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  Abstract 
Abnormal perception in edge IoT environments faces triple constraints of limited 
resources, dynamic and variable data, and high real-time response requirements. 
Traditional methods are difficult to balance detection accuracy and inference effi-
ciency. This article systematically studies the method system of empowering edge 
IoT anomaly perception and lightweight reasoning with large models. Firstly, the 
intrinsic mechanism of edge adaptation was analyzed, revealing the technical bot-
tlenecks in model capacity, computational energy consumption, and dynamic 
adaptability when the inference advantages of large models migrate to the edge, as 
well as the dialectical unity logic between accuracy and real-time performance un-
der resource constraints. Furthermore, from the perspective of perceptual empow-
erment, lightweight translation based on knowledge distillation, anomaly represen-
tation learning under multimodal alignment, context-aware driven threshold dy-
namic adjustment, and edge cloud collaborative perception task offloading criteria 
were proposed. In terms of a lightweight inference mechanism, model structure 
pruning and attention sparsity, mixed precision energy consumption control, dy-
namic selection of inference path, and update forget balance strategy under contin-
uous learning have been designed. Through the collaborative optimization of archi-
tecture design and operation mechanism, this method aims to achieve effective 
unity of anomaly perception accuracy and real-time performance on resource-con-
strained edge nodes, providing theoretical support for intelligent IoT systems. 
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1. Introduction 

With the explosive growth of IoT devices, the multimodal sensing data generated at the edge is becoming increasingly 
complex. Traditional anomaly perception methods based on rules or shallow models face severe challenges in dy-
namic environments, sample scarcity, and real-time response. Large models, with their powerful semantic under-
standing and cross-modal generalization ability, provide new ideas for improving the accuracy of edge IoT anomaly 
detection. However, their large parameter count and computationally intensive characteristics create a sharp contra-
diction with the limited resources of edge nodes [1]. How to realize lightweight reasoning in the edge environment 
while maintaining the perception advantage of large models has become a key scientific problem in the cross-field 
of industrial Internet of Things and edge computing. This article starts from the inherent mechanism of edge 
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adaptation of large models, systematically explores lightweight translation methods for anomaly perception capabil-
ities, and analyzes the design and operation mechanism of inference structures, in order to establish a collaborative 
optimization framework between accuracy, latency, and energy consumption, and promote the efficient deployment 
and application of large models in edge IoT. 

2. The Intrinsic Mechanism and Challenges of Edge Adaptation in Large Models 

2.1 New requirements for model capability in edge IoT anomaly perception 

The anomaly perception task in edge IoT environments presents highly dynamic, sample-scarce, and context-sensi-
tive characteristics. Traditional detection methods based on fixed thresholds or shallow models are difficult to cope 
with complex anomaly types such as device degradation, environmental mutations, or unknown attacks, and there is 
an urgent need for models with stronger semantic understanding and pattern induction capabilities to support them 
[2]. Large models, with their self-attention mechanism and generalization ability obtained from large-scale pre-train-
ing, can extract deep correlation features from multimodal sensing data and achieve preliminary judgment of abnor-
mal states under few or zero sample conditions [3]. However, the strict requirements for response delay and energy 
efficiency ratio in edge scenarios make direct deployment of large models impractical. Therefore, how to meet the 
real-time, low-power, and autonomous decision-making needs of edge nodes while maintaining the perception ad-
vantage of large models has become the core contradiction of current research. 

2.2 Technical bottleneck of transferring the advantages of large-scale model inference to the edge 

Large models, their inference advantages in the central cloud, mainly rely on massive computing resources and high-
bandwidth storage, with deep network structures and a large number of parameters, causing computational complex-
ity and memory occupation to far exceed the carrying capacity of edge devices. When migrating to edge side, primary 
challenge is accuracy loss brought by model compression, lightweight techniques such as quantization, pruning and 
knowledge distillation easily lead to loss of key features under extreme compression ratios, and secondly, edge de-
vices usually adopt heterogeneous computing units, and lack support for efficient operators of large models’ attention 
mechanism, which makes inference latency difficult to meet millisecond-level anomaly response requirements [4]. 
Dynamic distribution of data in edge scenarios also makes static compressed models difficult to adaptively adjust, 
thereby further aggravating the decline of generalization performance, and these bottlenecks together constitute the 
main obstacles to effective migration of large model inference capability from cloud to edge. 

2.3 Logical unity of accuracy and real-time performance under resource constraints 

In anomaly perception of edge IoT, there exists an inherent contradiction between model accuracy and real-time 
inference, and pursuing higher accuracy often requires retaining more network layers and parameters, increasing the 
depth of computation and the number of attention heads, thereby prolonging inference latency and increasing energy 
consumption [5]. On the contrary, excessive compression to prioritize real-time response may lead to missed anomaly 
detection and false alarms, weakening the reliability of the perception system, which is essentially a structural con-
tradiction under the condition of limited computational resources [6]. To achieve unification of two, it is necessary 
to break through traditional static optimization methods and explore a dynamic accuracy-latency trade-off mechanism, 
with the mechanism being able to adaptively adjust inference depth and computation path of the model according to 
the current task’s anomaly urgency degree, channel state, or remaining battery level. 

3. The Method Path of Empowering Edge Anomaly Perception with Large Models 

3.1 Lightweight translation of perception ability based on knowledge distillation 

Knowledge distillation provides a systematic, lightweight transformation path for transferring the ability of percep-
tion from large models to edge devices, with its core idea being to use a large model with a large number of parameters 
and strong reasoning ability as a teacher network, and to guide the student network with a simplified structure to 
perform imitation learning through soft label information of output distribution and intermediate feature layers. In 
the scenario of edge anomaly perception, the teacher model can extract deep discriminative boundaries from data of 
multi-source sensors, and this boundary exists between normal states and abnormal states, while the student model 
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can reproduce this discriminative ability as much as possible while maintaining a small number of parameters [7]. 
Unlike traditional classification distillation, the task of anomaly perception requires a teacher model to simultane-
ously transfer estimation of uncertainty of unknown anomalies, thereby enabling the student to have the ability of 
open set recognition at the edge. In addition, the strategy of hierarchical distillation can transfer knowledge to the 
feature extraction layer and the decision layer, respectively, which means the former is responsible for retaining a 
fine-grained representation of multimodal signals, while the latter focuses on calibrating the confidence of anomalies. 

3.2 Learning edge anomaly representation under multimodal alignment 

Edge IoT devices are usually equipped with multiple sensors, including vibration, temperature, current, as well as 
acoustic and imaging modalities, and when anomalies occur, different modalities exhibit complementary and heter-
ogeneous representation characteristics. Large models have cross-modal joint modeling capabilities, which can map 
heterogeneous sensor data to a unified high-dimensional semantic space, thereby achieving feature alignment and 
information fusion between modalities [8]. Through contrastive learning or cross attention mechanisms, normal states 
of different modalities within same time window will move closer to each other in embedding space, while abnormal 
states lead to significant semantic deviations, with this alignment learning not only enhancing robustness of anomaly 
representations, but also relying on other modalities to maintain accuracy of anomaly judgment when data from 
certain modality is missing or its quality degrades [9]. Lightweight models on the edge side can inherit alignment 
projection matrices learned by large models on the cloud side, and use local data for fine-tuning and adaptation, while 
aligned representation space has advantages of strong interpretability and clear metric distances, thus efficiently com-
pleting subsequent anomaly detection, type classification, and root cause localization within a unified representation 
framework. 

3.3 Context-aware-driven dynamic adjustment of anomaly threshold 

Edge IoT environment, with its dynamic characteristics requiring anomalous perception systems with ability to re-
spond sensitively to contextual changes, fixed thresholds or static discriminant rules are difficult to adapt to changes 
such as device aging, operating condition switching, and day-night differences, while context-aware-driven dynamic 
threshold adjustment mechanism introduces multi-dimensional contextual information such as time, space, and task 
state, enabling boundary of anomaly judgment to move adaptively with environment [10]. A cloud large model can 
utilize its powerful context understanding ability, learning mapping relationships between context and normal behav-
ior distribution from historical sensor sequences and external environment data, and generating Bayesian-form pos-
terior threshold distributions, with a lightweight model at the edge receiving threshold adjustment parameters issued 
by the cloud, and performing fine-tuning combined with local real-time context features. For example, during the 
device startup phase, the system allows a larger range of fluctuation, while during the steady-state operation phase, 
the standard of anomaly judgment is tightened, and an online threshold adjustment strategy based on reinforcement 
learning can optimize the decision strategy through reward and punishment signals, without relying on labeled data, 
thereby achieving continuous adaptive anomaly perception in an unsupervised environment. 

3.4 Task offloading criteria in edge cloud collaborative perception 

Running large models entirely at the edge is limited by resources, and relying solely on cloud inference is difficult to 
meet real-time requirements. Therefore, edge cloud collaborative perception has become a feasible solution that bal-
ances accuracy and timeliness. The core issue is to develop reasonable task offloading criteria, determining which 
anomaly-aware tasks are completed at the edge and which are offloaded to the cloud for processing by large models. 
The criteria need to comprehensively consider multiple dynamic factors: the current computing load and remaining 
power of edge nodes, the urgency of abnormal data streams to be analyzed, the bandwidth and delay status of network 
links, and the confidence evaluation of local lightweight models for such anomalies. When the uncertainty of anomaly 
discrimination by the edge model is lower than the preset threshold, a decision is made locally, and a response is 
triggered; On the contrary, the original features or intermediate representations are uploaded to the cloud for deep 
analysis by the large model. In addition, task offloading should adopt a layered filtering strategy, where common 
patterns and periodic fluctuations are autonomously processed by edge models, while potential complex multimodal 
anomalies or unknown types of faults are diagnosed by cloud-based large models. 
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4. Structural Design and Operational Mechanism of Lightweight Reasoning 

4.1 Model structure pruning and attention sparsity design 

Large models deployed at the edge face two major structural problems, which are parameter redundancy and high 
complexity of attention computation. Structural pruning of models, by evaluating the contribution of each neuron and 
attention head or complete layer to the task of anomaly perception, removes redundant connections and low-im-
portance substructures, thereby significantly compressing model size. Unstructured pruning has a higher compression 
rate, but it is unfriendly to hardware, so edge inference tends to adopt channel-level or layer-level structured pruning 
to directly reduce the width and depth of the computation graph [11]. Design of attention sparsity, targeting scenario 
of long sequence input in anomaly perception of edge IoT, utilizes temporal locality and periodic characteristics of 
sensor data, constraining complete attention matrix to sliding window attention or progressive sparse patterns, with 
this process also introducing learnable sparse masks, enabling model to automatically discover anomaly-critical time 
steps and cross-modal interaction positions during training, thereby reducing quadratic complexity of attention com-
putation while maintaining discriminative capability. 

4.2 Hybrid precision calculation and edge inference energy consumption control 

Computational energy efficiency of edge devices directly affects continuous operating time of IoT anomaly percep-
tion systems, and mixed precision computation is an effective means of balancing inference speed and energy con-
sumption, with the core of this method being to use low precision and high precision data types simultaneously in 
model according to sensitivity of different tensors to numerical precision, for activation values and intermediate fea-
ture maps in anomaly perception tasks, half-precision floating point or 8-bit integer representation is usually adopted, 
which significantly reduces memory access times and computational energy consumption, while for critical proba-
bility output layer, or uncertainty estimation part, single precision is still retained to ensure reliability of anomaly 
discrimination boundaries [12]. At the hardware level, modern edge computing units generally support low-precision 
instruction sets and tensor accelerators, thus enabling mixed precision inference to achieve a near-theoretical peak 
energy efficiency ratio. Furthermore, the granularity of quantization can be refined from the tensor level to the chan-
nel level or layer level, thereby further reducing energy waste caused by redundant bit bandwidth. 

4.3 Dynamic selection of inference path and optimization of abnormal response delay 

In the abnormal perception scenario of edge IoT, the inference difficulty of different input samples varies significantly, 
and fixed-depth network forward propagation can lead to a large amount of unnecessary computation. The inference 
path dynamic selection mechanism adaptively adjusts the length and branch structure of the calculation path based 
on the complexity and urgency of the input samples. Typical implementation approach is to equip the model with 
multiple early exit points, with each exit point connected to a lightweight classifier, when the features of the inter-
mediate layer are sufficient to determine with high confidence that the current state is normal or some known anomaly, 
computation is terminated early, and the result is output. For patterns of anomalies with blurry boundaries or unseen 
anomalies, information is allowed to flow to deeper layers, and even trigger collaboration of edge cloud, while the 
optimization objective of the dynamic selection strategy is to maximize detection accuracy and recall rate of anoma-
lies under the constraint of inference latency. In an edge IoT environment, a benefit prediction model can also be 
introduced to decide the inference depth of each input in real time by combining current computation load and battery 
status, which enables this early exit mechanism to compress response latency of simple samples to a millisecond 
level, thereby leaving sufficient computation resources and communication resources for complex anomalies. 

4.4 Model update and forgetting balance under a continuous learning mechanism 

Edge IoT devices run for a long time, and device aging, environmental changes, and new types of attacks may cause 
statically trained lightweight models to gradually deviate from data distribution, thereby degrading performance of 
anomaly perception, continuous learning mechanism allows model to incrementally update parameters from new 
sensor data streams, without needing to retain historical data, however, this mechanism faces a core challenge of 
catastrophic forgetting, that is, learning of new samples will overwrite previously learned normal patterns and anom-
aly boundaries. For the task of anomaly perception, solutions include two categories: one is elastic weight consoli-
dation, and the other is knowledge replay. The former imposes regularization constraints through a parameter-
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computed importance matrix of old tasks, while the latter retains a small number of typical samples or generates 
pseudo-samples for replay during the update process. In addition, introducing a forgetting balance mechanism can 
dynamically adjust protection strength of parameters of different categories according to frequency of occurrence of 
anomaly types, which enables model to quickly adapt to frequently occurring new working condition anomalies, 
while not losing ability to recognize low-frequency but high-risk fault patterns, with this mechanism combined with 
periodic distillation and weight synthesis of large models in edge-cloud collaboration achieving stable maintenance 
of perception performance during long-term operation. 

5. Conclusion 

In summary, this paper systematically elaborates on core issues and methodological paths of utilizing large models 
to empower edge IoT anomaly perception and lightweight inference, starting from the contradiction between intrinsic 
mechanisms of edge adaptation and resource constraints. It explores empowerment strategies for perception, such as 
knowledge distillation, multimodal alignment, contextual threshold adjustment, and edge-cloud collaboration. Sub-
sequently, this research designs structural pruning and mixed-precision computation, also covering dynamic infer-
ence paths, continuous learning, and other lightweight inference mechanisms. Research shows that through collabo-
rative optimization of model architecture and operational mechanisms, it is possible to achieve effective unification 
of anomaly perception accuracy and real-time inference under edge resource constraints, thereby providing theoreti-
cal support and methodological guidance for intelligent IoT systems. 
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