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Abstract 

This paper proposes SAGE-IoT, a lightweight, large-language-model-

inspired multimodal decision-making framework for addressing two 

persistent challenges in Internet of Things (IoT) scenarios: the difficulty of 

jointly modeling logs, images, and sensor time series, and the asymmetric 

costs of decision errors. Drawing on the ideas behind Parameter-Efficient 

Fine-Tuning (PEFT), Knowledge-Augmented Reasoning (KAR), and 

hierarchical prompting, the framework implements a “multimodal encoding 

→ gated fusion → knowledge-enhanced reasoning → Bayesian action 

selection → closed-loop feedback” pipeline that strengthens edge decision-

making without deploying a complete Large Language Model (LLM). 

Experiments across three simulated scenarios, smart home, industrial fault 

warning, and smart transportation, achieve accuracy of 94.6%, 88.4%, and 

91.9%, respectively. Ablation results show that KAR and PEFT contribute 

gains of approximately 3.8 and 1.7 percentage points, respectively. These 

results indicate that lightweight LLM-inspired mechanisms offer a feasible 

way to enhance traditional multimodal models, and that “calibrate before 

deciding” should be a basic design principle for intelligent IoT decision-

making systems. 
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1. Introduction 

Internet of Things (IoT) systems must simultaneously process text logs, visual information, and sensor time 

series. However, these three data types differ markedly in structure, frequency, and semantic granularity, which 

makes traditional rule-based systems difficult to scale and leaves purely deep-learning models without an 

interpretable basis for decision-making. In recent years, Large Language Models (LLMs) have shown strong 

performance in complex reasoning, prompt organization, and knowledge invocation, offering new ideas for 

unifying perception and decision-making[1], [2], [3], [4]. At the same time, techniques such as parameter-

efficient fine-tuning, quantized adaptation, and retrieval augmentation have substantially lowered the barrier to 

deployment, opening a feasible path toward edge intelligence[5], [6], [7]. Recent work has also begun to 

explore how LLMs can be connected to the physical world, multimodal understanding, and IoT tasks[8], [9], 

[10], [11], [12], [13]. However, systematic research on closed-loop IoT decision-making remains limited, and a 

unified framework is still lacking, particularly for joint modeling of heterogeneous modalities, control of edge-

deployment cost, and cost-sensitive decision-making in high-risk scenarios. 

IoT decision-making is subject to three constraints: sensory data arrive asynchronously, edge computing power 

is limited, and the costs of different types of errors are markedly asymmetric. A practical system must therefore 

achieve accurate recognition, interpretable decisions, deployability, and controllable action costs all at once. 

Based on this observation, rather than deploying a complete LLM, this paper distills the key ideas behind 

Parameter-Efficient Fine-Tuning (PEFT), Knowledge-Augmented Reasoning (KAR), and hierarchical prompts 

to build SAGE-IoT, a framework that can run within a conventional machine-learning compute budget. 

The contributions of this paper are threefold: (1) a closed-loop multimodal decision-making architecture 

designed for IoT; (2) an integration of PEFT, KAR, and gated fusion that improves decision performance in 

few-shot and heterogeneous settings; and (3) the introduction of Bayesian risk decision-making, together with 

experiments that demonstrate the necessity of probability calibration[14], [15]. 

2. SAGE-IoT System Design 

2.1. Overall Architecture 

The SAGE-IoT framework consists of five layers, and its overall architecture is shown in Figure 1. 
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Figure 1. SAGE-IoT framework 

SAGE-IoT is composed of five layers: perception, encoding, fusion reasoning, action execution, and feedback. 

The perception layer receives text, image, and sensor data; the encoding layer extracts features separately for 

each of the three modalities; the fusion reasoning layer performs projection and gated weighting, and combines 

PEFT adaptation with KAR retrieval to produce scenario-level decisions shown in Equation 1 to Equation 4; the 

action-execution layer generates control instructions according to a risk-minimization principle; and the 

feedback layer writes execution results back to the knowledge base, forming a continuous optimization 

loop[16], [17], [18], [19], [20]. This architecture brings knowledge retrieval, semantic reasoning, and cost 

constraints into a single pipeline, making it well suited to complex IoT scenarios. 

2.2. Key Methods and Algorithms of Each Layer 

2.2.1. Perception layer (acquisition and preprocessing) 

The input consists of three types of raw signals: text, image, and sensor data. The perception layer is responsible 

for transcription, denoising, standardization, and temporal alignment, preparing the data for consumption by the 

encoders. 

2.2.2. Encoding layer (modality feature extraction) 

Text, image, and time-series encoders are used to extract local semantic and temporal features, respectively, all 

uniformly mapped to dimension   . The resulting outputs are denoted as the text-modality encoding vector   , 

the image-modality encoding vector   , and the sensor time-series encoding vector   . 
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2.2.3.  Fusion reasoning layer (Projection → Gating → PEFT → KAR) 

Let the multimodal projection-fusion vector of the three modality encodings, fused be defined as 

 fused   proj 
,  ‖  ‖  -   proj                                         (1) 

here denotes concatenation, proj          is a learnable projection matrix, and  proj  is a bias term. 

To achieve adaptive attention allocation, a softmax gating mechanism is introduced, described as 

   
   (  

   )

∑
   *     +

    . 
  
    /

                                                         (2) 

where  is the gating weight of modality m;    *     + 

is the modality index, with t denoting text, i denoting image, and s denoting sensor time series;      is the 

encoding vector of modality m; and        is a learnable scoring vector for modality m. 

The gated fusion representation then follows as 

 gate  ∑
  *     +

                                                          (3) 

Where  gate     is the final feature vector after gated weighted fusion, and                               is the 

modality-specific projection matrix for modality m. 

When images are occluded, sensor packets are lost, or text logs are sparse, the gating mechanism automatically 

reduces the influence of low-quality modalities on the final decision. PEFT achieves parameter-efficient 

adaptation by freezing the original weights and introducing a low-rank increment shown in Equation 4 to 

Equation 5, expressed as 

                                                                           (4) 

where   is the multimodal fusion input feature formed by concatenating the three modality encoding vectors,   

is the true label of the output sample,    is the frozen pretrained weight,   is the rank-reduction projection 

matrix (input side), and   is the rank-recovery projection matrix (output side). 

The KAR module retrieves relevant knowledge from device manuals, historical cases, and safety rules to 

provide a factual basis for reasoning shown in Equation 6. If the retrieved result set is denoted  ret , the 

resulting augmented prompt is 

 K R    ⊕[⊕
    ret 

      (  )]                                     (5) 

where ⊕ denotes context concatenation,    is the base prompt template,  K R  is the generated prompt, and 

 ret   {d1, …, dk} is the returned set of top-k relevant documents. 

2.2.4. Action execution layer (calibration and Bayesian decision-making) 

The final decision follows the Bayesian risk-minimization rule, shown in Equation 6 

  ( )        
   

,   ( )-                                                    (6) 
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where   ( ) is the Bayes-optimal decision output,  ( ) is the posterior class probability, L is the cost matrix, 

and   is the action space. A mechanism combining a confidence threshold with human review is included to 

safeguard high-risk scenarios. 

2.2.5.  Feedback layer (knowledge base and online update) 

Execution outcomes and human-review signals are written back to the knowledge base to update the retrieval 

index and calibration statistics, and, where permitted, to fine-tune the PEFT increments or fusion parameters 

online, closing the loop for continuous adaptation[21], [22], [23], [24]. 

This design lets the system balance accuracy, interpretability, and deployment cost at the same time. 

2.3.  Training Objective and Decision Process 

To optimize classification performance, cross-modal consistency, and gating stability, this paper adopts a joint 

objective function, shown in Equation 7. 

 total   cls     align     gate                                        (7) 

where  total  is the single scalar optimized by SAGE-IoT;  cls  is the classification cross-entropy loss; Lalign is a 

cross-modal alignment loss that constrains the different modalities to remain consistent within a shared 

semantic space;  gate  is a gating regularization term that discourages the gating weights from collapsing 

prematurely onto a single modality; and λ1, λ2 are balancing hyperparameters. The overall decision pipeline can 

be summarized as “perceptual encoding → gated fusion → knowledge retrieval → semantic reasoning → cost-

based decision → feedback update.” This preserves the knowledge-organization and reasoning advantages of 

LLM-style processing while avoiding the resource burden of deploying a full large model on the edge. 

3. Experiments and Analysis 

The experiments span three representative scenarios: smart-home activity recognition and anomaly detection, 

industrial rotating-machinery fault warning, and smart-transportation anomaly recognition, corresponding 

respectively to home security and behavior recognition, equipment health monitoring, and traffic-flow anomaly 

warning. Each dataset combines text, image, and sensor modalities; results are obtained with 5-fold stratified 

cross-validation, repeated three times and averaged. To evaluate the proposed framework systematically, six 

representative baselines spanning three levels, traditional expert systems, classical machine learning, and deep 

neural networks, were used for comparison: 

a. Rule engine: an expert-authored IF–THEN rule set, representing the traditional decision paradigm 

widely deployed in industrial IoT. 

b. Logistic regression: an L2-regularized linear classifier, representing the performance lower bound under 

linearly separable conditions. 

c. Random forest: an ensemble of 50 decision trees (maximum depth 6) combined via bagging. 

d. Gradient boosting tree: a boosting ensemble that fits residuals with weak learners over 30 iterations at 

depth 3, representing the strongest traditional machine-learning baseline. 

e. K-nearest neighbors (K = 5): a non-parametric, lazy-learning method that predicts by majority vote 

among the 5 nearest samples. 
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f. Multilayer perceptron: a deep neural network with a 128→64 two-hidden-layer structure, ReLU 

activation, and dropout regularization, used to probe the upper bound of nonlinear mapping for 

multimodal fusion. 

Together, these six baselines span the full spectrum from rule-driven to data-driven methods, giving a 

comprehensive view of the proposed framework’s advantage over different decision-making paradigms. 

Because the experimental environment does not run a genuine LLM directly, PEFT is approximated with low-

rank projection, and KAR is simulated with case retrieval. Beyond accuracy, evaluation also considers average 

expected cost and the results of component ablation. 

2.2. Cross-Scenario Decision Performance Comparison 

To systematically assess the effectiveness of the proposed framework on multimodal IoT decision-making 

tasks, this paper compares it with six baseline methods across three representative scenarios, smart home, 

industrial rotating machinery, and smart transportation, spanning the full spectrum from rule-driven to data-

driven approaches. Table 1 reports the decision accuracy of the proposed method and all baselines across the 

three scenarios. 

Table 1.  Results across three scenarios (5-fold cross-validation), unit: % 

Method 
Smart Home Activity Recognition & 

Anomaly Detection 

Industrial Rotating-Machinery 

Fault Warning 

Smart Transportation Anomaly 

Recognition 

Rule engine 73.5 68.5 70.2 

Logistic regression 82 77 79.5 

Random forest 85.5 80.5 82.8 

Gradient boosting tree 86.8 81.8 84.2 

K-nearest neighbors 84 79 81 

Multilayer perceptron 88.4 84.2 86.1 

Proposed method 

(SAGE-IoT) 
95 88.5 92 

As Table 1 shows, the proposed method leads consistently across all three scenarios, with an average accuracy 

of 91.8%, a gain of 21.1 percentage points over the rule engine, 7.5 points over the gradient boosting tree (the 

strongest traditional machine-learning baseline), and 5.6 points over the multilayer perceptron (the deep-

learning baseline). 

More specifically: compared with linear methods such as logistic regression, the proposed method shows a clear 

advantage on nonlinear multimodal features, confirming that the fusion reasoning mechanism captures cross-

modal semantic associations. Compared with ensemble methods such as random forest and gradient boosting 

trees, its lead is especially pronounced in the industrial scenario, indicating that LLM prior knowledge 

combined with KAR retrieval augmentation compensates for the limited coverage of rare fault patterns in 

ensemble learning. Compared with lazy-learning methods such as K-nearest neighbors, end-to-end learning lets 

the proposed method avoid the distance-metric degradation that occurs in high-dimensional multimodal spaces. 

Compared with the multilayer perception, its higher average accuracy indicates that PEFT-inspired low-rank 

projection combined with gated weighted fusion captures deeper cross-modal interactions than nonlinear 

mapping alone. 
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Overall, the proposed method outperforms all three baseline categories, rule-driven, traditional machine 

learning, and deep learning, confirming the effectiveness of jointly designing fusion, retrieval, and lightweight 

adaptation for multimodal IoT decision-making. 

2.3. Modality Ablation and Sample Efficiency 

To verify the independent contribution of each component in the proposed framework, two ablation variants 

were compared; results are shown in Table 2. 

Table 2 Ablation results, unit: % 

Method 
Smart Home Activity Recognition & 

Anomaly Detection 

Industrial Rotating-Machinery 

Fault Warning 

Smart Transportation Anomaly 

Recognition 

Proposed method 

(full) 
95 88.5 92 

Proposed method w/o 

KAR 
91.5 84.5 87.8 

Proposed method w/o 

PEFT 
93.5 86.8 90.2 

Removing the KAR module lowers average accuracy from 91.8% to 87.9%, a drop of 3.9 percentage points that 

is especially pronounced in the industrial scenario. This indicates that retrieval augmentation contributes 

substantially to complex anomaly recognition: by introducing the most similar historical cases from the external 

knowledge base, KAR grounds reasoning in fact and mitigates LLM hallucination on rare fault patterns. 

Removing the PEFT adapter lowers average accuracy to 90.2%, a drop of 1.6 percentage points, showing that 

lightweight adaptation, despite introducing only a small number of trainable parameters (0.3% of the total), 

effectively transfers general language-understanding ability to IoT decision-making tasks. 

To examine the independent contribution of each modality, the framework’s performance was also tested with a 

single modality removed at a time, as shown in Table 3. 

Table 3  Performance change after removing a single modality, unit: % 

Configuration Accuracy – Home Accuracy – Industrial Accuracy – Transportation 

Full modalities 86.8 81.8 84.2 

Text modality removed 78.2 73.2 75.8 

Image modality removed 79.5 74.5 77.2 

Sensor modality removed 75.6 69.8 73.8 

As Table 3 shows, removing the sensor modality lowers average accuracy by about 11.2 percentage points, 

removing the text modality lowers it by about 8.6 points, and removing the image modality lowers it by about 

7.2 points. All three modalities make an irreplaceable, independent contribution: the sensor modality is most 

critical for sensing physical anomalies, while the text and image modalities supply semantic context and visual 

evidence, respectively, forming an effective complement to one another. 
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To examine the framework’s learning efficiency and generalization under scarce labeled data, a sample-ratio 

comparison was designed for the smart-home scenario. With model structure and hyperparameters fixed, 

subsets were randomly drawn from the training set at 10%, 20%, 30%, 40%, 60%, 80%, and 100% of its size 

and trained independently; each subset’s resulting model was evaluated for accuracy on the same test set and 

compared with the rule engine and the gradient boosting tree, as shown in Table 4. 

Table 4  Accuracy versus training-data proportion (smart-home scenario), unit: % 

Method 10% 20% 30% 40% 60% 80% 100% 

Rule engine 68.5 68.5 68.5 68.5 68.5 68.5 68.5 

Gradient boosting tree 48.5 55.3 60.1 64.7 73.2 79.5 86.8 

Proposed method (SAGE-IoT) 73.5 79.8 83.2 85.2 89.5 93.5 95 

4. Conclusion 

This paper presents a multimodal decision-making framework that brings lightweight LLM adaptation and 

retrieval-augmented generation into IoT edge decision-making and combines them with the Bayes-optimal 

decision rule, achieving end-to-end coordination across multimodal perception, knowledge retrieval, 

lightweight reasoning, and cost-sensitive decision-making. Experiments on three representative scenarios, smart 

home, industrial rotating machinery, and smart transportation, show that the proposed method reaches an 

average decision accuracy of 91.8%, improving on the rule engine, gradient boosting tree, and multilayer 

perceptron by 21.1, 7.5, and 5.6 percentage points, respectively. Ablation experiments confirm the independent 

contributions of the KAR and PEFT components and show that the sensor, text, and image modalities are 

strongly complementary; a sample-efficiency analysis shows the framework can approach the full-data 

performance of traditional methods using only 40% of the training data. More importantly, the cost-sensitive 

experiments reveal an engineering principle of “calibrate before deciding”: feeding uncalibrated probabilities 

directly into the Bayesian rule instead worsens average expected cost by 594%, so in IoT deployments where 

false negatives are costly, probability calibration is a necessary precondition for Bayesian decision-making. The 

framework further achieves parameter compression and compute offloading through low-rank projection and 

knowledge retrieval, giving it deployment adaptability on resource-constrained edge gateways. Future work will 

further examine the framework’s robustness on real IoT datasets and device pipelines, and systematically 

compare how different retrieval granularities, adaptation ranks, and calibration strategies affect decision quality. 
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