks. To address this, there are two approaches to enhancing MCU computational capabilities: integrating an NPU (Neural Network Processing Unit) to specifically process models; and introducing vector extension instruction sets to enhance vector computing capabilities. Additionally, heterogeneous computing architectures can be used to dynamically allocate tasks, with the CPU handling logic, the NPU processing AI computations, and the DSP handling signals, among other functions. This allows different modules to handle different tasks, improving efficiency through data interaction.



As AI and hardware converge, diversification and low power consumption have become the primary development directions. However, low power consumption is the core constraint for MCUs integrating AI processing modules. The powerful inference capabilities of AI come with high power consumption issues, making it unsuitable for many scenarios such as wearable devices. To address power consumption issues, asynchronous circuit design can be adopted to avoid unnecessary power consumption caused by the global clock [34]; and adaptive computing power regulation [35] can be introduced to dynamically adjust the number of units participating in computations. As AI algorithms increasingly migrate to the edge, the intelligent upgrading of MCUs becomes both possible and necessary [36].




1.3. Intelligent Upgrade of Low-Power Technology for MCUs


The integration of MCU intelligence and AI edge computing is an inevitable choice driven by both technological advancements and market demands. We can utilize AI models to reduce MCU power consumption. While AI models themselves increase power consumption, due to computational requirements. System-level optimizations can significantly reduce unnecessary power consumption, far exceeding the increase caused by AI models. This enables the combination of MCU and AI to meet low-power requirements. Through edge computing, reliance on the cloud can be reduced, thereby lowering latency [37]. For example, in facial expression recognition during image processing, local deep learning inference can be used to determine facial structures, avoiding the latency caused by cloud transmission and reducing costs and power consumption. Edge preprocessing can filter redundant data, significantly reducing the transmission of invalid data during communication [38], thereby lowering communication bandwidth costs and transmission power consumption. It can also reduce the deployment of high-precision sensors, lowering hardware investment costs and overall power consumption, while also preventing data leaks during transmission. Data analysis is completed locally, with only abnormal results reported, thereby reducing the risk of data leaks [39]. Lightweight TEEs achieve code and data isolation in certain MCUs (e.g., ARM TrustZone) with low overhead; recent research indicates TEEs can provide isolated protection for critical task execution at edge nodes, making them suitable for resource-constrained environments [40].



In this paper, we have summarized the low-power technology routes for MCUs, discussed the current status and future trends of MCU-AI integration in light of the explosive development of AI models, and finally explored the application of MCU-AI integration in low-power technology, providing an overview of the future development of low-power technology for embedded systems. Figure 2 presents an overview diagram of the MCU + AI low-power technology, summarizing the approach outlined in this paper.





2. The Technical Approach of Combining MCU with AI


As AI algorithms are gradually deployed to the edge, efficiently integrating AI models into resource-constrained MCUs has become a key direction. The overall technical approach includes: adapting AI algorithms and models through lightweight optimization to align with MCU resource constraints, introducing AI acceleration units (such as NPUs or RISC-V architectures) to enhance computational power, and employing heterogeneous computing architectures and instruction set optimizations to balance performance and power consumption. The following sections detail the primary technical pathways for integrating MCUs with AI from both algorithmic and hardware perspectives.



2.1. Lightweight AI Algorithms and Model Adaptation


Complex and large AI algorithms cannot be deployed in MCUs with limited computing power, memory, and power consumption. Therefore, lightweight AI algorithms can be used to achieve efficient and reliable intelligent decision-making. In terms of lightweight design, we can achieve this by trimming and customizing the model architecture, optimizing model parameters, and changing the calculation method.



For embedded scenarios, we need to compress and prune traditional deep learning models. This helps develop highly compact and efficient neural network structures, which are then deployed on MCU platforms. For example, the TinyML technology shown in Figure 3 can balance model performance and resource consumption in such deployments. Samanta Riya et al. [41] proposed the TinyAerialNet model based on TinyML technology, enabling real-time, low-power, and low-cost onboard aerial image classification on resource-constrained MCUs, addressing the challenge of deploying traditional deep learning models on KB-level low-memory, low-storage devices. Kong et al. [42] introduced the EdgeCompress compression framework to reduce CNN computational overhead and eliminate redundant calculations on background regions.



Quantization and pruning of parameters within a model are currently the most widely applied and effective techniques. Table 2 and Table 3, respectively, present the MCU toolchain support table for Quantization and pruning, and the compression methods and toolchain support. Quantization technology significantly reduces model computational complexity and memory overhead by converting weights and activation values from 32-bit floating-point numbers to integer representations with lower bit widths. However, overly low Quantization precision may lead to a decline in model performance. Therefore, a dynamic Quantization strategy is introduced, which applies 8-bit Quantization to sensitive layers within the model and further compresses non-sensitive layers to 4-bit Quantization to achieve a balance between performance and efficiency. Song et al. [43] proposed a dynamic Quantization method for feature map sensitive regions, dividing the input feature map into sensitive and non-sensitive regions, performing INT8 convolution on sensitive regions, and INT4 convolution on non-sensitive regions. Liu et al. [44] proposed an innovative approach to dynamically allocate bit width for each layer based on the complexity of the input sample, using a lightweight bit controller to predict the optimal bit width sequence for each layer. Pruning techniques identify redundant parameters or connection structures in the model, which can be removed to simplify the model while maintaining inference efficiency. Xie et al. [45] designed an AI module based on ARM for ectopic heartbeat classification, using a lightweight convolutional neural network to address the limitations of traditional electrocardiogram monitoring devices. They pruned the structure of the traditional VGG19 model, reducing the number of parameters from 139.6 million to approximately 10,000, while keeping the accuracy decline within 2–5%.



In changing the computing method, event-driven algorithms have emerged as an effective optimization approach. By processing only the changed portions of input data, they avoid redundant computations, significantly reducing energy consumption and response latency. Guo et al. [55] proposed a low-power anomaly detection method based on autonomous data fusion from motion sensors, which only wakes up the MCU when abnormal vibrations are detected, ensuring real-time response while reducing system power consumption. Dere et al. [56] describe an event-driven deep neural network that can be deployed on field-programmable gate arrays to classify motion intentions obtained from biosensors. Additionally, distributed federated learning, as an alternative to centralized machine learning, is highly suitable for edge AI. In multi-device systems, module-level sleep strategies can be implemented by dividing power domains based on functionality, enabling sensors or peripherals to be completely powered down when not in use. Alternatively, controllers can be awakened via software interrupts to reactivate corresponding modules upon event triggering. By modeling multimodal data from different edge devices, data barriers between devices are broken down. This alleviates communication burdens while enhancing data privacy protection capabilities, representing an important direction for the development of lightweight intelligent systems. Huang et al. [57] noted that federated learning can jointly utilize multimodal data from different clients for modeling, improving machine learning efficiency and privacy. Adhikary et al. [58] conducted memory-enhanced device-side federated training on the gray wolf optimizer for embedded intelligent models, achieving an average accuracy improvement of 10.8%. These algorithmic innovations ensure that AI models can still function under the limited resource constraints of MCUs and lay the foundation for future hardware optimizations.




2.2. AI Acceleration Hardware and Heterogeneous Architectures


To resolve the structural contradiction between computational power enhancement and power consumption control, hardware acceleration architectures are evolving toward heterogeneous computing architectures that integrate specialized accelerators and new storage technologies, thereby achieving a significant improvement in system efficiency [59].



When introducing AI into MCUs, the choice between standalone AI modules and integrated AI architectures significantly impacts power consumption and system design. Standalone AI accelerators (such as external NPUs or neuromorphic processors) typically feature extremely low always-on power consumption, achieving active power consumption below 1 mW in event-driven scenarios [60]. This makes them suitable for ultra-low-power devices with stringent battery life requirements. However, this approach introduces additional communication latency and interface power consumption due to data exchange with the MCU via buses like SPI, PCIe, or DMA, while also increasing system integration complexity. In contrast, integrated AI architectures embed acceleration units like NPUs or DSPs directly within the MCU. This allows sharing of on-chip SRAM and bus resources with the MCU core, enabling low-latency, high-bandwidth data access. Through multi-power-domain management, the CPU remains dormant during inference while the NPU handles approximately 95% of computational tasks, significantly reducing data movement energy consumption and system-level power. For instance, the Renesas Cortex-M85 + Ethos-U55 MCU achieves approximately 35 times higher AI inference throughput than CPU-only solutions. A prototype system based on Cortex-M55 + Ethos-U55 even demonstrates about 400 times lower single-inference energy consumption [61]. Therefore, in low-power MCU scenarios, integrated AI architectures are more suitable for applications demanding high real-time performance and energy efficiency, while standalone AI modules are better suited for event-driven scenarios or those with extreme power constraints. The choice of specific solutions should comprehensively consider energy efficiency, latency, system complexity, and application requirements.



Heterogeneous computing architectures can leverage the collaborative effects of different core modules. For example, by coordinating the collaboration of multiple cores such as CPUs, LUTs, and DSPs, dynamic allocation of computational power and task optimization can be achieved, thereby balancing performance and power consumption. Consumer-grade wearables (smartwatches, smart rings, etc.) typically employ ultra-low-power MCUs/SoCs, with a focus on optimizing static standby and sleep energy consumption. For example, the Ambiq Apollo MCU (Cortex-M4F) used in Fossil smartwatches consumes only about 34 μA/MHz during active operation, with sleep current as low as 140 nA. enabling exceptionally long standby lifetimes for wearables during daily use. In contrast, AI acceleration hardware often integrates parallel computing units: RISC-V multi-core platforms incorporate multi-core DSP extensions that significantly boost computational throughput in parallel modes; CIM chips fuse memory and computation, performing matrix operations via crossbar memory arrays. Some cutting-edge CIM designs achieve energy efficiency at the thousand TOPS/W level within compact footprints. These designs suit scenarios requiring high-density AI inference, but typically exhibit higher leakage current during idle periods and higher current peaks during active periods compared to wearable chips specifically optimized for standby. Ali Farahani et al. [62] introduced a CNNX hardware accelerator optimized for deep separable convolutions, utilizing 8-bit integer Quantization and block processing to address resource constraints and the balance between performance and resource consumption in edge device CNN inference. Zhang et al. [63] developed a new resource management framework, HeteroEdge, to address heterogeneity by effectively allocating tasks to heterogeneous edge devices. Meanwhile, the RISC-V open-source instruction set architecture, with its high customizability and lightweight features, has become the mainstream platform choice for edge AI devices [64]. Yang [65] used RISC-V cores to reduce memory access time through appropriate memory partitioning and allocation. El Zarif et al. [66] introduced Polara-Keras2c, which integrates RISC-V vector extension optimizations and is customized for the Polara architecture, becoming a transformative tool for real-time, energy-efficient AI processing on edge devices and driving the development of edge computing.



To address the low-power requirements of MCUs, dedicated NPUs are often designed with a compute-in-memory architecture, reducing data movement overhead between memory and compute units at the architectural level, thereby significantly lowering energy consumption. Manor Erez et al. [67] proposed a framework combining MCUs and NPUs to resolve the trade-off between resource constraints and performance requirements for neural network deployment on edge devices, achieving up to a 724-fold improvement in inference speed compared to pure software implementations. Lee et al. [68] proposed a convolutional neural network-based super-resolution accelerator for real-time upscaling to ultra-high-definition resolution on edge devices, supporting up to 96 frames per second at UHD resolution. In addition to compute-in-memory architectures, Meng et al. [69] developed a biomimetic “electronic whisker” system that mimics the whiskers of rodents, as shown in Figure 4a, integrating a new type of sensor that combines sensing, storage, and computing. This system can precisely perceive changes in environmental parameters without external power supply. This self-powered intelligent sensor achieves synchronous perception and encoding of multi-modal environmental signals, not only reducing the energy and computational dependencies of traditional sensing systems but also providing a reliable new method for medical monitoring. For example, attaching electronic whiskers to a patient’s skin can be used for real-time monitoring of physiological indicators such as respiratory airflow and skin moisture, with potential applications in vital sign monitoring and rehabilitation assessment. This sensing-storage-computing integrated architecture, combined with the storage-computing integrated architecture, further reduces energy consumption.



“MCU + AI” accelerates the intelligent upgrade of automated equipment, achieving higher production efficiency and lower operational costs. Predictive maintenance is one of the most representative applications. Traditional factory equipment maintenance is often conducted on a scheduled or post-failure basis, which can lead to issues such as failure to detect faults in a timely manner or excessive maintenance. Now, by deploying MCUs and embedded AI models on equipment, it is possible to analyze real-time data such as vibration and current of critical components like motors and electric pumps, enabling early prediction of fault trends. Texas Instruments recently launched TMS320F28P55x series MCUs are the first to integrate an NPU, enabling efficient local execution of deep learning inference [70], as shown in Figure 4b. Thanks to NPU hardware acceleration, fault detection latency is significantly reduced, enabling completion within milliseconds—a 5–10× speedup compared to pure software implementations. This low-latency, high-precision local AI inference is highly suitable for real-time monitoring requirements in industrial environments. These examples demonstrate that hardware architecture innovations combining MCUs with AI are breaking through the constraints of computational power and power consumption, providing efficient support for edge intelligence across various fields.



Through hardware and software co-design, deploying AI in MCUs can effectively compensate for insufficient computing power and control power consumption within acceptable limits by making full use of lightweight models and hardware acceleration, providing a practical solution for edge intelligence. On this basis, the next step will be to explore at the system level how AI can further empower MCUs to achieve low-power optimization.





3. AI-Enabled Low-Power Optimization Path for MCUs


Leveraging AI technology to optimize the overall power consumption of MCUs is a key approach to achieving low-power operation of devices. With the deep integration of AI models and embedded systems, intelligent algorithms can be used to coordinate task scheduling and power management, significantly improving the system’s energy efficiency ratio. This chapter focuses on “How AI Helps MCUs Achieve Low Power Consumption,” exploring optimization strategies in areas such as task scheduling, power management, inference engines, communication, and data processing.



3.1. Intelligent Task Scheduling


With the integration of AI models and embedded systems, the deep synergy between AI-driven task scheduling and power management has become a key path to optimizing system energy efficiency. This process essentially relies on operating system scheduling, optimized battery management strategies, and inference engine technology to enhance the real-time performance, efficiency, and accuracy of the overall system.



Optimizing task scheduling at the operating system level ensures the system’s responsiveness. Real-time operating systems must support context-aware dynamic task priority adjustment mechanisms to meet stringent real-time response requirements. In scenarios involving concurrent multi-tasking and multi-device collaboration, operating systems must also possess distributed task scheduling capabilities, particularly in multi-core embedded systems where multiple processor cores exist. The real-time scheduling algorithms within these systems are critical for performance and functionality. Xu et al. [71] optimized the scheduling efficiency of multiple tasks across multiple processor cores through algorithmic improvements, fully utilizing multiple processor cores, but the reduction in average time remains limited. Zhu et al. [72] proposed a structure-aware task scheduling strategy for heterogeneous distributed embedded systems, achieving a reduction in task scheduling time of approximately 40% compared to Xu’s approach. Zhang et al. [73] proposed a target-sorting-based particle swarm optimization algorithm (TS-MOPSO) and designed a task scheduling model to optimize task scheduling and execution time. Compared with other algorithms, the task execution time, maximum completion time, and total task scheduling cost were reduced by 31.6%, 23.1%, and 16.6%, respectively. These intelligent scheduling strategies effectively enhance the resource utilization and scheduling efficiency of multi-core MCUs, meeting real-time requirements while avoiding energy waste caused by unnecessary idle cycles of processing units.




3.2. Intelligent Power Management


The intelligentization of power management strategies is of great significance for enhancing the overall battery life of a system. Traditional DVFS mechanisms [74] can be further evolved into mechanisms that adapt to changes in load, achieving feedforward control of system computing power requirements by introducing lightweight AI learning models. This enables proactive adjustment of operating voltage and frequency before load changes occur, thereby optimizing the balance between performance and power consumption [75]. Huang et al. [76] proposed a dual-Q power management method that extends the operating frequency based on learning, achieving a total energy savings of 5–18%. Additionally, DVFS methods that further adopt deep reinforcement learning exhibit better performance and robustness. Chen et al. [77] proposed a deep reinforcement learning-based dynamic voltage and frequency scaling method that optimizes the application execution quality of energy harvesting edge devices, reducing runtime by 17.9% and improving quality by 22.05%. These intelligent power management strategies effectively reduce MCU energy consumption under dynamic loads and enhance energy utilization efficiency.



In addition to chip-level DVFS, adaptive sleep–wake strategies can also be optimized at the system level using AI. By predicting task idle periods through machine learning, the MCU can proactively enter a low-power sleep state and quickly wake up when needed, thereby reducing unnecessary power consumption. AI-assisted control strategies effectively optimize the energy utilization efficiency of devices. At a broader control level, AI can also help optimize power consumption at the device or system level. For example, in the smart home field, the introduction of machine learning for intelligent control of electrical appliances has achieved significant energy-saving effects.




3.3. Inference Engine Optimization


To efficiently run AI inference tasks on an MCU, software-level optimizations are also required. Optimizing the inference engine can also be highly beneficial for embedded platforms with limited computational power. By merging data processing and machine learning tasks using operator fusion technology, the execution efficiency of the inference engine can be significantly improved. Chen et al. [78] proposed the TVM compiler, which optimizes at both the graph level and operator level, providing performance portability for deep learning workloads across different hardware backends. Sun et al. [79] further proposed a GPU-accelerated operator fusion method for evaluating relational query linear algebra, leveraging linear algebra computational properties to merge operators in machine learning predictions and data processing, thereby significantly increasing the runtime speed of the prediction pipeline by 317 times. Similarly, we can also apply the operator fusion method to the MCU platform to optimize it at the software level. On resource-constrained platforms such as MCUs, pre-compiling and optimizing model operators offline can also greatly reduce the instruction overhead and memory accesses during real-time inference. For example, optimization libraries for ARM Cortex-M (such as CMSIS-NN) manually optimize operators like convolution to multiply inference performance [47]. Selecting neural network operators suitable for the MCU architecture, leveraging compiler-automated tensor optimization, and reusing operator computation results as much as possible are all effective ways to enhance inference engine efficiency and reduce energy consumption.




3.4. Communication and Data Compression Optimization


MCUs in edge devices often need to process and transmit large amounts of sensor data. Therefore, reducing transmission volume and lowering communication energy consumption from the data source is also an important part of AI-enabled low power consumption. In video scenes, the inter-frame redundancy rate often exceeds 50%, particularly when the camera is stationary or background changes occur slowly. By transmitting only key frames or regions of interest, data volume can be reduced by several orders of magnitude [80]. In health monitoring, physiological signals such as ECG and body temperature typically exhibit periodic fluctuations with gradual short-term changes. Simple algorithms can compress ECG signals to reduce data volume by approximately 90% while preserving complete heart rhythm characteristics [81]. Environmental sensors collecting temperature, humidity, and light intensity often exhibit long-term correlations. This redundancy can be eliminated through methods like prediction, differential coding, and sparsification. A series of data preprocessing and compression technologies are used to minimize data volume while ensuring that critical information is not lost. First, signal filtering can remove noise interference from the original collected data, improving data quality and avoiding the use of bandwidth and processing power by invalid data. For example, in industrial IoT applications, noise suppression of sensor signals can significantly enhance the accuracy of subsequent fault analysis [82]. Second, feature dimension reduction compresses high-dimensional data by extracting primary information components, drastically reducing storage and transmission requirements while preserving useful information as much as possible. Ali et al. [83] demonstrated that the dimension reduction of image data at the edge (e.g., using autoencoders or principal component analysis) can reduce data volume by approximately 77% with minimal impact on cloud-based analysis results. Third, adaptive compression strategies can further enhance efficiency by addressing variations in the importance of data components. For example, surveillance footage can be divided into regions of interest (ROIs) and non-ROIs: lossless or low-loss compression can be applied to critical regions, while high-compression-ratio lossy compression can be used for non-critical regions. Such “region of interest” compression significantly improves the overall compression rate without sacrificing important information, thereby markedly enhancing communication bandwidth utilization efficiency [84]. Through these measures, edge devices only need to transmit refined key information, greatly reducing the data exchange volume in wireless communication. Statistics show that preprocessing and filtering redundant data at the edge can significantly reduce bandwidth occupancy and energy consumption caused by the transmission of invalid data. Therefore, combining AI-based local data processing and compression technologies not only alleviates storage and bandwidth bottlenecks in MCUs but also directly reduces energy consumption caused by communication and data storage. In practical applications, this means devices can operate longer on battery power and reduce power consumption caused by frequent communication, thereby improving the overall energy efficiency of the system. Data optimization for edge intelligence requires balancing dimensionality reduction for efficiency with information retention, which has become an important research direction for edge AI deployment [85].



AI technology supports low-power operation of MCUs at multiple levels: by intelligently scheduling to fully utilize hardware resources and avoid idle waste, optimizing power management through learning-based strategies to dynamically balance performance and power consumption, introducing efficient inference engines and compilation optimizations to accelerate algorithm execution, and reducing communication overhead through local data compression and filtering. These approaches work in tandem to enable “MCU + AI” systems to achieve both intelligent decision-making capabilities and low power consumption. In numerous real-world cases, AI-enabled MCU systems have demonstrated significant improvements in energy efficiency and extended battery life. It is foreseeable that as related technologies continue to mature, the intelligent upgrading of MCUs will achieve the dual goals of low power consumption and high performance in an increasing number of scenarios. Finally, Table 4 summarizes the comparison of AI-based low-power technologies.





4. MCU + AI Enables Low-Power Technology Applications


4.1. Deep Application of Smart Home Scenarios


In smart homes, MCUs combined with AI technology have significantly improved security and energy management capabilities. On the one hand, security systems based on visual and behavioral analysis have made home monitoring smarter. Cameras installed in the home environment use edge AI to analyze video streams in real time. They can automatically identify abnormal events (e.g., illegal intrusions, fires) and promptly raise the alarm. AI-driven intrusion detection systems can learn normal household activity patterns to detect abnormal intrusions or suspicious movements [88], as shown in Figure 5a. Additionally, cameras can perform personnel identity verification and behavior analysis to implement more advanced home security strategies, while local processing reduces energy consumption caused by long-term wireless transmission of video streams. On the other hand, AI-assisted control strategies effectively optimize the energy efficiency of devices. A typical example is HVAC systems such as air conditioners: by obtaining status information from environmental sensors and combining it with user preferences, AI models can adjust air conditioner operating parameters in real time, starting, stopping, and adjusting power only when necessary. It has been reported that this intelligent control strategy can reduce the energy consumption of air conditioning systems by approximately 20–30% [89]. Another example is the GD32G5 series MCU launched by GigaDevice, which integrates a high-performance Arm Cortex-M33 core and DSP accelerator and adopts a low-power design, enabling efficient local execution of energy-efficient optimization algorithms [90]. This MCU can quickly calculate the optimal power output based on data from multiple sensors and precisely control the operation of components such as compressors and motors, thereby making home appliances run more efficiently and stably. “MCU + AI” enables smart home devices to more intelligently perceive their environment and user needs, enhancing safety while achieving energy-efficient operation.




4.2. Intelligent Innovation in Medical Devices


The integration of MCUs and AI technology is driving the development of medical devices toward greater intelligence and precision. In the field of physiological signal monitoring, wearable medical devices extensively utilize embedded AI algorithms to enable early disease warning, as shown in Figure 5b. In battery-powered wearable medical devices, MCUs can continuously run embedded AI models to perform local analysis of electrocardiogram (ECG) signals for detecting arrhythmias such as atrial fibrillation [93]. Compared to traditional Holter monitoring, which requires post hoc manual analysis, this significantly improves the detection rate and timeliness of abnormal heart rhythms. Antoun et al. [94] demonstrated that analyzing wearable ECG data using AI can significantly enhance the early detection rate of asymptomatic arrhythmias such as atrial fibrillation. AI algorithms can identify subtle abnormal patterns from massive amounts of dynamic ECG data, enabling early warning of severe heart disease. On the other hand, implantable medical devices have also incorporated intelligent control. For example, the next-generation artificial pancreas combines an MCU and AI algorithms to automatically adjust insulin release based on real-time physiological data, achieving closed-loop blood glucose control [95]. Similarly, research has explored the use of AI in implantable devices such as pacemakers to adaptively adjust stimulation parameters or drug release strategies based on patient status, thereby improving therapeutic efficacy. “MCU + AI” is driving the transformation of medical devices toward miniaturization and intelligence, with various devices demonstrating higher autonomy and accuracy from wearable monitoring to implantable therapy, while meeting low-power requirements and maintaining extended operational durations.




4.3. Digital Transformation of Smart Agriculture and Industry


In the field of smart agriculture, AI technology optimizes irrigation and fertilization strategies through environmental monitoring (temperature, humidity, soil moisture), and combines computer vision to enable early detection of crop pests and diseases. For example, high-definition cameras or drones installed in fields regularly capture images of crops, while microcontrollers run visual models such as convolutional neural networks in real time at the edge to automatically identify disease spots or pest traces on crop leaves. Venkateswara et al. [96] demonstrated that deep learning models can achieve high accuracy in crop pest and disease image recognition, enabling timely detection of early infection signs. Compared to manual inspections, this approach can identify issues several days earlier, significantly reducing pest and disease-related losses. Additionally, integrated air-ground-space monitoring makes crop growth assessment and yield prediction more scientific. Drones controlled by microcontrollers equipped with multispectral cameras conduct regular aerial surveys of farmland, capturing panoramic growth parameters of crop canopies, such as the vegetation index NDVI. Edge devices utilize machine learning models to fuse multi-temporal remote sensing data with ground sensor data, establishing a relationship model between crop growth and yield. Zhou et al. [92] demonstrated that a method combining drone imagery and deep learning can accurately predict yield per unit area, as shown in Figure 5c. By integrating drone multispectral images with deep neural networks, they achieved yield predictions for rice with over 95% accuracy. This technology enables agricultural departments and farmers to anticipate yield information in advance, optimizing harvest and sales plans. The “microcontroller + AI” smart agriculture solution enables comprehensive perception of agricultural conditions and intelligent decision-making: it not only “manages fields based on weather conditions” by optimizing water use and fertilization through environmental data, but also “detects diseases and pests” by using visual intelligence to prevent and control pests and diseases early, thereby promoting agricultural productivity and efficiency and driving the transformation of traditional agriculture toward digitalization and precision agriculture.



In the industrial and energy sectors, AI-enabled control strategies also play a role in reducing energy consumption. In photovoltaic power generation systems, intelligent algorithms running on MCUs can adjust the operating point of photovoltaic panels at high speed to track maximum power output. Li et al. [97] combined maximum power point tracking (MPPT) algorithms with intelligent control strategies, significantly improving the efficiency and reliability of solar power systems and extending battery lifespan. As such, whether in power management at the chip level or energy optimization at the device application level, AI technology offers new approaches and tools for reducing MCU system power consumption.





5. Challenges and Prospects


Deploying AI capabilities on MCUs presents a series of technical challenges that require targeted solutions. The primary challenge is balancing the lightweight nature of AI models with their accuracy and robustness. Large-scale deep learning models typically have a massive number of parameters and complex computations, making them difficult to directly port to MCUs with extremely limited memory and computational power. To adapt to MCUs, model compression techniques (such as Quantization, pruning, and distillation) are needed to reduce the model size to the KB level. However, excessive compression can lead to a significant decline in model accuracy and robustness. Ortiz et al. [86] demonstrate that most model compression methods, if not finely tuned, inevitably sacrifice accuracy. Pruning and Quantization can reduce model size by an average of 19 times, but accuracy may significantly decline. Therefore, the bottleneck lies in how to minimize model complexity while maintaining sufficient accuracy. On one hand, more advanced model compression and neural architecture search techniques need to be developed to ensure that models still perform reliably in resource-constrained environments. On the other hand, to address edge noise and domain shift phenomena, robustness needs to be enhanced during the model training phase to prevent lightweight models from being overly sensitive to environmental changes. In summary, achieving a balance between “lightweight” and “high accuracy” is one of the core challenges of MCU intelligence.



Second, consistency and stability issues in edge-side distributed collaborative computing have become prominent. Multi-cluster communication refers to the interconnection and collaboration of multiple MCUs. This architecture allows each node to enter sleep mode independently, offering high flexibility but introducing communication latency and protocol overhead. Performance gains from collaboration must account for communication synchronization overhead. For example, when multiple nodes process different tasks in parallel, computational power scales linearly, but this incurs additional transceiver power consumption and communication latency costs. System-level simulation or actual testing can measure total power consumption and task completion time under scenarios involving single-node, single-cluster (no communication), and multi-cluster communication. This allows comparison of how communication latency and energy consumption impact system efficiency. When multiple MCU nodes collaborate to execute AI tasks to balance the load, network latency and different node states may cause data inconsistency and timing asynchrony, affecting overall inference accuracy and system stability [98]. To overcome this bottleneck, it is necessary to study high-fault-tolerant, low-latency edge collaboration mechanisms, including efficient parameter synchronization algorithms and consistency maintenance protocols. Recent work has made progress in end-to-edge collaborative inference by dynamically dividing models for joint inference across devices and edge servers to reduce single-node load and response latency. However, even under this architecture, performance fluctuations caused by dynamic factors such as network jitter and node failures must still be addressed. Future research directions include the following: designing adaptive collaborative scheduling strategies to dynamically adjust task allocation based on network conditions; introducing distributed consensus and state verification mechanisms to ensure consistency in processing and reliability of results across nodes. Additionally, for multi-node deployments, data consistency and system security must be considered. Only by addressing stability and consistency challenges in edge collaborative computing can MCU clusters fully leverage economies of scale to achieve reliable distributed intelligence.



Finally, reliability and power consumption control in the “sensing, storage, and computing integrated” architecture remain areas requiring breakthroughs. The deep integration of sensing, storage, and computing units is widely regarded as a core path to enhancing energy efficiency in next-generation intelligent systems [99]. Among various implementation schemes for this integrated architecture, in-memory computing (CIM) stands out for its potential to fundamentally reduce data movement between discrete units—by embedding computational operations directly within storage arrays, it can significantly lower overall energy consumption and improve computational throughput. Specifically, the use of novel non-volatile memory devices (such as memristors) to construct crossbar arrays enables critical operations like vector-matrix multiplication to be performed within the storage array, realizing a “near-storage-as-computing” paradigm that aligns with the energy-saving goals of the integrated architecture. However, this CIM-based implementation of the sensing-storage-computing integrated architecture currently faces severe challenges in reliability and power consumption control—and these challenges are exactly the core bottlenecks that the integrated architecture itself needs to overcome. In the sensing-storage-computing integrated architecture, the accuracy of sensing signals, the stability of stored data, and the correctness of computational results are highly coupled—for example, drift in memristor conductance will not only distort stored information but also propagate errors to the computing process, while noisy sensing signals will further exacerbate these uncertainties. These random fluctuations and drift phenomena introduce unavoidable errors in analog computing, and addressing and tolerating such uncertainties at the circuit and algorithm levels remains a major challenge for the entire integrated architecture. Ding et al. [100] pointed out that the randomness of ion migration processes within memristors can cause inconsistencies in device switching thresholds and delays—a problem that is amplified in large-scale CIM systems (the core of the integrated architecture), severely affecting the stable coordination of sensing, storage, and computing units. To enhance the reliability of the integrated architecture, the academic community is exploring variation-tolerant and error-correction techniques, such as introducing redundant storage units, error detection, and erasure coding within CIM arrays (to compensate for device variability), or calibrating memristors through multiple programming and read/write cycles (to mitigate drift effects)—all of which are targeted at resolving reliability bottlenecks of the integrated system. In addition to reliability, power consumption control is another critical challenge for the sensing-storage-computing integrated architecture. Although the energy consumption of a single CIM array is very low, the integrated architecture requires the parallel and collaborative operation of sensing modules, multiple CIM arrays, and auxiliary circuits. When a large number of CIM arrays work in parallel to process continuous signals from sensing units, the cumulative power consumption of the entire system remains significant. Moreover, analog circuits in the CIM array consume additional energy during standby and refresh processes—this “idle energy consumption” is particularly problematic for low-power scenarios that the integrated architecture aims to serve. Developing precise power management strategies is therefore essential: these strategies need to dynamically allocate power across sensing, storage, and computing units (e.g., adjusting the operating frequency of CIM arrays based on sensing data throughput, or putting idle sensing modules into low-power mode), ensuring that the integrated system maintains high throughput without causing local overheating or uncontrolled energy consumption. Crafton et al. [87] further noted that the CIM-based integrated architecture introduces new power-related issues not encountered in traditional CMOS systems—for instance, computational errors caused by device variation require additional retries, which actually increase the average power consumption per effective computation. This means that while pursuing extreme energy efficiency, it is necessary to incorporate power-aware scheduling and calibration mechanisms into the system design—balancing reliability and low power consumption across the entire sensing-storage-computing chain.



For resource-constrained embedded scenarios, it is necessary to comprehensively consider task characteristics, hardware resources, and accuracy requirements to select or customize suitable AI algorithm architectures. Model compression can significantly reduce power consumption by lowering model memory usage and computational load, but this often comes at the cost of reduced accuracy, requiring careful balancing between model size and accuracy [101]. In recent years, the industry has also proposed methods for algorithm-hardware co-design, such as the MCUNet framework, which combines neural architecture search and memory optimization to enable commercial microcontrollers to successfully run ImageNet-level models with over 70% Top-1 accuracy, while reducing SRAM and Flash memory usage by 3.5 times and 5.7 times, respectively [102]. This demonstrates that through lightweight model design optimized for MCU constraints, high intelligent performance can be achieved on limited resources.



Secondly, the balanced application of hardware acceleration solutions. To enhance the intelligent processing capabilities of MCUs, heterogeneous multi-core architectures or dedicated accelerators can be introduced, but it is important to balance performance improvements with cost and power consumption. Heterogeneous architectures can significantly improve hardware resource utilization and reduce power consumption by enabling different cores to collaborate and divide tasks [103]. For example, a study proposed an NPU-MCU collaborative computing framework that leverages task partitioning and pipelining optimizations to fully utilize NPU computing power and MCU control capabilities, significantly enhancing system computing efficiency and energy efficiency. In practical applications, appropriate hardware acceleration methods should be selected based on application requirements to balance performance improvements with power consumption and cost constraints.



Finally, there is intelligent tuning of DVFS. Given the time-varying characteristics of AI workloads, establishing an accurate power consumption prediction model and combining it with real-time task requirements to dynamically adjust MCU voltage and frequency can maximize energy efficiency. This strategy requires software-hardware collaboration: on the one hand, monitoring task load changes and promptly reducing frequency and voltage to save energy; on the other hand, enhancing performance during critical computation phases to ensure real-time responsiveness. According to the latest research, incorporating predictive models or reinforcement learning into DVFS decision-making can reduce energy consumption by approximately 20% while maintaining performance metrics, with minimal impact on real-time response and a frame drop rate controlled below 2% [104]. Therefore, DVFS optimization for MCU intelligence is a key strategy for enhancing overall energy efficiency, requiring careful consideration of power consumption model accuracy and response speed to achieve the optimal dynamic balance between energy consumption and performance.
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Figure 1. (a) NTV-CPU: Full-Chip 32 nm die and core micrographs and characteristics. Packaged IA-32 silicon and the small solar cell used to power the core [27]. (b) Proposal for a Heterogeneous Embedded Software Execution Architecture Based on Multi-Core Collaborative Operations [28]. (c) The proposed system consists of a hardware-based board running the Zephyr RTOS, modifications to the scheduler subsystem to support various ready queue structures, and a power profile tool used to measure power consumption for each implemented ready queue structure mechanism [29]. (d) The improved DDPG model architecture is employed for task scheduling in mobile edge computing systems, reducing latency and energy consumption [30]. 
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Figure 2. MCU + AI Low-Power Technology Overview Roadmap. 
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Figure 3. Shows the interaction between the three components: the compiler plugin interface, the orchestration protocol, and the inference module specification. Support for these three components indicates that IoT hardware can meet the basic requirements for implementing TinyML services. 
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Figure 4. (a) Meng et al. invented the schematic illustration of the rat whiskers for wind sensation [69]; (b) Functional Block Diagram of TMS320F28P559SJ-Q1. Adapted from Figure 3-1 in [70]; modified to highlight the NPU module. 
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Figure 5. (a) Shalan et al. employs a comprehensive system that integrates knowledge distillation, transfer learning, and blockchain technology to address the unique challenges of smart home intrusion detection [88]; (b) Huang et al. introduce two models, ConvLSTM2D-liquid time-constant network and ConvLSTM2D-closed-form continuous-time neural network, designed for abnormality identification using electrocardiogram data [91]; (c) Flowchart for yield prediction modeling and spatial map of yield prediction based on the CNN-M2D model. Each plot was divided into two panels, with the left side displaying the observed yield data, and the right side showing the predicted yield data. Reproduced with permission [92]. Copyright 2024 Elsevier. 
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Table 1. Three stages of evolution in low-power requirements for MCUs.
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	Stage
	Key Scenes
	Key Technology
	Popular MCU





	Stage 1
	Traditional industrial equipment, low-end home appliances
	Reduce static current
	8-bit



	Stage 2
	Wearable devices,

IoT sensors
	Sleep–wake mechanism, DVFS technology
	16-bit, 32-bit



	Stage 3
	Smart IoT,

Industry 4.0,

New Energy Vehicles
	System architecture optimization,

AI integration
	32-bit










 





Table 2. MCU Toolchain Quantization and Pruning Support.
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	Toolchain
	Quantization Support
	Pruning Support





	LiteRT [46]
	INT8 Quantization

(Dynamic/Static)

supports mixed precision (FP16/INT8)
	Structured pruning (removing redundant channels/layers) combined with dynamic range Quantization to optimize model size



	CMSIS-NN [47]
	INT8/INT16 Quantization

Q Format Conversion
	Structural pruning must be manually implemented in conjunction with CMSIS-DSP, relying on the sparsity of quantized weights for optimization.



	MicroTVM [48]
	INT8 Quantization

supports dynamic shapes
	Structured pruning (based on TVM sparse IR) requires integration with model compression tools



	Edge Impulse EON [49]
	8-bit Quantization

(automatically generated)
	Relies on EON Tuner for architecture search optimization and does not directly support pruning



	Arm Ethos-U [50]
	INT8 Quantization

supports mixed precision
	Structured pruning (requires preprocessing tools), implemented via the Vela compiler for weight clustering and compression










 





Table 3. Compression Methods and Toolchain Support.
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	Compression Method
	Toolchain Support





	Quantify
	TensorFlow Lite [51] (PTQ/QAT)

ONNX Runtime [52] (INT8)

Intel OpenVINO [53]

NVIDIA TensorRT [54] (INT8/FP16)



	Structured Pruning
	TensorFlow Lite (TF-MOT)

NVIDIA TensorRT

Arm Ethos-U



	Unstructured pruning
	TVM

ONNX Runtime



	Mixed Precision Optimization
	NVIDIA TensorRT

Arm Ethos-U



	Model Reconstruction
	LiteRT

TVM










 





Table 4. Summary comparing various AI-based low-power techniques.






Table 4. Summary comparing various AI-based low-power techniques.





	Solution
	Advantages
	Disadvantages
	Performance

Metrics
	Source





	RL-based DVFS
	Adjust speed and voltage according to real-time demand to save active power consumption
	Switching delay and voltage stability; achieving complex
	Energy consumption reduced by 5–18%, operating time decreased by 17.9%
	[76,77]



	Predictive Task Scheduling
	Resource utilization has been significantly optimized; Task response delays have been substantially reduced
	Additional computational and data overhead; Data privacy and security risks
	Task execution time reduced by 31.6%, scheduling time reduced by 40%
	[72,73]



	Lightweight Model
	Reduce computational load and memory usage to extend battery life
	Accuracy decreases, requiring more complex preprocessing or model tuning
	Model size reduced by a factor of 19, number of parameters reduced by a factor of 13,960
	[45,86]



	NPU Acceleration
	Dedicated MAC array accelerates inference with low latency
	Increase chip area and static power consumption; Initialization/switching overhead
	Inference speed increased by 724 times
	[67]



	CIM Architecture
	Significantly reduce data transport energy consumption and improve MAC efficiency
	New process and analog circuit challenges; affected by PVT variations
	Energy efficiency reaches the level of 1000 TOPS per watt
	[87]
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