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ARTICLE INFO ABSTRACT 

Received:  10/02/2026 The current dependence of IoT systems on cloud computing is causing 

many limitations regarding latency, security risks, and stability. To 

overcome this, the study proposes shifting processing capabilities to 

edge devices using Local Language Models (Local LLMs). To resolve 

the conflict between the free text of LLMs and central control systems, 

we apply an output format coercion technique, forcing the model to 

interpolate intent and output data strictly adhering to the JSON 

command structure. Experiments on simulated high-performance edge 

device hardware show that this method completely eliminates format 

hallucination, achieving a 100% successful JSON parsing rate. 

Regarding performance, the token generation speed (TPS) ranges from 

37 to over 184 tokens/second, the time to first token (TTFT) is under 5 

ms, the end-to-end latency takes only 0,16 to 1,2 seconds, and the peak 

VRAM consumption is under 4,5 GB. These results excellently meet 

the real-time standards of smart home experiences, affirming the 

feasibility of the local AIoT coordination solution. 
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1. INTRODUCTION 

1.1. The Shift from Cloud IoT to Edge AI 

Over the past decade, the architecture of Internet of Things (IoT) systems has largely been 

built upon the Cloud Computing model. Accordingly, end devices collect data and transmit it 

entirely to central servers for processing, analysis, and control decision-making. Although Cloud 

IoT offers advantages in large-scale computing capacity and massive storage capabilities, this 

model is revealing serious bottlenecks. Assessing this context, a comprehensive study by Tran Thi 

Thuy and colleagues on smart home models over the past 10 years [1] indicated that current IoT 

technology platforms remain largely “limited and fragmented,” while facing numerous 

vulnerabilities and major challenges in both development and practical operation. 
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Figure 1: Comparison of Edge AI and traditional Cloud IoT architecture [2] 

The first core limitation exacerbating this fragmentation is network latency. Fluctuating 

response times significantly degrade user experiences in smart home applications and pose risks in 

automated control tasks. Furthermore, total reliance on external networks causes the entire system 

to paralyze immediately during cable breaks or internet service disruptions. 

Alarmingly, continuously transmitting raw data from sensitive sensors like security cameras 

or microphones to the cloud poses immense security and privacy challenges. Data leaks from smart 

home devices are an alarming reality [3]. Especially in Vietnam, Decree 13/2023/ND-CP 

establishes a strict legal corridor, forcing IoT developers to face tight constraints when collecting, 

processing, and transferring user data outside the local scope [4]. 

To resolve these bottlenecks, decentralizing computational resources to the network edge is 

an inevitable architectural shift [5]. Analysis reports affirm that bringing artificial intelligence to 

local processing at edge devices is the core solution for next-generation IoT [6]. In Vietnam, this 

approach is strongly applied to overcome current smart home vulnerabilities. Instead of pushing 

data to remote servers, the local Edge Gateway autonomously makes decisions. Shifting from Cloud 

IoT to Edge AI eliminates latency barriers and ensures continuous operation during internet 

outages, known as local execution [7]. More importantly, retaining all sensitive data within the local 

area network (LAN) thoroughly solves privacy and information security issues for users [8]. 

1.2. Technical Bottleneck Regarding the Conflict Between Natural Language and 

Stuctured Data 

Although integrating Language Models (LLMs) at edge devices brings many architectural 

advantages, practical deployment encounters a core technical barrier: the direct data format conflict 

between artificial intelligence (AI) models and automated control systems. Inherently, LLMs operate 
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based on an autoregressive token generation mechanism [9], resulting in default outputs that are always 

free, unstructured text strings. Meanwhile, central IoT controllers operate based on deterministic sets of 

logic rules. These systems lack the capability to analyze open text semantics and can only receive and 

parse data blocks that adhere to a strict schema, most commonly the JSON format. 

Numerous studies have proven that relying solely on prompting techniques to require the 

model to output structured data is highly unstable [10]. The lack of constraint mechanisms at the 

token generation level exacerbates the “Hallucination” phenomenon, the tendency of models to 

generate inaccurate, non-existent content or break predefined rules. Comprehensive surveys by Ji et 

al. [11], Huang et al. ( [12], and Rawte et al. [13] all agree that hallucination is an intrinsic flaw of 

LLMs that is difficult to eliminate. In the context of JSON command generation, hallucinations 

often manifest as the insertion of conversational padding characters (e.g., “Here is your JSON 

code:”), omitted brackets, or fabricated data fields that do not exist within the system. 

 

Figure 2: The bottleneck in LLM interacting with the Gateway 

This challenge becomes even more severe for Small Language Models (SLMs). To be 

deployed locally on resource-constrained edge devices, SLMs must significantly sacrifice parameter 

count (typically under 8 billion parameters) [14]. This reduction leads to a severe decline in complex 

logical reasoning capabilities and the ability to strictly adhere to formatting compared to larger 

models [15], [16]. The consequences of this structural deviation have been emphasized in studies on 

the tool-use capabilities of LLMs. According to Schick et al. [17] and Qin et al. [18], faulty syntax 

generated by models will cause API systems to reject parsing, leading to a complete breakdown in the 

coordination chain, paralyzing the decision-making capability of the entire IoT ecosystem. 

1.3. Research Objectives and Scope 

Stemming from the core technical challenges and severe security barriers analyzed, this 

study is conducted with the overall objective of comprehensively evaluating the interpolation 

capacity and feasibility of deploying Local LLMs as the central coordinating brain for the IoT 

ecosystem. Rather than focusing on open natural language communication capabilities, the paper's 

core emphasis is on quantitatively measuring the effectiveness of output format coercion techniques 
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when the system must process diverse user control command streams. Specifically, the research 

evaluates based on two strict sets of criteria: 

Structural Accuracy, quantified by the JSON parsing success rate. This is a decisive metric 

to verify the model's ability to completely eliminate hallucination phenomena, the biggest barrier 

causing commands to be rejected by the Gateway. Ensuring the model consistently outputs standard 

JSON strings, free of extra characters or fabricated data fields, is a prerequisite for maintaining 

seamless communication between the intent recognition system and end hardware devices. 

Real-time Response Performance, analyzed deeply through detailed latency metrics, 

including Time To First Token (TTFT) and End-to-End Latency. In the context of smart homes or 

industrial control, millisecond latency directly affects practical experience. Therefore, Edge AI 

solutions must demonstrate immediate reflex capabilities, equivalent to or surpassing traditional 

Cloud solutions. 

Regarding scope and limitations, the experimental design of this paper is bounded by 

establishing a solid baseline benchmark on a simulated high-performance edge device environment. 

Purposefully setting up a powerful environment at this evaluation stage is a methodological step 

aimed at “isolating variables”. Specifically, this approach completely excludes physical latencies 

arising from computer resource bottlenecks. Consequently, the study can most transparently and 

accurately measure the intrinsic performance limits of the SLMs themselves as well as the resource 

consumption of the JSON grammar constraint algorithm. The ideal benchmark obtained from this 

experiment will serve as a complete technical proof, affirming the correctness and superiority of the 

IoT coordination framework using local LLMs from a software perspective. 

2. RELATED WORKS 

2.1. Small Language Models 

Table 1: Characteristics of some typical small language models 

Model Name Parameters Notes / Key Features 

Arcee-VyLinh ~ 3B 
Vietnamese model, Qwen2.5-3B architecture, context length 

~32K tokens. 

Vintern-1B ~ 1B 
Multimodal Vietnamese model, combining image + text 

processing (OCR, VQA). 

ViDeBERTa_

base 
~ 86M 

Vietnamese model, DeBERTa architecture, good performance in 

NLU (POS tagging, NER, QA, …). 

TinyLlama ~ 1.1B 
Scaled-down version of Llama, optimized for Edge devices / 

resource-constrained machines. 

Phi-3-mini ~ 3.8B 
Microsoft's new small model, supports long context, good 

performance across many benchmarks. 

Mistral 7B ~ 7B Although “small” by some definitions, it requires larger 
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Small Language Models (SLMs) are essentially scaled-down versions of Large Language 

Models (LLMs), operating based on maintaining the core Transformer architecture while 

significantly reducing the neural network scale and parameter count. Instead of possessing tens or 

hundreds of billions of parameters with expensive operating costs, SLMs are designed with sizes 

ranging from a few million to a few billion parameters. This compactness makes SLMs particularly 

suitable for direct deployment on edge devices or in hardware-constrained environments. 

In the current edge computing context, the segment from 1.5B to 8B parameters is becoming 

the ideal standard for local operation. Notable representatives include TinyLlama (~1.1B), explicitly 

optimized for edge devices [19], Microsoft's Phi-3-mini (3.8B) supporting long contexts while 

ensuring performance [20], and Mistral 7B - a model categorized as “small” but requiring slightly 

higher resources in exchange for superior performance [21]. Recently, advanced open-source 

architectures like Qwen2 [22] or Llama 3 8B [23] have also demonstrated impressive interpolation 

capabilities in the low-parameter segment, surpassing many previous limits of SLMs. 

However, designing and applying SLMs always involves a core trade-off between model 

size and reasoning capacity. On the advantage side, due to the smaller matrix structure of the neural 

network, SLMs require significantly fewer multiplication and addition operations, resulting in 

extremely fast inference speeds. Simultaneously, these models use very modest RAM and consume 

little power, allowing them to operate stably on edge devices like Raspberry Pi, smartphones, or 

industrial IoT computers [24]. 

Despite their physical flexibility and optimization, parameter reduction entails certain 

limitations. SLMs cannot fully replace LLMs in tasks demanding deep logical reasoning or complex 

multidisciplinary knowledge synthesis. According to Zhao et al. [25], small-sized models often lack 

“breakthrough capabilities” that only emerge when the parameter scale exceeds tens of billions. 

Without proper fine-tuning or constraint techniques, SLMs can produce inaccurate results in 

complex scenarios. Therefore, applying SLMs as IoT coordination centers requires integrating strict 

formatting constraint mechanisms, such as constrained decoding for JSON output, to maximize the 

model's speed while masking weaknesses in semantic dispersion. 

2.2. Output Format Coerion Techniques 

To thoroughly understand the basis of format coercion techniques, it is first necessary to 

examine the core text generation principle of LLMs. Most modern LLM architectures operate on an 

autoregressive token generation mechanism, where the model predicts the next token based on the 

conditional probability of the entire preceding token sequence [9]. At each time step, the output 

neural layer calculates a probability distribution matrix covering the entire vocabulary space. 

Traditional sampling algorithms like Greedy Search, Top-k, or Nucleus Sampling (Top-p) [26] are 

then applied to select the subsequent token. However, these purely statistical methods lack syntactic 

awareness; therefore, they are highly unstable when the model is required to generate strict data 

structures such as source code or JSON formats [27]. 

To overcome this bottleneck, grammar-based sampling techniques are applied as a filter 

directly intervening in the token prediction phase. Instead of allowing the model to choose freely, 

resources than the ~1–3B group; high performance. 
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the system synchronizes the LLM's decoder with a Finite State Machine (FSM) or a context-free 

grammar rule set [28]. Specifically, the inference engine continuously matches the current state of 

the generating text sequence with a predefined JSON Schema. If selecting a token (e.g., a letter) 

violates the next syntactic rule (e.g., the system must close a bracket }), this technique directly 

manipulates the logit array by assigning the value of invalid tokens to -∞ [29]. 

This dynamic probability adjustment mechanism ensures that 100% of generated tokens 

strictly adhere to the target format. In real-world edge device deployments, this technique has been 

strongly standardized through modern inference frameworks. Typically, the llama.cpp library has 

successfully integrated the GBNF (Gerggl-Bakus Normal Form) grammar format to guide local 

models in generating accurate structures [30]. Similarly, advanced interaction frameworks like 

Outlines [28] or LMQL [31] also use regular expressions and FSM mechanisms to coerce output 

shapes. Integrating these mechanisms transforms random text generation into a predictable and fully 

controllable trajectory, helping SLMs overcome reasoning deficiencies to communicate safely and 

accurately with IoT coordination systems [32]. 

2.3. Coordination Structure in the IoT Ecosystem 

For a Local LLM to truly act as a central coordinating “brain” replacing manual operations, 

it must be seamlessly integrated into the software architecture of current IoT management 

platforms. In today's industry-standard open-source smart home ecosystems - typically Home 

Assistant (HA) or OpenHAB [33], the core control system is not designed to directly receive and 

process natural language. Instead, the entire process of managing device states and executing 

services is operated through resource-oriented API communication standards based on RESTful or 

WebSockets protocols [34]. 

These API protocols require payload data packets to adhere to an extremely strict structured 

format according to web platform data standards [35]. A deviation of even a single character in the 

data field name or an incorrect data type format will cause the Gateway to throw an exception error 

and refuse to execute the command. To quantitatively cross-reference and evaluate the LLM's 

capability in this study, we define a standard JSON Schema that accurately simulates the function-

calling architecture widely used to help LLMs interact with peripheral tools [18], typical of the 

Home Assistant ecosystem. This structure is not only the expected output format but also serves as 

a grammar rule set to intervene in the format coercion algorithm presented in the previous section. 

The JSON schema is established with mandatory data fields to accurately map the intent 

from the user's Vietnamese command to physical parameters understandable by the Gateway. 

Specifically, it includes 3 core fields: 

intent: Determines the core behavioral classification of the command. This field is typically 

a string with pre-listed values such as control_device or query_status. Properly classifying the intent 

helps the Gateway route the command to the correct processing module. 

entity_id: This is the most critical information field, acting as the unique routing address of 

the device across the entire IoT network. The LLM must be able to semantically interpolate from 

the user's common naming (e.g., “the chandelier in the living room”) to a standard identifier defined 

by the system (e.g., light.living_room_chandelier). This field is usually constrained by regular 
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expressions starting with the device's domain such as light., switch., climate.. 

action: Specifies the particular state change or service to be applied to the entity_id. The 

values of action are strictly limited depending on the device type, such as turn_on, turn_off, toggle 

for switches/lights, or set_temperature for air conditioners. 

This strict formatting structure is represented as a JSON Schema for the experimental 

process as follows: 

 

 

Figure 3: JSON Schema structure for the experiment 

 

Figure 4: System's overall coordination flow diagram 

3. PROPOSED METHODOLOGY 

3.1. Hardware Environment 
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To accurately evaluate the interpolation capacity and measure the latency of SLMs, the 

experiment was conducted on a workstation system acting as a high-performance edge device. The 

hardware configuration was set up with an absolute focus on graphics processing capability: 

Graphics Processing Unit (GPU): NVIDIA GeForce RTX 3060 (12GB VRAM). This is 

the core component of the entire experimental system, directly responsible for loading model 

weights and executing parallel matrix operations via the CUDA platform. 

Host System: The system operates on an Intel Core i5-12400F processor and 16GB RAM, 

providing basic resources to stably maintain the Home Assistant server and JSON parsing algorithms. 

The use of a workstation equipped with a discrete GPU with Tensor cores (RTX 3060) for a 

study on “edge devices” is an intentional methodological decision to isolate independent variables. 

In local AI computing, inference performance is often limited by the bulkiness of software 

algorithms and the poverty of hardware resources. The 12GB VRAM capacity of the RTX 3060 

allows for loading the entire weights of SLMs in the 1.5B to 8B parameter segment directly into the 

graphics memory core, thoroughly solving the bandwidth bottleneck caused by continuous data 

exchange with system RAM. 

By eliminating physical computational bottlenecks, the benchmark obtained from the 

experiment will most transparently reflect the intrinsic latency of the token generation process and 

the time consumption of the JSON grammar coercion algorithm itself. This ideal measurement mark 

serves as a “maximum performance threshold,” creating a reliable foundational reference basis to 

compare with performance degradation when the model is transferred to lower-end microprocessor 

platforms in real-world deployment environments. 

3.2. Evaluated Language Models 

To comprehensively evaluate the impact of parameter scale on structural data interpolation 

capacity, the study selected a representative set of SLMs. These models were selected based on two 

core criteria. First, having a suitable parameter size to be fully loaded into the 12GB VRAM of the 

RTX 3060 graphics card in a quantized format; and second, representing architectural schools in the 

segment from 1 billion to under 10 billion parameters. The list of experimental subjects includes the 

following 4 models: 

Ultra-small model: TinyLlama (~1.1B parameters). This is an extremely scaled-down 

and optimized version specifically for edge devices or computers with limited resources [19]. 

Including TinyLlama in the experiment aims to find the minimum threshold at which a language 

model can maintain JSON format compliance. 

Vietnamese-specialized model: Arcee-VyLinh (3B parameters). Developed based on the 

Qwen2.5 architectural platform [36], this is a model deeply fine-tuned for Vietnamese [37] with a 

supported context length of up to 32K tokens. In the context of an IoT system controlled by natural 

Vietnamese language (“Bật đèn phòng khách”), the presence of a localized model is a prerequisite 

to evaluate the ability to correctly understand intent before coercing the structure. 

High-performance medium model: Phi-3-mini (3.8B parameters). As a new generation 

of small models from Microsoft, Phi-3-mini is designed to support long contexts and has 
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demonstrated impressive performance on many benchmarks [20]. This model represents the most 

ideal balance between logical reasoning capacity and hardware resource costs. 

Near-large model: Mistral 7B. Although still classified in the “small” group by some 

definitions, Mistral 7B [21] requires a significantly larger resource threshold compared to the 1-3B 

group. Configuring Mistral 7B (Q4 quantized version) on the RTX 3060 acts as a “ceiling reference 

mark”. The purpose is to verify whether the superiority in parameter count brings any significant 

difference in successful parsing rates compared to smaller models. 

All 4 of these models will be put into the same inference pipeline (llama.cpp), subjected to 

the same input prompt set, and coerced by the same JSON Schema to ensure absolute fairness in 

measuring latency and accuracy metrics. 

3.3. Software Configuration and model Tuning 

To ensure consistency, reproducibility, and hardware optimization for the data structure 

generation task, the entire experiment was deployed on the open-source platform llama.cpp [30]. 

This platform was chosen due to its deep integration support for grammar-based sampling 

mechanisms, allowing the direct loading of JSON Schema to completely coerce the output format 

for the Gateway system. 

For the requirement of generating machine coordination data, determinism and absolute 

accuracy are prerequisites. Therefore, the Temperature parameter was set to 0 to completely switch 

to a Greedy Decoding strategy, while simultaneously disabling Top-P and Top-K parameters. 

Eliminating “creativity” and randomness helps mitigate the risk of format deviation, ensuring the 

model always returns a consistent JSON object. 

Furthermore, the context length limit was locked at 2048 tokens to prevent KV Cache 

bloating, helping to thoroughly save VRAM on the RTX 3060 (12GB) graphics card. This is an 

ideal space, just enough to accommodate system instructions, the entire JSON Schema rule set, and 

the Vietnamese user prompt, while maintaining token generation speed at a maximum without 

causing hardware bottlenecks. 

3.4. Test Dataset 

To evaluate the interpolation capacity of language models in the Edge IoT environment 

realistically, the test dataset was not randomly generated but purposefully designed based on the 

natural language characteristics of Vietnamese people. Based on survey studies on voice control 

command usage habits in the smart home ecosystem in Vietnam [38], users tend to shift from using 

“mechanical commands” (clear subject-verb-adverb) to “communicative commands” with high 

contextual and implicit meaning. 

To accurately quantify the model's capabilities in both aspects: Natural Language 

Understanding (NLU) and JSON Format Compliance, the dataset consisting of 90 Vietnamese 

commands was divided into 3 scenario groups with increasing complexity: 

- Group 1: Direct commands - Difficulty: Easy 

+ Characteristics: Commands contain explicit information, specifically identifying 
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the device name (entity) and specific physical action. This group is used to evaluate the model's 

basic capacity in syntax parsing. 

+ Example: “Bật đèn phòng khách.” (Turn on the living room light). 

+ Expected JSON result: {“intent”: “control_device”, “entity_id”: 

“light.phong_khach”, “action”: “turn_on”}. 

- Group 2: Contextual implied commands - Difficulty: Hard 

+ Characteristics: Commands entirely lack direct action keywords (turn on/off) or 

device types. Users only express a feeling or describe an environmental state. This stage requires 

the language model to have logical reasoning capacity to interpolate from a “problem” to a 

“physical solution”. This will be a maximal test for Vietnamese-specialized models like Arcee-

VyLinh compared to international models. 

+ Example: “Phòng này tối quá, tôi không thấy đường.” (This room is too dark, I can't 

see the way). (Intent: Needs light). 

+ Expected JSON result: {“intent”: “control_device”, “entity_id”: 

“light.phong_khach”, “action”: “turn_on”}. 

- Group 3: Sequential/Multi-intent commands - Difficulty: Extremely Hard 

+ Characteristics: Commands contain multiple control intents simultaneously 

directed at different device groups within a time sequence or context. This scenario tests the model's 

ability to automatically inductively group commands into group entities or its degree of “structure 

breaking resistance” when forced to output multiple actions within a single JSON frame. 

+ Example: “Tôi đi ngủ đây, tắt hết đèn và khóa cửa chính lại.” (I'm going to sleep, 

turn off all the lights and lock the main door). 

+ Expected JSON result: Requires the system to map to group IDs (e.g., {“intent”: 

“control_device”, “entity_id”: “group.all_lights”, “action”: “turn_off”}) or generate an array of 

sequential JSON objects if the Schema allows. 

Breaking down the dataset into these 3 scenario groups helps the experiment not only 

answer the question “Which model outputs JSON with the fewest errors?”, but also clarifies 

“Which model is truly the smartest in understanding Vietnamese living habits?”. The dataset 

contains 90 Vietnamese commands in total, with 30 commands allocated to each group. 

3.5. Measurement Metrics 

To quantitatively evaluate the performance and reliability of SLMs when acting as a 

coordination center on edge devices, the study establishes a strict set of measurement metrics. These 

metrics are designed to cover both core aspects of an AIoT system: real-time response speed and 

data structure accuracy. 

Time To First Token (TTFT): This metric measures the latency from the time the edge 

system finishes processing the user's input command until the model generates the first result token. 

In the user experience of a smart home system, TTFT represents the “cognitive waiting time”, 
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directly determining the perceived responsiveness of the device. 

Measured in milliseconds via the internal timer of the inference framework. The calculation 

formula is expressed as: 

 

Where  is the timestamp when the system records the first output token, and 

 is the timestamp when the entire input context (including System Prompt, JSON 

Schema, and User Prompt) has been fully loaded into the GPU memory. 

Tokens Per Second (TPS): TPS is a measure of the model's throughput, reflecting the 

speed of text string generation after the first token has appeared. For API command generation 

tasks, a high TPS ensures that the entire structured payload data block (JSON) will be completed 

and packaged quickly to be sent to the Gateway for physical command execution. 

Calculated as the ratio between the total number of tokens generated in the output sequence 

and the generation time in seconds (excluding the TTFT waiting time). 

 

Where  is the total number of output tokens, and  is the timestamp of completing 

the entire result sequence. 

End-to-End Latency (E2E): This is the most practical metric directly reflecting the end-user 

experience. E2E Latency covers the entire lifecycle of a processing flow, starting from when the edge 

device receives the text command, through the LLM interpolation and JSON generation process, until 

the Gateway successfully parses the syntax and is ready to trigger the physical API call. 

Calculated as the sum of the model's text generation latency plus the parsing latency of the 

Gateway system. 

 

Where  is the timestamp when the Gateway confirms the JSON file is completely 

valid and places it into the command execution queue. 

JSON Parse Error Rate: This is the most important metric to evaluate the reliability of 

applying SLMs combined with grammar sampling algorithms. A result is counted as an “Error” 

when the output text string falls into one of two cases: (1) Cannot be decoded into a valid JSON 

object (causing system exceptions like JSONDecodeError), or (2) Successfully decoded but violates 

data constraints (e.g., missing mandatory fields, invalid entity_id format) defined in the standard 

Schema previously. 

Calculated as the percentage (%) of the number of rejected results by the Gateway over the 

total number of test commands. 
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Where  is the number of structurally violating output strings, and  is the total 

number of test scenarios in the dataset. The closer this metric is to 0, the more the model proves its 

safety and determinism for real-world deployment. 

4. RESEARCH RESULTS 

4.1. Token Generation Speed and End-to-End Latency 

The experiment measuring Time to First Token (TTFT) and End-to-End Latency across 90 

test scenarios (RTX 3060 12GB configuration, Q4 quantization) yielded the following average 

results: 

 

Table 2: Evaluation of inference performance and End-to-End Latency (E2E Latency) by scenario group 

Evaluation Model Metric Group 1 Group 2 Group 3 

TinyLlama (~1.1B) 

TPS 180,621/s 183,493/s 184,504/s 

E2E Latency 170ms 164ms 2,443ms 

Arcee-VyLinh (3B) 

TPS 37,891/s 37,234/s 52,044/s 

E2E Latency 662ms 687ms 1,198ms 

Phi-3-mini (3.8B) 

TPS 79,921/s 80,338/s 68,607/s 

E2E Latency 367ms 365ms 799ms 

Mistral (7B) 

TPS 57,399/s 57,650/s 57,406/s 

E2E Latency 514ms 501ms 1,233ms 

The experiment on the Edge Gateway platform showed that all four models excellently met 

real-time standards. Thanks to cache optimization, the Time to First Token (TTFT) across all 

scenarios reached levels under 5ms. This confirms that the hardware processed context loading 

smoothly, completely eliminating user cognitive delay during the command reception phase. 

End-to-End Latency increased proportionally with parameter scale, evidenced by Mistral 

(7B) responding three times slower than TinyLlama (1.1B) despite both using the Q4 quantization 

standard. However, the token generation throughput (TPS) heavily depended on neural network 

architecture optimization. Typically, Phi-3-mini (3.8B) achieved a throughput of approximately 80 

tokens/second, helping the system respond nearly twice as fast as Arcee-VyLinh (3B) despite 

possessing a larger number of parameters. 



 SCIENTIFIC JOURNAL OF TAN TRAO    Volume 12, Issue 2 (April, 2026) 
 

136 
 
Email: sjttu@tqu.edu.vn 

The disparity between scenario groups proves that the core cause of performance 

degradation did not lie in the input semantic complexity but in the autoregressive bottleneck of the 

output sequence,. When shifting to process sequential commands (Group 3), the execution time of 

all models surged by 1,7 to 2,4 times compared to single commands simply because the generated 

JSON structure had to be longer. This affirms that in the AIoT environment, Token Per Second 

(TPS) is the decisive factor to maintain system continuity. 

4.2. JSON Structural Integrity 

By integrating the grammar-based sampling algorithm with the GBNF format, the system 

established a strict syntax control filter right at the model's logit output layer,. Experimental results 

demonstrate a breakthrough improvement in successful syntax parsing rates compared to free text 

generation mechanisms. 

Table 3: Syntax parsing rate and semantic accuracy by scenario group 

Evaluated Model Metric Group 1 Group 2 Group 3 

TinyLlama (~1.1B) 

Valid JSON syntax 100% 100% 33,33% 

Correct standard format 100% 100% 33,33% 

Correct user intention 3,33% 3,33% 0% 

Arcee-VyLinh (3B) 

Valid JSON syntax 100% 100% 100% 

Correct standard format 100% 100% 100% 

Correct user intention 86,67% 46,67% 33,33% 

Phi-3-mini (3.8B) 

Valid JSON syntax 100% 100% 100% 

Correct standard format 100% 100% 100% 

Correct user intention 30% 23,33% 0% 

Mistral (7B) 

Valid JSON syntax 100% 100% 100% 

Correct standard format 100% 100% 100% 

Correct user intention 53,33% 16,67% 20% 

Based on the data from Table 3, integrating the grammar sampling algorithm (GBNF) 

brought a breakthrough change in data integrity. However, the results also clearly revealed the 

boundary between “generating correctly formatted code” and “understanding the correct intent”,. 

Except for the ultra-small TinyLlama model, which suffered structural breaks in sequential 
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commands (reaching only 33.33%), the remaining three models (Arcee-VyLinh, Phi-3-mini, 

Mistral) achieved a 100% successful syntax parsing rate across all scenarios. System exception 

errors stemming from redundant/missing brackets, missing commas, or the model arbitrarily 

inserting natural conversational strings (such as “Yes”, “Okay”, “I have turned on the device”) were 

completely eliminated thanks to the constrained decoding technique. 

Although GBNF ensured the output data was a 100% accurate JSON object, the system-

level successful execution rate showed deep divergence due to the interpolation capability of each 

LLM core. Arcee-VyLinh led with a correct intent understanding rate of 86.67% (Group 1) but 

plummeted to 33.33% (Group 3). Meanwhile, international models like Phi-3-mini even dropped to 

0% in complex scenarios. 

Most of these failures did not stem from JSON schema violations, but belonged to semantic 

deviation exceptions during the mapping process,. Typical technical error cases recorded include: 

Identifier Hallucination: The model generated an entity_id field that fully complied with the 

schema's regular expression rules, but that entity did not exist in the Gateway's internal database. This 

error often appeared when processing highly generalized commands in Group 2 and Group 3. 

 

Figure 5: The model generates an entity_id field that does not exist in the internal database 

Action and Context Misalignment: The model correctly identified the device but wrongly 

interpolated the action due to a lack of understanding of the local context,. This error was most 

evident in Group 2 (Contextual implied commands). 

 

Figure 6: The model incorrectly interpolates the action due to lacking context understanding 

When receiving the input command “The room is too cold” (Phòng lạnh quá), the system 
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expects the model to call the “turn_off” action (turn off the AC) or “set_temperature” (increase the 

temperature). The model interpolating the keyword “cold” into the “turn_on” action would cause 

the system to respond in severe contradiction to the user's actual needs. 

Action Omission and Incorrect Entity Merging: This is the main reason why the semantic 

accuracy of Group 3 (Sequential commands) dropped severely (fluctuating from 0% up to 33.33%),. 

When facing multi-intent commands, for example: “I'm going to sleep, turn off all the lights and 

lock the main door,” the models (especially the ultra-small group under 2B) often faced limitations 

in maintaining their attention window. Consequently, the model output an early closed JSON 

structure right after processing the first clause (only outputting the turn_off command for the 

lights), completely omitting the “lock door” task. In other cases, the model illogically tried to merge 

two devices into a single non-existent ID (e.g., “entity_id”: “light_door.bedroom”),. This proves: 

the GBNF filter can prevent JSON brackets from syntax errors, but is completely powerless against 

the breakdown of the reasoning flow in small neural networks when having to track long contexts. 

 

Figure 7: Groundtruth (left) and TinyLlama model output (right) only outputting the first clause 

By dissecting these error cases, the experiment reaffirms: The constrained decoding format 

coercion technique is a “necessary condition” to protect the integrity of the software platform and 

avoid Gateway system crashes,. However, the native natural language understanding capability of 

the LLM core is the “sufficient condition” to ensure the physical coordination system operates 

flawlessly and accurately meets user needs. 

4.3. System Resource Consumption 

Deploying language models on edge devices requires strict control over hardware resources, 

especially graphics memory (VRAM). The experiment measured VRAM consumption at two core 

stages: Input context processing and JSON generation, while simultaneously evaluating a 

continuous load test on the RTX 3060 GPU (12GB). 

Table 4: Peak VRAM consumption by stage (Q4 Format, Context = 2048 tokens) 

Model 
Base 

VRAM 

Context Loading 

VRAM 

Generation 

VRAM 

RTX 3060 Occupation 

Rate 
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TinyLlama 

(~1.1B) 
874mb 52mb 926mb 7.54% 

Arcee-VyLinh 

(3B) 
2318mb 46mb 2364mb 19.24% 

Phi-3-mini 

(3.8B) 
3264mb 56mb 3320mb 27.02% 

Mistral (7B) 4382mb 56mb 4438mb 36.12% 

Deploying models on edge devices requires strict hardware resource control,. The 

experiment showed that all quantized models operated safely on the RTX 3060, with the highest 

peak VRAM occupation reaching only 36.12% (4438 MB) for Mistral 7B. The strategy of limiting 

the Context Length to 2048 tokens maximized its effectiveness by keeping the KV Cache capacity 

extremely low (only 46 to 56 MB), completely eliminating the risk of memory bloating when cross-

referencing the JSON Schema. Notably, the system passed the load test by continuously and 

repeatedly processing the test dataset without memory leaks or thermal throttling, maintaining 

absolute stability in End-to-End latency. Consuming less than 50% of the workstation's capacity 

confirms the feasibility of directly integrating 1B-3B segment models (requiring under 2.5GB of 

VRAM) into consumer edge devices with 2-4GB of RAM, such as the NVIDIA Jetson Nano or 

future SBC boards integrated with NPUs. 

5. CONCLUSION AND FUTURE DEVELOPMENT 

This research has affirmed the feasibility and practical performance of Small Language 

Models (SLMs) acting as the central AIoT coordinating hub at edge devices. The core contribution 

of this paper is demonstrating that the constrained decoding mechanism (specifically using 

grammar-based sampling like GBNF) thoroughly resolves the format hallucination problem. By 

ensuring 100% of the output data strictly adheres to the predefined JSON structure, this technique 

completely eliminates exception errors that cause Gateway software platforms to crash. 

Applying GBNF introduces a necessary trade-off. While it guarantees absolute data 

integrity, the strict cross-validation process creates an intrinsic computational latency, slightly 

reducing the Token Per Second (TPS) throughput and increasing the hardware load. However, in 

the context of AIoT edge operations, sacrificing a small fraction of hardware performance for 

absolute system-level stability and safety is a highly practical and mandatory trade-off. 

In terms of practical feasibility, the end-to-end latency for standard control tasks (Groups 1 

and 2) fluctuated between 164 ms and 687 ms, deeply within the safe zone of real-time standards 

and excellently surpassing the “golden standard” of under 1 second (< 1000 ms) for smart home 

user experiences. This confirms that integrating SLMs with GBNF formatting on the Edge Gateway 

is not merely a proof of concept but is completely ready for real-world consumer AIoT 

deployments, outperforming traditional Cloud AI solutions in both speed and privacy. 

Despite the excellent structural integrity, semantic reasoning in multi-intent scenarios 

remains a challenge for models under 8B parameters. Therefore, future research will focus on 

several core optimization and development directions: 
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Hardware and Algorithm Optimization: Applying dynamic and deep quantization 

techniques to further optimize VRAM resources. This will create the premise to transfer this 

inference architecture to lower-end edge devices, such as pure CPU embedded systems or ARM-

based integrated NPU microcontrollers (e.g., Rockchip, Snapdragon). 

Model Fine-tuning: Exploring Parameter-Efficient Fine-Tuning (PEFT/LoRA) using 

standardized datasets of “Natural Command - JSON Structure” pairs. Fine-tuning will help SLMs 

implicitly memorize the structural format, reducing the processing pressure on the GBNF filter and 

significantly enhancing semantic accuracy in deciphering complex, multi-intent command 

sequences. 

Multimodal Vision Integration: Upgrading the system to incorporate Multimodal Vision 

capabilities. This will allow the Gateway to directly analyze visual streams from the physical 

environment to automatically trigger proactive control scripts, removing the complete dependency 

on user-initiated textual or voice commands. 
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