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Abstract

The Artificial Intelligence of Things (AIoT) has emerged as a transformative

paradigm, integrating Artificial Intelligence (AI) techniques with the Internet of

Things (IoT) to enable intelligent perception and decision-making in the physical

world. However, the development and deployment of AIoT applications present

significant barriers, demanding specialized expertise in signal processing, deep learn-

ing, and embedded systems to orchestrate heterogeneous hardware and diverse data

modalities. While Large Language Models (LLMs) have demonstrated remark-

able capabilities in code generation, their direct application to the specialized and

resource-constrained domain of AIoT remains limited by a lack of domain knowledge,

privacy concerns, and rigid development workflows.

This thesis presents a comprehensive framework for Agentic Automated AIoT

Application Development, fully leveraging the reasoning and generative capabilities

of LLMs to automate the entire lifecycle of AIoT applicationsfrom natural language

programming to on-device deployment. First, we introduce AutoIOT, an LLM-driven

system that democratizes AIoT programming by translating natural language re-

quirements into executable code through automated knowledge retrieval and iter-

ative refinement. Second, addressing the privacy and latency issues of cloud-based

LLMs, we propose GPIoT, which tailors local Small Language Models (SLMs) for IoT

program synthesis using a novel Parameter-Efficient Co-Tuning (PECT) paradigm

to mitigate domain misalignment.

Furthermore, recognizing that fixed agentic workflows for AIoT application de-

velopment struggle with evolving requirements and heterogeneous AIoT environ-

ment, we propose SE2, a self-exploring and self-evolving agentic paradigm. SE2 aban-
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dons rigid workflows in favor of a dynamic coordinator-actor architecture that au-

tonomously constructs adaptive workflows based on real-time reasoning and mobile

runtime feedback. Finally, moving from programming to deployment, we present

AutoDeploy, an end-to-end system that resolves the critical “model-engine mis-

match” issue and automates AIoT model deployment on heterogeneous embedded

devices. By employing agents to analyze operator compatibility and utilizing a greedy

cross-engine inference algorithm, AutoDeploy significantly reduces deployment time

and inference latency.

Collectively, these contributions establish a robust foundation for the next gen-

eration of automated, accessible, and adaptive AIoT development.
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Chapter 1

Introduction

1.1 Background and Motivation

The convergence of Artificial Intelligence (AI) and the Internet of Things (IoT) has

birthed a transformative paradigm known as the Artificial Intelligence of Things

(AIoT) [8, 9, 10, 11, 12, 13, 14, 15, 16]. Unlike traditional IoT, which primarily

focuses on data collection and transmission, AIoT empowers edge devices with the

intelligence to perceive, reason, and act upon the physical world in real-time. This

synergy is driving a revolution across industries: from smart wearables that monitor

health vitals to autonomous drones navigating complex environments and industrial

robots optimizing manufacturing lines. The proliferation of these devices suggests a

future where intelligence is ubiquitous, embedded in the very fabric of our daily lives

[17, 18, 19, 20, 21].

Despite this immense potential, the development of robust AIoT applications

remains the province of a select few experts. The creation of an AIoT system is in-

herently a “full-stack” challenge, demanding mastery over a fragmented and complex

landscape. A developer must navigate through signal-model-deployment iteration:

• Heterogeneous Hardware. The ecosystem spans a vast array of devices, from

resource-constrained microcontrollers (e.g., Arduino [22], ESP32 [23]) to pow-

erful edge accelerators (e.g., NVIDIA Jetson [24], Raspberry Pis [25]), each
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with unique instruction sets, memory limits, and peripheral interfaces [26, 27].

• Multimodal Data Processing. Real-world applications require integrating di-

verse signal modalities, including audio [28, 29], inertial measurement units

(IMU) [30, 31], and vision [32, 33], each requiring specialized signal processing

pipelines before deep learning models can even be applied.

• Deployment Complexities. Bridging the gap between a model trained in a high-

performance cloud environment and a restricted edge runtime is notoriously

difficult [34, 35]. Issues such as operator incompatibility, memory leaks, and

latency constraints often force developers to rewrite code or manually optimize

models for specific inference engines.

Consequently, the high barrier to entry suppresses innovation. Domain experts,

such as doctors wanting to deploy gait analysis systems or civil engineers monitoring

structural health, are often blocked by the sheer technical complexity of implementing

the underlying AIoT software stack.

The recent emergence of Large Language Models (LLMs) has disrupted the field of

software engineering. Their ability to generate syntactically correct code from natural

language prompts offers a glimpse of a future where programming is democratized

[36, 37]. However, simply applying off-the-shelf LLMs (like GPT-4 [38]) to the AIoT

domain is insufficient. General-purpose models lack the “grounded” knowledge of

physical sensors and specific hardware APIs. They often hallucinate libraries that

do not exist for embedded platforms or generate Python code that cannot run on

C++-based microcontrollers [4, 7]. Furthermore, relying on cloud-based LLMs for

IoT development introduces critical privacy risks regarding sensitive sensor data and

suffers from latency penalties that are unacceptable for real-time edge applications

[5].
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1.2 Challenges & Research Gaps

This thesis identifies and addresses four critical gaps that currently hinder the auto-

mated development of AIoT applications:

• The Semantic Gap in Program Synthesis. While LLMs excel at generic Python

coding, they struggle with the specific semantics of IoT hardware [4, 39]. Trans-

forming a high-level intent (e.g., “Detect a fall using the accelerometer”) into

executable code requires a complex chain of reasoning: selecting the right sam-

pling rate, applying specific filters (e.g., Butterworth filter [40]), and interfacing

with the correct hardware driver. Existing “Copilot” tools [41] lack the domain-

specific context to bridge this gap, often producing code that is logically sound

but functionally useless on the target device [42].

• Privacy and Efficiency in Cloud-Based Automation. The dominant paradigm of

sending user requirements and code context to cloud-based LLMs poses severe

privacy risks, particularly when dealing with proprietary industrial designs or

sensitive personal data [43]. Moreover, the high inference cost and latency of

massive models make them impractical for continuous, iterative development

loops [44]. There is a pressing need for local, privacy-preserving alternatives,

yet small language models (SLMs) typically lack the reasoning capacity to

handle complex AIoT logic.

• Rigidity of Static Agentic Workflows. Current automated software engineering

agents [1, 2] including AutoIOT and GPIoT typically operate on fixed, static

workflows (e.g., “Retrieve” → “Plan” → “Code” → “Test”). While effective

for static tasks, these rigid pipelines are brittle in the dynamic world of AIoT.

If a sensor is unavailable, or if the data modality shifts (e.g., from camera to

LiDAR), a static agent fails. Ideal automation requires agentic systems capa-
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ble of both self-exploration and self-evolution, i.e., agents that can dynamically

alter their own workflows and continuously adapt to new heterogeneous envi-

ronments, deciding when to backtrack, when to search for new information,

and when to request human feedback.

• The Model-Engine Mismatch in Deployment. Even after an AI model is suc-

cessfully developed and well-trained, deploying it to the edge is a major hurdle.

A significant “model-engine mismatch” exists where operators used in modern

neural networks are not supported by the diverse inference engines (e.g., Ten-

sorRT [45], OpenVINO [46], TFLite [47]) running on edge devices. Developers

are currently forced into a manual, trial-and-error process of operator registra-

tion or graph rewriting. There is no automated framework that can intelligently

map model operators to the most efficient available execution backend without

human intervention.

1.3 Thesis Contributions

To overcome these barriers, this thesis proposes a unified, intelligent framework for

Agentic Automated AIoT Application Development. We leverage the reasoning ca-

pabilities of LLMs not just as coding tools, but as autonomous agents capable of

planning, optimizing, and evolving AIoT systems. The specific contributions are:

• We introduce AutoIOT, an end-to-end framework that enables users to create

AIoT applications using purely natural language. We propose a structure-

aware retrieval mechanism that augments the LLM with up-to-date hardware

documentation. Uniquely, AutoIOT implements a compiler-feedback loop. In-

stead of one-shot code generation, the system interprets error/execution logs

from the edge device compilation process and autonomously iteratively debugs
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the code, significantly boosting executability rates on mobile devices like Rasp-

berry Pis [25].

• To solve the privacy and resource constraints, we present GPIoT, a system that

tailors Small Language Models (SLMs) specifically for the IoT domain. We

identify that SLMs struggle with “domain misalignment” when trying to be

both general planners and specific coders. We introduce a Parameter-Efficient

Co-Tuning (PECT) paradigm. This allows collaborative SLMs to share domain

knowledge without bloating memory usage during tuning. We also construct

the first large-scale instruction-tuning dataset dedicated to IoT tasks, enabling

a 13-billion parameter model to rival the coding performance of far larger cloud

models within this niche.

• Following AutoIOT and GPIoT, we address the rigidity of fixed agentic work-

flows with SE2 (Self-Exploration and Self-Evolution). We move beyond fixed

agentic workflows to a dynamic Coordinator-Actor architecture. SE2 treats de-

velopment steps as atomic actions (i.e., retrieve, reason, code, and test).

A Coordinator agent dynamically plans the workflow based on real-time feed-

back from the mobile runtime. If the agent encounters a new environment,

it “evolves” by dynamically adding necessary atomic actions, allowing it to

adapt to unseen sensor configurations and task requirements without human

reprogramming.

• Finally, moving from code generation to model execution and deployment, we

propose AutoDeploy to solve the model-engine mismatch issue. We treat de-

ployment as a multi-agent negotiation problem. Agents analyze the source

code of operators to determine compatibility with various inference engines.

The system features a Greedy Cross-Engine Inference algorithm. It automat-
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ically partitions a neural network, assigning different sub-graphs to the most

efficient engine (e.g., running convolutions on a GPU-optimized engine while of-

floading unsupported operators to a CPU fallback), reducing inference latency

by over 26% compared to standard baselines.

Together, these four contributions interlock to form a cohesive, end-to-end

pipeline that automates the entire AutoIOT application lifecycle. The lifecycle initi-

ates with AutoIOT, which democratizes the development phase by seamlessly trans-

lating high-level natural language requirements into executable AIoT code through

automated knowledge retrieval and iterative refinement. To ensure this initial pro-

gramming process remains secure and resource-efficient, GPIoT localizes the code

synthesis using tailored SLMs, directly mitigating the privacy risks and latency bot-

tlenecks associated with cloud-based development. Because physical AIoT environ-

ments and hardware availability frequently change, SE2 actively orchestrates this

development phase by replacing rigid coding pipelines with a self-exploring, dynamic

architecture that continuously adapts the workflow based on real-time mobile runtime

feedback. Finally, AutoDeploy bridges the gap to the physical world, completing the

lifecycle by taking the successfully synthesized AI models and automatically resolv-

ing critical model-engine mismatches to ensure optimized, low-latency deployment

directly onto heterogeneous edge devices. Collectively, these systems forge a unified,

agentic framework that autonomously navigates the complex transition from initial

natural language conceptualization to robust, on-device execution.

1.4 Thesis Organization

The remainder of this thesis is structured as follows: Chapter 2 provides a compre-

hensive review of the state-of-the-art in LLM-driven program synthesis, autonomous

agentic workflows, and efficient edge AI deployment. Chapter 3 presents the AutoIOT
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framework, detailing the methodology for translating natural language into exe-

cutable AIoT code and the feedback-driven debugging mechanism. Chapter 4 in-

troduces GPIoT, focusing on the construction of IoT-specific datasets and the PECT

tuning paradigm for efficient, private local synthesis. Chapter 5 elaborates on SE2,

demonstrating how adaptive workflows and reinforcement strategies enable agents

to handle dynamic AIoT environments. Chapter 6 describes AutoDeploy, explain-

ing the operator analysis agents and the cross-engine optimization algorithms for

heterogeneous devices. Chapter 7 concludes the thesis, summarizing the impact of

these works and outlining future research directions for agentic AI systems. Chapter

8 includes some appendices as auxiliary contents and materials for the thesis.
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Chapter 2

Literature Review

2.1 Overview

This chapter provides a comprehensive review of the literature bridging LLMs and

AIoT. It traces the trajectory of AI-driven application development from foun-

dational code generation models to sophisticated multi-agent software engineering

frameworks. Subsequently, the chapter explores the critical transition of these cod-

ing agents into the physical realm of AIoT, detailing the shift toward localized Small

Language Models (SLMs) for hardware-aware deployment. Finally, it surveys the

current frontier of the field: the transition from rigid, rule-based execution pipelines

to fully adaptive, autonomous agentic workflows capable of self-evolution in dynamic

Edge AI environments.

2.2 The Evolution of Code Generation: From

LLMs to Agentic AIoT Development

The advent of LLMs has fundamentally disrupted traditional software engineering.

Foundational models such as Codex [48], CodeLlama [49], and StarCoder [50] demon-

strated unprecedented capabilities in translating natural language intent into func-

tional, executable code. However, efficiently transforming complex requirements into

reliable software in a single generation step remains highly error-prone due to coding
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hallucinations and logical omissions.

To mitigate these issues, the literature has seen a massive shift toward orches-

trating LLMs as autonomous, collaborative agents. Frameworks such as ChatDev

[51] apply LLMs to the traditional software waterfall model by simulating a vir-

tual software company. In this multi-agent system (MAS), specialized agents (e.g.,

CTO, programmer, tester) collaborate through “chat chains” and communicative

de-hallucination to design, code, and test applications. Similarly, MetaGPT [52]

encodes Standard Operating Procedures (SOPs) into agent prompts to streamline

complex coding tasks, while SWE-agent [53] and GuggingGPT [54] provide LLMs

with computer-use tools to autonomously navigate repositories and resolve GitHub

issues. AutoGen [55] further generalized this paradigm by enabling customizable

conversational patterns among agents for diverse coding workflows.

Crucially, substantial challenges arise when transitioning this agentic software

engineering paradigm into the physical domain, particularly for AIoT applications

involving heterogeneous embedded devices. Traditional embedded programming re-

quires specialized knowledge of microcontrollers, sensor APIs, and resource con-

straints, which general-purpose coding agents often lack. Therefore, we propose

AutoIOT [4], the first attempt to bridge this gap by establishing natural language

programming interfaces for AIoT application development [6, 7].

2.3 Localized Intelligence and Hardware-Aware

Deployment

While cloud-based LLM agents excel at synthesizing high-level application logic,

their reliance on remote servers introduces severe vulnerabilities in IoT environ-

ments, including prohibitive query costs, unstable network dependencies, and strict

data privacy violations [56, 57]. Consequently, the literature emphasizes moving
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intelligence directly to the edge using Small Language Models (SLMs). SLMs (typ-

ically under 713 billion parameters) provide a resource-efficient alternative that fa-

cilitates localized code generation and workflow orchestration [58]. However, out-

of-the-box SLMs often lack the specialized domain knowledge required for nuanced

IoT coding. To address this, researchers leverage Parameter-Efficient Fine-Tuning

(PEFT) methods [59], particularly Low-Rank Adaptation (LoRA) [60]. Therefore,

we propose GPIoT [5] that highlights the necessity of fine-tuning these models on

IoT-specialized datasets. Instead of using PEFT, we design a new tuning method,

namely Parameter-Efficient Co-Tuning, which aligns multiple SLMs across the var-

ious stages of development (i.e., task decomposition, code generation) to prevent

domain misalignment and ensure high-fidelity, privacy-preserving local synthesis.

2.4 The Paradigm Shift: Adaptive and Self-

Evolving Workflows in AIoT

The culmination of agent- driven AIoT development is the transition from fixed to

fully adaptive workflows. In earlier systems like ChatDev or MetaGPT, agents oper-

ate on rigid, predefined sequences. While suitable for common development pipelines,

they may not effectively handle highly volatile physical Edge AI environments char-

acterized by missing sensor modalities, unpredictable hardware faults, and dynamic

memory constraints. Fixed pipelines inevitably fail when faced with these runtime

anomalies [3, 61, 62]. Therefore, we propose SE2 that distills AIoT application de-

velopment into four atomic operations (i.e., retrieve, reason, code, test) and

fully exploits the reasoning capabilities of LLMs to decide an appropriate next op-

eration to dynamically and adaptively construct agentic workflows. This shift from

static code generation to self-exploring, adaptive workflows represents the definitive

foundation for autonomous AIoT application development.
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2.5 The Last Mile: Deploying and Adapting AI

Models on Heterogeneous Devices

Beyond synthesizing executable, high-performing AIoT programs, the literature iden-

tifies the physical deployment of compiled models onto heterogeneous embedded

hardware as a major bottleneck. Pretrained models contain custom operators that

frequently lack support across diverse on-device inference engines (e.g., Intel’s Open-

VINO [46], NVIDIA’s TensorRT [45]). This “model-engine mismatch” tradition-

ally necessitates labor-intensive manual patches. Automating this deployment phase

is critical. Therefore, we propose AutoDeploy that employs LLM agents to au-

tonomously parse inference engine source code, evaluate operator compatibility, and

dynamically partition models. By orchestrating a greedy cross-engine execution,

such systems preserve optimizable execution patterns while completely removing the

human developer from the hardware troubleshooting loop, seamlessly connecting lo-

calized code synthesis with efficient physical execution.
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Chapter 3

LLM-Driven Automated Natural
Language Programming for AIoT

Applications

3.1 Introduction

Artificial Intelligence of Things (AIoT) [63, 64, 65, 66, 27, 67] is an emerging

paradigm that leverages advanced artificial intelligence (AI) algorithms to process a

vast amount of data generated by Internet of Things (IoT) devices. This technology

brings a new level of intelligence and automation to various applications, including

healthcare [68, 69], smart sensing [12, 28, 29], and autonomous driving [70].

Recent advances in large language models (LLMs) (e.g., GPT-4 [38]) fundamen-

tally changed the way we interact with AI. While initially designed to understand

natural languages, recent pioneering works [71, 72, 73] have demonstrated consider-

able proficiency of LLMs in exploiting embedded world knowledge by interpreting

IoT sensor data to perform various AIoT tasks. Recent works [71] term such an en-

deavor – Penetrative AI. Fig. 3.1 illustrates how LLMs can be tasked to comprehend

and even interact with the physical world through integration with IoT sensors and

actuators.

However, current LLMs on AIoT tasks [71, 72, 74] fall short in supporting AIoT
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Figure 3.1: Illustration of how LLMs can sense and interact with the physical world
in AIoT applications.

applications [75, 76, 77, 78, 79, 80, 81]: 1) The trustworthiness of the inference results

is compromised since the inference process is performed inside a “black box” and

opaque to users. Thus, the robustness of the applications or the correctness of the

inference results are hard to verify; 2) Transmitting the raw or intermediate sensor

data from user devices to LLM servers raises privacy concerns, incurs prohibitive

query fees, and increases response latency; 3) Sensor data typically exhibits extensive

length and high dimensionality, making remote processing at LLM servers infeasible

due to token limits [82]. Ideally, the integration of LLMs with AIoT applications

should be trustworthy, privacy-preserving, and communication-efficient.

On the other hand, existing works on LLMs have showcased their remarkable ca-

pabilities in code generation to accomplish a variety of programming tasks [83, 84, 85].

Can we leverage LLMs to synthesize programs to fulfill AIoT application require-

ments? This approach can 1) enhance the explainability and trustworthiness of the

AIoT applications as the synthesized programs can be examined and interpreted by

developers, 2) mitigate privacy concerns, and reduce the communication cost since

the programs can be executed locally on user devices without offloading raw sensor

data, and 3) efficiently process high-dimensional continuous sensor data without be-
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ing limited by the token size or bounded by the round trip time over the network. To

this end, we propose AutoIOT, a user-friendly natural language programming system

based on LLMs. AutoIOT automatically identifies and retrieves the necessary domain

knowledge over the Internet, intelligently synthesizes programs, and evolves the pro-

grams iteratively given sample inputs and ground truth. Surprisingly, we found that

the synthesized programs can sometimes outperform some representative baselines

and sample programs of recent academic papers.

While the automatic program synthesis for AIoT applications is promising and

exciting, it entails tremendous technical challenges. 1) High Complexity of AIoT

Tasks. Contrary to existing works that generate code for individual modules or

well-defined functions [86], AIoT applications typically need a systematic design and

integration involving multiple functional components, leading to much higher reason-

ing and planning complexity beyond the capability of current LLMs. To address this

issue, AutoIOT decomposes the programming task into several distinct modules and

generates the corresponding code segments. In particular, AutoIOT leverages chain-

of-thought (CoT) prompts [87] to divide the task into a few sub-tasks and integrate

their solutions, eventually making the sub-tasks manageable by LLMs. 2) Lack of

Domain Knowledge in AIoT. LLMs are trained on pre-collected general corpus

datasets, which may not include the latest domain-specific knowledge needed for the

development of various emerging AIoT applications. To tackle this problem, AutoIOT

guides the LLMs to search and retrieve necessary knowledge and algorithms, thereby

enabling in-context training and inference augmented with domain knowledge for

LLMs. 3) Heavy Intervention and Constant Feedback. Our preliminary ex-

periments (§ 3.2.2) reveal that to generate functionally correct programs, developers

have to give timely feedback to LLMs and constantly intervene in the entire develop-

ment process. For example, developers need to provide specific reference materials

and describe algorithms in great detail, which can be time-consuming and defeat
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the very purpose of automated natural language programming. Ideally, AutoIOT

should be able to synthesize the program with no intervention from users and re-

quire minimum user input only when necessary. To this end, we develop AutoIOT

that can execute, debug, and optimize the synthesized program given sample inputs

and outputs.

We fully implement AutoIOT∗and evaluate its synthesized programs with four

representative AIoT applications: heartbeat detection, IMU-based human activity

recognition (HAR), mmWave-based HAR, and multimodal HAR. Extensive experi-

ments and user studies show that, the synthesized programs can achieve comparable

performance to the corresponding baselines and significant improvements in user sat-

isfaction. Besides, AutoIOT substantially reduces the communication cost and the

total execution time. These findings demonstrate the LLM’s exceptional proficiency

and great potential in synthesizing programs for AIoT applications. In summary, we

make the following contributions:

• To our best, AutoIOT is the first work that enables systematic natural language

programming for AIoT applications.

• We design and implement three novel technical modules (i.e., background

knowledge retrieval module, CoT prompting-based program synthesis mod-

ule, and automated code improvement module) to synthesize and optimize

programs for AIoT applications.

• Our comprehensive experiments demonstrate that synthesized programs can

achieve comparable performance to baselines and sometimes outperform them.

∗The project is available at https://github.com/lemingshen/AutoIOT
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* Objective *
Find the R-peaks in ECG data
* Background Knowledge *
An R-peak is …
* Response Format *
The response must follow …
* Reasoning Examples *
……
* Input Sensor Data *
Sensor name 1: {……} …

Data Interpretation Prompt

LLM

Various IoT Sensors

……

                    
                     

                    
                     

                    
                     

……

Down-sampling & rounding

Digitized: 100, 101, 102, 103, …
Textualized: the sampling rate is …

The R-peaks are ……

Figure 3.2: Prior work processes sensor data with LLMs.

3.2 Background & Motivation

We first revisit the pioneering Penetrative AI efforts that leverage the embedded

knowledge of LLMs to address AIoT tasks. Then, we present the results of our

preliminary experiments to demonstrate the feasibility and identify the key challenges

of implementing an LLM-driven automated natural language programming system

for AIoT applications.

3.2.1 Background

Fig. 3.2 illustrates an example of recent work in Penetrative AI [71], where various

sensor data are textualized and embedded in a prompt, which is further used to

instruct the LLM to perform inference tasks on the textualized sensor data.

Preliminary results indicate that the common knowledge embedded in LLMs

can be leveraged to accomplish various real-world AIoT tasks (e.g., inferring a user’s

location via WiFi fingerprints, and counting heartbeats via raw ECG data). However,

the inference processes of LLMs are largely opaque to users, rendering the results

less explainable and trustworthy. Moreover, raw sensor data is transmitted from
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Given the ‘MIT-BIH Arrhythmia Database’, please write some Python code to 
detect all the R-peaks in each ECG data sample and output the detection results …

Certainly! First, we need to load all records in the database, then we can adopt ……
Here is an example to implement R-peak detection:

import os
import numpy as np
import wfdb, ecgDetector
def detect_r_peaks(ecg_data):
  # Implement R-peak detection algorithm
  # Return R-peak indices

def evaluate_detection(gt_r_peaks, detected_r_peaks):
  # ......

def process_ecg_record(record_name, ecg_data):
  # ......

if __name__ == "__main__":
  # Specify the path to the database folder
  data_path = '/path_to/MIT-BIH-Arrhythmia-Database' 
  main(data_path)

Python                               Copy code

Figure 3.3: An example of direct code generation.

users to LLM servers, raising privacy concerns about sensor data. Furthermore,

limited by token size, existing work down-samples and quantizes raw sensor data,

leading to degraded inference performance. The remote processing at LLM servers

also necessitates the round-trip transmission of prompts and results over the network,

which increases response latency.

To overcome these issues, we explore a new approach that leverages LLMs to syn-

thesize AIoT programs and executes the programs locally to process users’ data. This

new approach allows developers to examine and verify the synthesized programs, pro-

tect data privacy, process sensor data streams without compromising data resolution

or quality, and avoid transmission time over networks.

3.2.2 Preliminary Experiments

The latest LLMs [88, 38, 89] have demonstrated extraordinary proficiency in gen-

erating code snippets. For example, Mercury [88] leverages LLMs to generate code

for well-defined programming tasks. Is it feasible to instruct LLMs to synthesize
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programs that can tackle AIoT tasks? Our preliminary results show that it is possi-

ble yet extremely challenging for LLMs to synthesize functionally correct programs

for AIoT tasks. Taking heartbeat detection as an example, as depicted in Fig. 3.3.

When we instruct the LLM to generate a program to process raw ECG waveform and

detect heartbeats, the LLM can only generate a few null functions without concrete

implementation or import some nonexistent packages.

We hypothesize that the reasons for this might be threefold: 1) LLMs lack

domain-specific knowledge, let alone the latest algorithms tailored for AIoT tasks.

As a result, for highly specialized AIoT applications, LLMs can only offer some sug-

gestions or generate high-level code outlines rather than detailed functional imple-

mentation. 2) AIoT applications typically require systematic programming, where

multiple functional modules are first developed for different subtasks (e.g., signal

preprocessing, data cleaning, neural network initialization), which are then construc-

tively integrated to form a comprehensive and cohesive program. This development

process involves much higher reasoning, planning, and programming complexity than

other simple well-defined programming tasks. 3) Current LLMs inherently lack code

validation and optimization mechanisms to ensure the correctness of synthesized pro-

grams and improve the performance of programs in terms of execution efficiency and

inference accuracy in AIoT program synthesis tasks.

To validate the above hypotheses, we conduct follow-up experiments 1) by provid-

ing necessary domain-specific knowledge to facilitate the design and implementation

of corresponding algorithms to address the AIoT task and 2) by explicitly instruct-

ing the LLM to synthesize programs with clear structures via a divide-and-conquer

approach. Fig. 3.4 illustrates the code generation process involving user interven-

tion. We first manually retrieve relevant background knowledge (e.g., definitions of

ECG data and R-peak, research papers about heartbeat detection) from the Inter-

net and feed the information to the LLM, enabling in-context learning. Second, we
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Research article: An Adaptive and Time-Efficient ECG R-Peak
         Detection Algorithm, https://doi.org/10.1155/2017/5980541 

* Target * According to the 
paper, please provide an 
algorithm outline to 
implement R-peak detection.

* Target * Next, please enrich 
the generated outline with 
more advanced algorithms.

* Target * Then, please write 
some Python code for each 
step in the algorithm.

* Target * Finally, please combine all the code and provide a final version.

import numpy as np
# Step 1: Load and preprocess ECG signal
def load_process_ecg_record(parameters):
# Step 2: R-peak detection
def detect_r_peaks(paramters):
# Step 3: Post-processing
def adaptive_thresholding(parameters):
# Step 4: Validation and correction
def validate_and_correct_r_peaks(parameters):
# Step 5: Evalute detection result
def evaluate_detection(parameters):
# Step 6: Output generation
def generate_r_peak_output(parameters):
def main(data_path):
  load_process_ecg_record()
  # ...

Python                                                      Copy code

Definition of R-peak and ECG data

Here is the enriched version:
Step 1: [Load Data] …
Step 2: [Preprocessing]

Step 1: [Load Data]
    - Load the ECG data from …
Step 2: [Preprocessing]
    - Apply bandpass filter …

Here is the code for Step 1: …
Here is the code for Step 2: …
…………

Figure 3.4: Code generation with user intervention.

instruct the LLM to learn the relevant context and comprehend the papers. Then,

we ask the LLM to generate an outline of the algorithm in the paper. We further

request the LLM to enrich the outline with more advanced and detailed technologies.

Later, we ask the LLM to generate code snippets corresponding to each step of the

algorithm. The final program is thereafter synthesized by integrating all the code

snippets. Finally, we fix bugs if there are any, and execute the program to evaluate

its performance with test data. We further give feedback and ask the LLM to refine
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the program. With several rounds of iterations, the synthesized program evolves and

improves its performance in the task.

In summary, although the synthesized programs eventually achieve reasonable

performance in the tested AIoT tasks, this LLM-driven development method de-

mands specialized domain expertise and constant manual intervention through sev-

eral rounds of iterations for program optimization.

3.2.3 Motivation & Key Ideas

In this thesis, we aim to develop an LLM-driven automated natural language pro-

gramming system named AutoIOT to synthesize programs for AIoT applications.

AutoIOT features three key modules: 1) Background knowledge retrieval module that

automatically collects domain knowledge from the Internet for in-context learning;

2) Automated program synthesis module that emulates the program development

lifecycle [90] via CoT prompting. This module decomposes an AIoT task into sev-

eral subtasks and generates corresponding functional code snippets; and 3) Code

improvement module that executes the synthesized program and feeds the com-

piler and interpreter feedback to the LLM, facilitating iterative code correction and

improvement. We note that although the program synthesis process needs commu-

nication and interaction with remote LLM servers, the synthesized program can be

executed locally on the client side. This approach fundamentally differs from exist-

ing approaches such as Penetrative AI [71], and allows users to not only preserve

data privacy but also improve the interpretability of synthesized programs as well as

inference results.

3.3 System Overview

AutoIOT builds an intelligent agent that can automatically synthesize programs to

fulfill user requirements in AIoT applications. As shown in Fig. 3.5, AutoIOT com-
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* Target *
Given the “MIT-BIH Arrhythmia Database”, please 
load all the ECG records from my local disk and 
detect all the R-peaks. Then, for each record, output 
its name along with the detection accuracy, adhering 
to the specified output format below.

* Remarks *
- I only download a zip file from the official website.

* Input * 
The path to the dataset

* Output Format *
Case {ECG data record index}
Detection accuracy: 0.92
Case ……

User Problem

- Term1
- Term2, …

Terminology
Determination

Search Tool

Websites

Terminology 
Searching

Knowledge
Database



Background Knowledge Retrieval

User Input ResponsePrompt Output

AutoIOT Agent





Tool Pool

Sandbox

Encapsulated
Prompts

Store the

Results

Automated Program Synthesis

Outline
Generation

1. Load Data
2. ……

 Detailed
Design



1. Load Data
- Input data path
- Load each record …

8. Output Results
- Output index
- Output accuracy …

……



Code segment 1 </>

Modularized
Code Generation

Code segment 2 </>……

Modularized Code Integration


Code Improvement

Integrated CodeDebug



Modify
Algorithm

Final Program &
Documentation





Provide

Instructions

Figure 3.5: The system overview and workflow of AutoIOT.

prises three key modules: background knowledge retrieval (§ 3.4.2), automated pro-

gram synthesis (§ 3.4.3), and code improvement (§ 3.4.4).

Users can specify their requirements on AIoT applications in natural language

(①). Then, the background knowledge retrieval module identifies a set of relevant

terminologies (②) and searches over the Internet (③). With the retrieved domain-

specific knowledge, the automated program synthesis module instructs the agent to

draft an algorithm outline (④). The agent is then requested to elaborate on each step

of the algorithm and produce a detailed design (⑤). Such a process decomposes a

complex AIoT task into several manageable subtasks. Then, the agent is instructed

to generate a code segment for each subtask (⑥). Afterward, the agent is requested to

integrate the codes for subtasks and synthesize the final program (⑦). Next, the code

self-improvement module executes the synthesized program and feeds the compiler

and interpreter output back to the agent. The agent iteratively corrects syntax

and semantics errors (⑧). With the obtained output from the synthesized program,

AutoIOT explicitly instructs the agent to explore more advanced algorithms using

the web search tool, aiming to optimize the program and improve the performance

of inference tasks (⑨). After several iterations (④-⑨), AutoIOT will present the

final program with detailed documentation (⑩). In addition, AutoIOT provides an

interface for users to offer specific algorithms or instructions for code improvement.
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LLM

AutoIOT Agent

Search for definitions 
of ECG data from 
Wikipedia and store 
the retrieved content 
in a local database.

Input Prompt

Accessible Tool List
Mapping Table
Original Prompt
Target …

Encapsulated Prompt

Available Tools

Actions:
Search
& Store

Final Response
Output
Parser

Intermediate 
Results

Figure 3.6: AutoIOT agent answers user’s prompt with LLMs and LangChain tools.

To enable the interaction between the LLM and the web search tool, the knowl-

edge database, and the code executor, we leverage the LangChain [91] framework to

build an intelligent agent. LangChain assembles various tools (abstracted as func-

tions) and provides descriptions of the available functions (added into prompts) to

the LLM. With such a prompt, the LLM performs reasoning and selects suitable

tools to answer the user’s query (potentially via multiple rounds of function invoca-

tions and message exchanges initiated by the LLM). This approach allows the LLM

to answer queries that require context information (e.g., local weather, user’s local

documents), augmenting the LLM with retrieved knowledge.

Taking step ③ in Fig. 3.5 as an example, Fig. 3.6 shows how AutoIOT agent works

with LangChain tools and the LLM to answer the query about terminology search-

ing via network. Given an input prompt, AutoIOT encapsulates it with additional

information (e.g., a list of available tools) and sends it to the LLM. Then, the LLM

performs a sequence of actions possibly leveraging the available tools in the list, and

generates an output. The output will then be passed to a parser to generate the final

response. We note that the above processes involved in step ③ as well as other steps

(①-⑩ in Fig. 3.5) are all automatically orchestrated by the AutoIOT agent.

Usage Scenario. Suppose a user wants to develop a heartbeat detection ap-
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plication, she can interact with AutoIOT with natural language, which describes her

requirements for the application. Then, AutoIOT will automatically synthesize a

corresponding program and documentation for the user. Following the instructions

in the documentation, she can deploy and execute the program on a target device,

which contains the patient’s ECG data. The program will then generate the final

heartbeat detection results for her.

3.4 System Design

In this section, we select heartbeat detection as an example to illustrate how AutoIOT

works.

3.4.1 User Interface

Users can describe an AIoT task in natural language as input to AutoIOT. To help

the LLM interpret the intention and desired outcome (i.e., synthesized program

and inference results), we design a prompt template for the user to describe the

problem, since LLMs can comprehend and process well-structured instructions more

efficiently [92]. As shown in Fig. 3.5, the user problem includes four parts: target,

remarks, and program input and output specifications. The target part describes the

user’s objective and task in natural language, e.g., “Given the MIT-BIH Arrhythmia

Database, please load all the ECG records and detect all the R-peaks. Then, evaluate

the detection results and output the detection accuracy for each record.” The remarks

provide additional information, e.g., “I only downloaded a zip file from the dataset’s

official website”. The program input and output specifications clarify the I/O format

of the synthesized program. The path to the dataset is required during the code

improvement process for program execution and optimization.
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* User Problem *
<user_input>{…}</user_input>
* Motivation *
I need to understand the meaning of 
some concepts in the user’s problem 
to gain some background knowledge.

* Target * 
Based on the user’s problem, please 
determine a list of terminologies that 
I need to search online. Please only 
output a list of terminologies.

* Response Format *
term1, term2, …

Terminology Determination

(a) Terminology determination

* User Problem *
<user_input>{…}</user_input>
* Target *
Use the web search tool to search for 
precise definition or description of 
{terminology}.
* Rules *
- Wikipedia is preferred.
- Filter out the contents that are 
irrelevant to the problem.
- Do not provide algorithms or 
implementation details.
* Response Format *
URL1, URL2, ……

Terminology Searching

(b) Terminology searching

* User Problem *
<user_input>{…}</user_input>

* Target * 
Based on the background information 
in the context documents, please 
provide an algorithm outline step by 
step to solve the user’s problem.

* Rules *
- Use the web search tool multiple 
times.
- Analyze the retrieved information 
and filter out irrelevant contents.
- Refer to the context.

Algorithm Outline Generation

(c) Algorithm outline generation

* User Problem *
<user_input>{…}</user_input>
* Target * 
Please elaborate on each step with 
detailed technologies or algorithms.

* Rules *
- Do not modify the outline.
- Use the web search tool.
- Filter out irrelevant content.

* Response Format *
Step 1: [title]
- xxx
Step 2: xxx

Detailed Design Generation

(d) Detailed design generation

Figure 3.7: The prompt template for (a) terminology determination, (b) terminology
searching, (c) algorithm outline generation, and (d) detailed design generation.

3.4.2 Background Knowledge Retrieval

LLMs are typically trained on extensive and pre-collected corpus datasets that in-

clude a wide range of general common knowledge over the Internet. These training

datasets, however, may not include domain-specific knowledge or the latest advances

in research literature. In the rapidly evolving AIoT field, with new technologies and

algorithms constantly emerging, the knowledge gap is particularly pronounced. To

fill this gap, we develop the background knowledge retrieval module to automatically
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identify and fetch necessary information online so as to enable in-context learning

for LLMs augmented with up-to-date domain knowledge.

Terminology Determination. The background knowledge retrieval module first

instructs the agent to identify some relevant key terminologies given the user prob-

lem, with the prompt shown in Fig. 3.7(a). For example, given the user problem

in Fig. 3.5, the terminologies generated by the LLM are “MIT-BIH Arrhythmia

Database”, “ECG data”, and “R-peaks”. Next, to obtain the relevant knowledge,

AutoIOT instructs (Fig. 3.7(b)) the LLM to actively search for the definitions and de-

scriptions of these terminologies from public websites, such as Wikipedia and GitHub,

with the web search tool. Additionally, for the terminologies with multiple interpre-

tations, AutoIOT requests the LLM to filter out the irrelevant content and focus on

those pertinent to the user problem.

Context Database Construction. After retrieving necessary information from

relevant websites, AutoIOT uses OpenAI’s text embedding [93] to convert the HTML

documents into vector representations, containing semantic meanings comprehensible

to the LLM. These representations are then used to build a local vector database

with Faiss [94], serving as a contextual knowledge base for the LLM. During the

inference process, the LLM retrieves relevant content from the database with a high

degree of similarity to the user problem in the vector space. This approach ensures

that the LLM understands the user problem and objective with necessary context

information and domain knowledge.

Remarks. The background knowledge retrieval module is user-friendly, as it is oper-

ated automatically by our AutoIOT agent without any user intervention. In addition,

we provide an interface for users to explicitly complement necessary background in-

formation as well as highly specialized domain knowledge (e.g., research papers,

detailed algorithm descriptions) to enrich the context database.
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3.4.3 Automated Program Synthesis

As observed in our preliminary experiments (§ 3.2.2), if we directly instruct LLMs

to generate programs for AIoT applications, multiple subtasks should be undertaken

manually by the user. Specifically, the user needs to decompose the AIoT task into

several subtasks and request the LLM to generate a solution for each subtask. After

integrating the solutions, the user has to manually debug, execute, and improve the

program. Although the synthesized program eventually meets the user’s requirement,

the program synthesis necessitates frequent user intervention and active involvement

throughout the process, which is cumbersome and time-consuming. To address this

problem, we develop the automated program synthesis module, aiming to automate

the programming procedure, reduce the involved workload, and improve the develop-

ment efficiency and user experience. In particular, the automated program synthesis

module uses Chain-of-Thought (CoT) prompts to guide LLMs through step-by-step

reasoning processes, thereby enhancing their capability of tackling complex AIoT

problems by mimicking human-like divide-and-conquer reasoning processes.

CoT 1: Algorithm Outline Generation. AutoIOT first prompts the LLM to

analyze the user problem and design a preliminary algorithm outline. As illustrated

in Fig. 3.7(c), the prompt for algorithm outline generation consists of three parts: 1)

The “User Problem” is reiterated at the beginning to ensure continuity and coherence

in the LLM’s responses since the LLM may forget the previous context [95]. 2) The

“Target” specifies our request, i.e., algorithm outline generation. 3) The “Rules”

add detailed instructions for quality assurance. For example, AutoIOT explicitly

requests the LLM to actively search for advanced AIoT algorithms using the web

search tool throughout the process. AutoIOT also asks the LLM to filter out irrelevant

information. With such well-structured prompts, the LLM can generate an algorithm

outline according to the problem specification.
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CoT 2: Detailed Design Generation. Given the generated algorithm outline,

the LLM is then tasked with further elaborating on each step in the outline with more

detailed technologies and algorithms to refine the approach comprehensively. The

prompt for this stage includes “User Problem”, “Target”, and “Rules”. In addition,

it also includes a new requirement - “Response Format” to specify the expected

format of the LLM’s output, as illustrated in Fig. 3.7(d). Given such a prompt,

the LLM can generate detailed steps and specific actions in each step to achieve

the overall objective and solve the user problem. In this stage, essentially AutoIOT

guides the LLM to decompose the AIoT task into multiple subtasks, facilitating a

divide-and-conquer strategy to synthesize the corresponding program in the next

stage.

CoT 3: Modularized Code Generation. Given a set of subtasks generated at the

previous stage, AutoIOT instructs the LLM to generate one function for each module

with a clear function name, signature, and input/output specification. The modules

can then be developed independently, ensuring specific functionalities are effectively

implemented according to the algorithm descriptions generated above. This divide-

and-conquer approach is proven effective in synthesizing complex programs by fully

exploiting the modularized code generation capabilities [86] of LLMs.

In our initial trials, we observed that LLMs sometimes generate null functions

with placeholders, invoke undefined functions, or import nonexistent packages. To

tackle this problem, AutoIOT adds more stringent rules and requirements to explicitly

ask the LLM to avoid generating null functions and verify the availability of imported

packages and invoked functions by involving the web search tool. With the prompts

shown in Fig. 3.8(a), the LLM can generate cohesive code segments with detailed

comments for each module, facilitating the module integration in the next stage.

CoT 4: Modularized Code Integration. Given the generated code segments,

AutoIOT prompts the LLM to constructively integrate all modularized code segments
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* Target * 
According to step {…} in the outline, 
write some Python code to 
implement it.
* Rules *
- Develop one well-structured 
function with detailed comments, 
including clear function name, 
signatures, and I/O specifications.
- Do not provide a null function with 
only placeholders. Do not import 
nonexistent packages and use 
undefined functions.
- Consider edge cases.
- Ensure consistency.

Modularized Code Generation

(a) Modularized code generation

* Target * 
Constructively integrate all the 
previous code segments.
* Rules *
- Do not provide null functions with 
only placeholders, but detailed 
implementations.
- The code should be executed via 
command line: {Python test.py –i 
<input_file>}
- Ensure consistency.

* Response Format *
```python
…
```

Modularized Code Integration

(b) Modularized code integration

* Target * 
The compiler/interpreter can’t 
successfully run the code. Analyze 
and correct the code.

* Rules *
- Provide revised code in complete 
format. The following is not allowed:
# (same as before)
# (function remains the same)
- Use the web search tool for the 
correct usage of some packages or 
functions.

* Compiler/Interpreter Logs*
{…}

Code Debugging

(c) Code debugging

* User Problem * 
<user_input>{…}</user_input>

* Target *
- The program output is listed below. 
Please first analyze it and modify the 
algorithm outline to improve the 
performance by integrating more 
advanced algorithms.

* Program Output *
{…}

* Rules *
- Omit any warnings.
- Refer to the chat history and the 
context documents.

Algorithm Modification

(d) Algorithm modification

Figure 3.8: The prompt template for (a) modularized code generation, (b) modular-
ized code integration, (c) code debugging, and (d) iterative code improvement.

and create a cohesive and comprehensive program. Since the code generated for

different modules may have disparate input/output variable names, AutoIOT first

prompts the LLM to ensure the consistency among all the modules and synthesize

the final program without null functions as illustrated in Fig. 3.8(b).

For the convenience of code execution, debugging, and optimization, AutoIOT

asks the LLM to add a main function so that the program can be directly executed
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from the command console (e.g., python3 test.py -i <input_file>). Moreover,

AutoIOT also asks the LLM to generate user documentation in Markdown format,

specifying how to properly install, execute, and troubleshoot the program for end

users.

Remarks. The automated program synthesis module facilitates a seamless transfor-

mation from natural language to a readily executable program with CoT prompts.

AutoIOT is regarded as an experienced developer, adept at decomposing complex

AIoT tasks into multiple modules, generating modularized code, and organically

integrating them. The program synthesis process can be fully automated by the

agent.

3.4.4 Code Improvement

In § 3.2.2, we found that the LLM can evaluate and improve the code with heavy

user intervention. To alleviate the user’s workload involved in debugging and code

optimization, we develop the code improvement module.

Automated Debugging. Upon obtaining the final program after integration,

AutoIOT constructs a code executor to run the generated code within a virtual en-

vironment (e.g., a sandbox), ensuring safe and controlled code execution. The code

executor loads the sensor dataset from the user’s local device for program execution

and exports the compiler or interpreter output to the LLM. If the program encoun-

ters execution issues (e.g., syntax or I/O errors), AutoIOT embeds the logs from the

compiler into a prompt (Fig. 3.8(c)) and instructs the LLM to debug the code for

several rounds of interactions until the generated code can be executed successfully.

Code Optimization via Algorithm Modification. To achieve better perfor-

mance, AutoIOT progressively refines the synthesized program via several iterations.

In particular, AutoIOT processes the test dataset with the first version of the inte-

grated program. Then, AutoIOT prompts (Fig. 3.8(d)) the LLM with the context
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import wfdb
def load_mit_bih_database():
  record_names = wfdb.get_record_list('mitdb')
  # Iterate over each record name
  for name in record_names:
    # Load the record and its annotations
    record = wfdb.rdrecord(name, pb_dir='')

Version 1

import wfdb
def load_mit_bih_database():
  # Iterate over each ...

    # ......
def bandpass_filter(param):
    # Apply bandpass ...   
    # ......

Version 3

Executor

$ python3 test.py –i <path>
TypeError: rdrecord() got an 
unexpected keyword argument 
'pb_dir'

Debug

import wfdb, os
def load_mit_bih_database():
  record_names = wfdb.get_record_list('mitdb')
  # Iterate over each record name
  for name in record_names:
    # Load the record and its annotations
    record = wfdb.rdrecord(os.path.join(path, name))

Version 2

$ python3 test.py –i <path>
Average detection accuracy: 0.85

1. Load data
2. Preprocess

Modify algorithm 
outline and adopt more 
advanced technologies

$ python3 ...
Accuracy: 0.94

Modify … 
and ……

import wfdb
def load_mit_bih_database():
  # ......
def bandpass_filter(param):
  # ......
def adaptive_thresholding(param):
  # ......

Version 4

$ python3 ...
Accuracy: 0.97

Executor

Executor

Figure 3.9: An example of code improvement via iterations (details omitted).

information (e.g., algorithm outline, chat history) of generating the first program

as well as the program output, and asks the LLM to improve the performance by

integrating more advanced algorithms. Specifically, AutoIOT uses the web search

tool to search for solutions that can achieve higher accuracies referring to academic

papers and relevant webpages. This initiates a new recursive cycle of program syn-

thesis, starting from refining the algorithm outline accordingly, enriching the outline

with the retrieved algorithms, generating modularized code for the updated design,

combing the modularized code, debugging, and improving code quality. This code

optimization cycle is not a one-time process but is repeated multiple times. Empiri-

cally, AutoIOT takes five iterations to progressively generate five different programs,

striking a balance between thoroughness and efficiency. Finally, AutoIOT requests

the LLM to analyze the execution results of all the programs and select the one that

achieves the best performance as the final program.

Fig. 3.9 shows a specific example of how the synthesized program evolves over

multiple iterations. Version 1 is generated with a bug. By providing the error

message to the LLM, AutoIOT can automatically fix the bug and generate Version

2. AutoIOT further instructs the LLM to modify the algorithm and adopt advanced

technologies to generate new versions that iteratively achieve higher accuracies.

Supporting User-in-the-Loop Optimization. After each iteration of code op-
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timization, AutoIOT also provides an interface for the user to optionally provide

instructions that can help the LLM improve the synthesized program. For example,

when the user finds that the LLM fails to recall relevant information from the re-

trieved contents, the user can prompt AutoIOT to refer to a specified algorithm or

provide a recent academic paper. This enables a user-in-the-loop optimization that

requires minimal user intervention and promotes code optimization iteratively.

Remarks. The code improvement module automates code debugging and optimiza-

tion by leveraging the LLM’s proficiency in debugging and refining code based on

the compiler and interpreter feedback [96, 97]. This automation not only releases

the manual burden but also heralds a new era where AIoT applications can evolve

iteratively and autonomously with minimum user intervention.

3.5 Experiment Setup

3.5.1 Implementation

We implement AutoIOT with GPT-4 [38] based on LangChain [91], which provides

various tools (e.g., web search engine, vector database, etc) for LLMs to collect

relevant information. We select Tavily [98] as the web search tool to search for

relevant information. It uses OpenAI’s text embedding model [93] to convert the

retrieved webpages into vector representations. AutoIOT then uses Faiss [94] for

efficient similarity search of vector representations. The code executor controlled by

AutoIOT is deployed on a Linux Ubuntu workstation equipped with an NVIDIA RTX

4090 GPU.

3.5.2 AIoT Applications & Datasets

We select four representative AIoT applications from the domains of healthcare and

human activity recognition (HAR). Unlike other program synthesis tasks, these AIoT
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tasks require domain-specific knowledge and highly specialized algorithms in signal

processing and machine learning.

Heartbeat Detection. R-peak detection in electrocardiogram (ECG) data is a

crucial task in cardiac signal processing, serving as a foundational step for heart rate

variability studies, and arrhythmia detection [99]. We use MIT-BIH Arrhythmia

Database [100] and five representative baseline algorithms, including Hamilton [101],

Christov [102], Engzee [103], Pan-Tompkins [104], and SWT [105].

IMU-based Human Activity Recognition. Inertial measurement unit (IMU)-

based HAR enables continuous identification of a wide range of daily activities (e.g.,

sitting, walking) by capturing and analyzing motion characteristics from the IMU

data [106, 107]. For the baselines, we select five open-source GitHub repositories:

LSTM-RNN [108], 1D-CNN [109], Conv-LSTM [110], BiLSTM [111], and NN [112].

We compare their performance with AutoIOT on the WISDM dataset [113].

mmWave-based Human Activity Recognition. mmWave can capture fine-

grained human gestures with high resolution [114, 18, 19]. We select the XRF55

dataset [115] with the models proposed in the paper as the baselines, including

ResNet-18, 34, 50, 101, and 152. This task is more challenging because: 1) The

XRF55 dataset was recently published on websites only a few months ago, which

means LLMs have not yet seen knowledge about this dataset; 2) The mmWave data

has high dimensionality, necessitating the use of more sophisticated models with

optimized configurations.

Multimodal Human Activity Recognition. By leveraging different sensors to

capture complementary information, HAR systems can achieve higher robustness and

versatility. We select the Harmony dataset [69] containing three sensor modalities:

audio, depth image, and radar. The baseline system consists of three encoders,

each designed to extract unique features from the respective modalities, followed

by feature concatenation and a classifier model. This task is also challenging for
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AutoIOT as it involves the fusion of data from different modalities with cross-modal

interaction.

3.6 Evaluation

3.6.1 Metrics

We adopt the following evaluation metrics: 1) Task accuracy : we repeat the ex-

periment 10 times and calculate the average task accuracy. In heartbeat detection,

we consider task accuracy as the percentage of correctly identified peaks within a

predefined tolerance window compared to the ground truth. In HAR, we consider

classification accuracy. 2) MAE : We use medium absolute error (MAE) to measure

the discrepancy in beat positions between the predicted R-peaks and the ground

truth. 3) Communication cost : we use psutil [116] to monitor the network traffic.

4) Wall-clock execution time: we record the total time consumed from the moment

the user inputs the problem to the generation of the final inference results for all

the sensor data. 5) Memory consumption: we record the GPU memory consumption

during code execution if AI models are adopted. 6) Inference time per sample: we

compute the inference time per data sample if AI models are used.

3.6.2 Performance against Baselines

Average accuracy & MAE

Fig. 3.10(a) shows the heartbeat detection accuracy with MAE of AutoIOT (denoted

as A.) and baselines. First of all, AutoIOT can synthesize a program automatically

to achieve comparable performance with baselines in the heartbeat detection task.

In addition, the standard deviations of the AutoIOT-synthesized programs are low,

achieving 2% and 0.15 in terms of accuracy and MAE, respectively. More surpris-

ingly, the automatically synthesized program can even beat some of the baselines!
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Figure 3.10: The overall performance of the four IoT applications. In (a), A. for
AutoIOT, H. for Hamiltion, C. for Christov, E. for Engzee, P. for Pan-Tompkins, and
S. for SWT. In (b), N. for NN, 1D for 1D-CNN, Bi. for BiLSTM, C. for Conv-LSTM,
L. for LSTM-RNN, and n for ResNet-n. In (c) & (d), A.1, A.2, and A.3 for three
different AutoIOT-generated programs; B. for the baseline in the multimodal HAR
application.

For example, the synthesized program achieves higher detection accuracy than Pan-

Tompkins (P.) and Engzee (E.). Moreover, it yields a lower error rate than Christov

(C.) and Pan-Tompkins (P.). To investigate the reasons behind this, we examine

and analyze the synthesized program.

We learned: 1) Armed with the web search tool, the synthesized program im-

plemented a few basic as well as sophisticated signal processing methods, includ-

ing bandpass filtering and stationary wavelet transformation in preprocessing, and

adaptive thresholding in postprocessing. Some selected algorithms are well-known

and widely adopted, while others are less likely to be chosen, even by experienced

programmers with domain expertise. Unlike narrowly focused, well-defined simple

programming tasks, AIoT tasks typically require systematic integration of multiple

algorithms and components to achieve optimal system performance, which creates
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opportunities for AutoIOT to explore more possibilities in automatically synthesizing

optimized programs that could outperform not all but some representative baselines.

2) Given a single performance objective, we notice that the LLM carries out

extensive optimization, sometimes at the cost of other equally important metrics. For

example, when instructed to improve the detection accuracy, the synthesized program

sets a larger tolerance window, which increases the chance of correctly detecting

heartbeats (true positives) at the cost of increased false positives. Considering AIoT

applications’ complexity and multiple competing or even contradicting objectives,

user requirement specification needs to be as complete and comprehensive as possible,

which necessitates domain expertise and system development experience.

3) We found that the webpages returned by the web search tools are often about

general algorithms due to their popularity and higher page rankings. Such popular

algorithms, however, may not perform the best in domain-specific tasks. With min-

imum user intervention by providing specialized algorithms, AutoIOT can synthesize

programs accordingly and achieve comparable performance to the baselines.

Fig. 3.10(b) shows the classification accuracy in two HAR tasks. We observe that

AutoIOT outperforms NN and 1D-CNN while underperforms BiLSTM, Conv-LSTM

and LSTM-RNN. The main reasons are twofold: 1) HAR tasks require both signal

processing and machine learning algorithms, increasing the programming complexity

to some extent; 2) Training neural networks requires fine-tuning of a vast array of

hyper-parameters (e.g., network architecture configurations, epoch number, learning

rate, optimizer, and loss function). This significantly amplifies the instability of

the generated code and calls for careful fine-tuning to achieve the best performance

in practice. As a result, AutoIOT surpasses those baselines adopting simple model

architectures (NN and one-dimensional CNN) but falls short against baselines using

sophisticated architectures (BiLSTM and Conv-LSTM) with highly optimized hyper-

parameters. Although during code improvement, some synthesized programs define
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a set of configurations and adopt a searching strategy to obtain optimal hyper-

parameters, the performance still remains slightly lower than some baselines. This is

because the determination of the optimal configurations for machine learning models

is typically a trial-and-error process, requiring substantial human effort. Fortunately,

we observe that if the user provides a potential search space in advance, the LLM

can design a search algorithm to try different hyper-parameter configurations and

select the one with the best performance.

For multimodal HAR, the input instruction (A1) includes the basic information

of the task, i.e., the task target, the dataset specifications, and the output for-

mat. Based on that, we create two additional variations: one with a GPU-memory-

constrained requirement (A2) and another with a high accuracy requirement (A3).

We then feed the instructions into AutoIOT and measure the accuracy and inference

time of the synthesized programs, with results shown in Fig. 3.10(c). By analyzing

the three synthesized different programs, we observe that: 1) All the synthesized pro-

grams adopt a similar workflow as the baseline system, i.e., they first construct three

encoders to extract effective features from the three modalities, then concatenate

these features and feed them into a classifier for activity recognition. This implies

that benefiting from our CoT-based problem-solving paradigm, AutoIOT recognizes

the workflow and architecture as effective and standard for handling multimodal

data-related tasks, which is consistent with most of the existing methods [69]. 2)

AutoIOT can adjust the generated code to fulfill different requirements. The second

program consumes less memory than others due to the resource constraint require-

ment, resulting in lower accuracy but reduced inference time (Fig. 3.10(d)). On the

other hand, the third program adopts a more complex and larger model architecture,

requiring more GPU memory and incurring a longer inference time. Such differences

validate the capabilities of AutoIOT in accurately understanding and processing nat-

ural language-based user requirements. These observations further demonstrate the
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Figure 3.11: Different levels of user intervention.

effectiveness of AutoIOT in ensuring the correctness of user requirement understand-

ing and the generated code, benefiting from our automatic self-improvement compo-

nent.

Communication cost. & wall-clock time

We select heartbeat detection as an example and measure the total communication

cost with wall-clock execution time of AutoIOT and direct LLM inference as done

in Penetrative AI. Specifically, ECG data is first down-sampled and segmented into

multiple windows and then embedded into the prompt for LLMs’ inference. Experi-

ment results show that AutoIOT requires 8MB of network traffic mainly for prompt

transmissions, while Penetrative AI consumes more than 50MB mainly for sensor

data transmissions. Besides, AutoIOT takes 25 minutes to complete the task with

a dramatic reduction in inference time compared to Penetrative AI, which needs to

send and process all windowed signals with the remote LLM serving. Notably, the

standard deviations of both communication cost and wall-clock time of AutoIOT are

both more stable than the baselines, achieving 200 KB and 2 minutes, respectively.

3.6.3 Sensitivity Analysis

Different levels of user intervention. To show how automated program synthesis

improves user experiences, we evaluate the AutoIOT’s performance under five differ-
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Figure 3.12: Different numbers of iteration.

ent levels of user intervention: 1) No intervention; 2) Intervention with user-provided

domain knowledge; 3) Intervention with user-specified algorithms for program syn-

thesis; 4) Intervention with user-based debugging; 5) Intervention with user-decided

algorithm modification for code improvement. Fig. 3.11(a) shows the performance

of AutoIOT with different levels of user intervention. When the user manually in-

structs the LLM to generate code according to specific hand-picked algorithms (e.g.,

designed by experts or research papers), the average accuracy can be improved. This

user-in-the-loop process becomes particularly advantageous when users have a higher

level of domain expertise in AIoT, enabling them to design or select more advanced

and robust algorithms. But it leads to increased synthesis time as the LLM has to

revise outputs until the user is satisfied. Fig. 3.11(b) shows the performance with

different user intervention combinations. We see that increased user involvement in

the program synthesis process correlates with higher accuracy. However, this height-

ened engagement leads to significantly longer synthesis time and extra user overhead.

Note that AutoIOT may not always be able to fix bugs and finish program synthe-

sis tasks. In this case, user intervention with minimum effort is still a must. Thus,

AutoIOT allows users to provide detailed instructions necessary for program synthesis

by the LLMs.

Different numbers of improvement iterations. We vary the number of epochs

for code optimization from 0 to 10 and evaluate the impact on the synthesized pro-
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Figure 3.13: Different LLMs. (4 for GPT-4, 3.5 for GPT-3.5, C. for Cohere, A. for
Anthropic Claude 2, L. for Llama2-7b, and G. for Gemma-7b.)

grams. As shown in Fig. 3.12, with more improvement epochs, the accuracies/synthe-

sis time of the GPT-3.5/-4 generated programs gradually increase. However, after

around 5 epochs, the marginal gain of average accuracy starts to diminish while

the synthesis time increases dramatically. This is because, with longer conversa-

tion history, LLMs may fail to recall past context information and tend to generate

inconsistent responses [95]. Therefore, we empirically set the epoch number to five.

Impact of Different LLMs. We select the following LLMs for comparison: GPT-4

[38], GPT-3.5 [117], Llama2-7b [118], Cohere [119], Claude 2 [120], and Gemma-7b

[121]. Llama2 and Gemma are locally deployed in our lab. We select R-peak detec-

tion as an example with the Christov algorithm as the baseline. Fig. 3.13(a) shows

that GPT-4 performs the best. Given the knowledge retrieved by the same tools,

LLMs still need strong language understanding and reasoning capabilities to compre-

hend AIoT tasks and synthesize programs. Experiment results indicate that GPT-4

might have superior performance in language understanding and reasoning capability

for this specific task. Although Llama2-7b and Gemma-7b achieve relatively lower

accuracy, these two local models offer much faster response speeds.
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Figure 3.14: Ablation study. (B – background knowledge retrieval, O. – algorithm
outline generation, D. – detailed design generation, I. – code improvement.)

3.6.4 Ablation Study

In the ablation study, we use two metrics to evaluate the code quality: 1) Execution

success rate (ESR): the proportion of the code that can be executed successfully for

the first time. 2) Average iteration round (AIR): the average number of improvement

iterations required to achieve 80% accuracy.

Background knowledge retrieval. To explore the influence of the background

knowledge retrieval module, we disable the web search tool and the knowledge

database. We then instruct the LLM to synthesize 20 different programs with no user

intervention. Fig. 3.14(a) shows the ESR and AIR of two AIoT tasks. We see that

the ESR of heartbeat detection drops slightly while the ESR of mmWave-based HAR

exhibits a significant drop. This is because the mmWave-based HAR uses a newly

published dataset, which has not been seen by the LLM. Therefore, the LLM does

not know the dimensionality of the dataset and only randomly configures the hyper-

parameters of the neural network. Additionally, both applications require larger

numbers of iterations to improve the accuracy of synthesized programs. We note

that mmWave-based HAR even fails to achieve the expected accuracy (thus, its AIR

is marked as infinite). A similar phenomenon is also observed in Fig. 3.14(b). The

experiment results indicate that the background knowledge retrieval module plays a

pivotal role for the LLM to retrieve up-to-date domain knowledge to augment the
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program synthesis process.

Chain-of-thought. We evaluate the contribution of the algorithm outline genera-

tion step and the detailed design generation step during the CoT prompting, respec-

tively. As shown in Fig. 3.14(a), when only one step is enabled, we observe a slight

drop in ESR and an increase in AIR for both applications. When we disable both

steps, the ESR drops significantly as shown in Fig. 3.14(b). Without the explicit

guidance specified in the two steps, the LLM cannot synthesize executable programs

and presents null functions with placeholders. Therefore, the CoT method with de-

tailed instructions emulating the software development lifecycle plays a crucial role

in helping LLMs synthesize executable programs.

Code improvement. The code improvement module contains automated debug-

ging and code optimization. Since automated debugging is essential to ensure the

executability of synthesized programs, we only conduct an ablation study on the

code optimization step. With the program after the debugging step, we evaluate the

code improvement module by directly instructing the LLM to modify the program

over several iterations without providing the compiler or interpreter feedback. As

shown in Fig. 3.14(a), without the code improvement module, the ESR is almost

unaffected while the AIR increases significantly. This is because generating an exe-

cutable program with no syntax errors is seldom influenced by this module. However,

without feedback from the compiler or interpreter, more iterations are required since

the LLM does not know which step of the algorithm should be modified or improved.

Besides, due to the laziness of LLMs [122], synthesized programs tend to adopt sim-

ple and popular algorithms. This necessitates the code improvement module, which

progressively directs the LLM to explore more advanced algorithms to improve the

synthesized program.
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Table 3.1: Participant information of user study (N=20)

Category Background Information

Gender Female (45%), Male (40%), Prefer not to say (15%)
Age Under 18 (10%), 18-30 (75%), 30-39 (10%), 40 and older (5%)
Education Bachelor (20%), Master (15%), Doctoral (60%), Others (5%)
English Beginner (5%), Intermediate (25%), Advanced (60%), Fluent (10%)
Expertise Expert (25%), Non-expert (75%)
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Figure 3.15: User study (a & b: objective evaluation; c: subjective evaluation)

3.6.5 User Study

To investigate the utilities of AutoIOT, we conduct a user study (N=20) by inviting

5 expert and 15 non-expert users, whose detailed background information is listed

in Table 3.1. The expert users are PhD students and professors with work or re-

search experience in the IoT field and have developed many IoT applications. We

select human activity recognition using RFID data (XRF55 dataset [115]) as the IoT

application, where a 1D Conv-based ResNet18 is the baseline.

Objective Evaluation. We first repeatedly measure the average task accuracy

(classification accuracy) after executing the synthesized programs, with the results

shown in Fig. 3.15(a). We see that the programs synthesized by the two groups

of users outperform the baseline across multiple trials. Besides, the programs syn-

thesized for experts typically perform better than those for non-experts. The main

reason is that experts tend to provide more information in the specifications (e.g.,

the dataset format, the training workflow). Consequently, AutoIOT can synthesize
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programs with more advanced algorithms and detailed specifications for expert users.

Next, we use SonarQube [123] to verify the correctness of the generated code, in-

cluding bug/logic errors, security issues, and code smells [124] after every improve-

ment iteration. Code smells are not bugs but bad coding styles (e.g., variable name

mismatching regular expression) or potential weaknesses (e.g., package version in-

compatibility). From Fig 3.15(b), we observe that several bugs and one security

issue present initially are ultimately fixed by AutoIOT. AutoIOT may not be able to

address all code smells, as they are closely related to coding styles [125]. Applying

code smell correction to the retrieved algorithms and programs can be promising for

AutoIOT to iteratively detect and fix code smell-related issues.

Subjective Measurement. We ask the users to execute the synthesized programs

and rate AutoIOT based on four subjective metrics: 1) System Utility (SU) measures

the user’s overall satisfaction with AutoIOT’s performance; 2) Requirement Coverage

(RC) evaluates how well the user requirements are fulfilled by AutoIOT; 3) Code &

Documentation Readability (CDR) measures the clarity and structure of the code

and documentation; 4) Generation Efficiency (GE) accesses how acceptable the

waiting time is for synthesizing the final program. All the above metrics are rated

by the users on a scale from 1 (not at all) to 6 (more than expected). As shown

in Fig. 3.15(c), the average GE of both user groups reaches 4.5, indicating that

the waiting time for AutoIOT to synthesize the final program is acceptable for most

users. Additionally, we find that non-experts tend to give higher scores (SU, RC, and

CDR) than experts. Further examination reveals that non-experts tend to under-

specify their requirements. Surprisingly, LLMs can sometimes provide comprehensive

responses to meet their requirements. This ability is rooted in LLMs’ extensive

training on diverse datasets and retrieved online information, enabling them to infer

and bridge the gaps with relevant information [126, 127].
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3.7 Discussion

Runtime Efficiency. AutoIOT focuses on generating functionally correct code for

IoT data processing. While the runtime efficiency of the programs is not optimized,

the users can specify the extra requirements in the prompts. Fig. 3.16(a) shows

an example that, given the user specification, the generated code adopts CUDA

optimization and thereby achieves similar runtime efficiency compared to expert-

optimized programs. This is because AutoIOT can retrieve and learn from hand-

crafted optimizations via various online sources.

Workflow Generalizability. Existing IoT applications can be primarily catego-

rized into four types based on the specific stages of the IoT workflow they address:

1) data collection applications rely on sensors (e.g., IMU and radar) to gather raw

information from the environment; 2) data transmission applications enable seamless

communication across IoT networks to cloud or edge systems; 3) data processing ap-

plications typically adopt advanced algorithms or AI models to analyze and process

IoT data; 4) decision-making and actuation applications parse the processed data

to perform task automation or actuator control. In this thesis, AutoIOT is designed

primarily for IoT data processing tasks by offering end-to-end solutions with exe-

cutable programs. The prompts designed in AutoIOT are not limited to specific data

patterns (time-series or high-dimensional) and processing pipelines (sequentially or
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parallelly). For other IoT application workflows, users can specify the requirements

in the prompt. For example, users can first instruct AutoIOT to develop a WiFi data

collection application. Then, the synthesized program can be deployed on WiFi-

related devices to capture WiFi data. Next, users can further request AutoIOT to

process and analyze the collected WiFi data to perform HAR or other tasks. More-

over, some IoT applications may require executing multiple programs simultaneously

for cross-device communication or synchronization. To tackle such applications, a

possible solution can be deploying multiple AutoIOT agents with advanced collabora-

tion mechanisms for enhanced cross-device and cross-program interaction. We leave

the comprehensive generalization to other types of IoT tasks beyond pipelined data

processing for future work.

Real-World Deployment. We show that AutoIOT can synthesize functionally

correct IoT programs in Python with data processing accuracy as the main perfor-

mance metric. AutoIOT is not limited to specific target IoT platforms. For example,

regarding those resource-constrained MCU-class devices [26, 128], various practical

requirements (e.g., power management and network protocols) of the IoT device can

be factored into AutoIOT’s prompts for program synthesis. Fig. 3.16(b) shows an

example where a user explicitly specifies Jetson Nano, which has limited GPU re-

sources, as the target platform. AutoIOT will then adopt half-precision training and

inference for the AI model to save GPU memory. Moreover, users can even provide

AutoIOT with handbooks of some dedicated IoT devices for reference.

Memorization Issue. In AutoIOT, sometimes the synthesized programs’ perfor-

mance cannot be improved, even after multiple improvement iterations. This is

because LLMs may forget the previous context, resulting in inconsistent code im-

provement suggestions during iterations [129]. In such cases, our user-in-the-loop

optimization allows users to optionally provide instructions that can help the LLM

improve the synthesized programs. For instance, users can explicitly instruct the
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LLM to use the Pan-Tompkins algorithm for ECG data processing. Additionally, we

can further upgrade AutoIOT by adopting existing memorization enhancement meth-

ods, such as context compression via RAG [130] and iterative summarization [131].

By integrating these orthogonal approaches with AutoIOT, each self-improvement

iteration can contribute more positively to the performance of the generated code

with enhanced context consistency.

Privacy Concerns. In AutoIOT, only user requirements are transmitted to the

cloud LLM for processing. We proactively instruct AutoIOT to treat user config-

uration data (e.g., the local file path) as program input. As such, during local

execution, users can directly input the private configurations in the console (§ 3.4.3),

rather than pre-defining them in the prompts for cloud LLMs. To further mitigate

privacy concerns, one possible solution can be deploying a local LLM to handle all

code generation and debugging tasks [39, 5].

3.8 Related Work

Integration of LLMs with AIoT. Existing integration methods have two main

types: 1) Prompt-based methods embed raw sensor data into tailored prompts and

instruct LLMs to perform various AIoT tasks. HARGPT [73] and LLMSense [132]

embed textualized sensor data into prompts to show the proficiency of LLMs in

comprehending IoT sensor data. They require transmitting raw sensor data to

LLM servers, suffering similar issues as Penetrative AI. 2) Fine-tuning-based meth-

ods retrain LLMs with labeled datasets containing sensor data inference examples.

LLM4TS [133] fine-tunes LLMs using sensor data with labels for time-series data

prediction. However, these works demand high compute and memory resources. In

contrast, AutoIOT explores a new approach to automatically synthesizing programs

for AIoT applications without extra overheads.
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Table 3.2: AutoIOT vs SOTA code LLMs

Type Name
Mod.
Gen.

Sys.
Gen.

RAG Auto.
Auto Debug
& Impro.

Code
Gen.

DeepSeek
Coder [134]

✓ ✗ ✗ ✗ ✗

CodeLlama [49] ✓ ✗ ✗ ✗ ✗

WizardCoder [85] ✓ ✗ ✗ ✗ ✗

Task
Auto.

AutoGPT [137] ✓ ✓ ✗ ✓ ✗

MetaGPT [52] ✓ ✓ ✗ ✓ ✗

AutoIOT ✓ ✓ ✓ ✓ ✓

Code LLMs. Recent advances in code LLMs [49, 134] have demonstrated the po-

tential to revolutionize software development. They can produce functionally correct

code across various programming languages and input compiler output into LLMs for

debugging and program refining [135, 136]. However, they require high computing

resources with carefully selected datasets (StarCoder [50] needs an 815GB dataset

and 512 A100 80GB GPUs). Worse still, they are unaware of the latest advances in

highly specialized domains and cannot generate comprehensive solutions for complex

IoT tasks. AutoIOT draws strength from these works and addresses specific technical

challenges in IoT program synthesis, which require ever-evolving domain knowledge

that the above LLMs have not yet assimilated. Table 3.2 compares AutoIOT with

SOTA code LLMs. LLM-based code generation synthesizes functionally correct pro-

grams for a well-defined module, whereas LLM-based task automation generates a

complete automation chain from requirements to solutions. AutoIOT lies at the in-

tersection of these two approaches, with the objective of code generation and task

automation. Additionally, RAG and automated code improvement jointly improve

the code generation process in AutoIOT.
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3.9 Chapter Summary

We propose AutoIOT, an LLM-driven automated natural language programming sys-

tem for AIoT applications. Our system features three novel technical modules: back-

ground knowledge retrieval, automated program synthesis, and code improvement,

transforming natural language descriptions into executable programs. Our experi-

ments demonstrate the competitive performance of AutoIOT in synthesizing programs

for a variety of AIoT applications, with comparable performance in challenging AIoT

tasks and sometimes outperforming some representative baselines. This showcases

the strong potential of exploiting the embedded common knowledge of LLMs to

evolve AIoT application development.
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Chapter 4

Localizing Small Language Models

for AIoT Applications

4.1 Introduction

Large language models (LLMs) [138, 139] are revolutionizing various aspects of

embedded system development and mobile computing, e.g., smartphone task au-

tomation [65], advanced virtual assistants [140], and even IoT data comprehension

[71, 132, 141, 142]. Code LLMs (e.g., WizardCoder [85] and CodeLlama [49]) stand

out as promising tools designed to synthesize programs based on user requirements

described in natural language. As illustrated in Fig. 4.1, the integration of pro-

gramming tools with code LLMs significantly enhances software development by au-

tomating code completion, code generation, bug detection, documentation writing,

etc.

While powerful and promising, when confronted with IoT applications [143, 76,

75, 12, 9, 15, 78, 144] that require special domain knowledge, existing code LLMs

tend to simply provide general solutions with sub-optimal performance (§ 4.2.2).

This is because they focus on general-purpose programming tasks [145] rather than

being tailored to any particular domain. Moreover, IoT-related knowledge and pro-

grams only occupy a small proportion of the datasets which code LLMs were trained
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Figure 4.1: Existing code LLMs need to transmit sensitive data to remote servers. In
contrast, GPIoT features three local SLMs to protect user privacy and reduce query
costs.

on [146]. Consequently, IoT terminologies will be assigned a lower priority during

inference with the generated code less dedicated to the IoT domain (§ 4.2.2). This

motivates the following research question: Can we build a code LLM specially tai-

lored for IoT application code generation tasks? If yes, we can synthesize IoT-related

programs with higher task accuracy and efficiency, offering significant convenience

for IoT developers.

A potential approach can be Retrieval-Augmented Generation (RAG) [147],

which provides LLMs with retrieved domain knowledge to enhance their abilities

in generating accurate and contextually relevant solutions. Existing works [4, 2, 148]

construct a sophisticated LLM+RAG agent to gradually generate code through mul-

tiple intermediate steps via prompts. Nonetheless, they suffer from three main prob-

lems. 1) A powerful LLM with strong language comprehension capability is needed

to learn from the retrieved knowledge. However, cloud LLMs (e.g., GPT-4 [38]) may

suffer from bad network conditions, high costs, and privacy concerns, while local

LLMs (e.g., Llama2-70b [118]) have harsh requirements in system resources (e.g.,

memory and network). 2) Complicated RAG designs (e.g., iterative retrieval [149])

are mandatory to ensure the correctness and high relevance of the retrieved knowl-

edge, with extended processing time. Otherwise, LLMs may fail to focus on the IoT
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context and still provide general solutions [150]. 3) Meticulously designed prompts

are required to ensure that outputs must strictly follow pre-defined formats [151],

which is extremely challenging due to the hallucinations and unreliability of LLMs

[152].

To tackle the above problems, we propose GPIoT, a code generation system tai-

lored for IoT application development by fine-tuning local small language models∗

(SLMs) on IoT-specialized text-generation datasets. This approach has the follow-

ing benefits: 1) The system overhead, privacy leakage, and network instability can be

mitigated, as SLMs have smaller sizes and can be locally deployed without incurring

heavy resource burdens. 2) SLMs tuned on IoT-specialized datasets can generate re-

sponses with significantly enhanced quality and higher relevance to the IoT domain

[39]. 3) As our tuning datasets are well-structured text data, the tuned SLMs can

produce intermediate outputs following the expected format with enhanced stability

and avoid hallucinations.

We implement GPIoT†with three tailored SLMs to handle different stages of IoT

application development: TDSLM for Task Decomposition, RTSLM for Requirement

Transformation, and CGSLM for Code Generation. Though tuning one SLM to

handle all the tasks is possible, it is extremely challenging due to SLMs’ limited

language understanding and processing capabilities [154, 155]. As shown in Fig. 4.1,

TDSLM first decomposes an IoT application into multiple sub-tasks with detailed

descriptions. Next, the descriptions are converted into well-structured specifications

following pre-defined formats by RTSLM. Accordingly, CGSLM further generates a

list of code snippets with detailed documentation. By sequentially executing the

code based on the documentation, the IoT task can be solved. Note that we only

∗We consider SLMs as open-source language models that can be locally deployed and operated
efficiently on commodity GPUs [153] (e.g., Llama2-13b with INT8 quantization requires around 16
GB of GPU memory).

†The models and datasets are available at https://github.com/lemingshen/GPIoT
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fine-tune TDSLM and CGSLM as these two stages require IoT domain knowledge

during inference while RTSLM only needs basic language processing.

In practice, we face three significant technical challenges. 1) Lack of high-

quality data. To the best of our knowledge, there are no IoT-oriented user-

requirement-to-sub-task and sub-task-to-program text-generation datasets. Thus, we

first construct two datasets containing IoT knowledge retrieved from various public

sources, aiming to enhance the task decomposition and code generation abilities of

TDSLM and CGSLM, respectively. Moreover, we design an IoT-oriented text data

augmentation method to enhance the datasets’ quality and diversity, considering

the unique characteristics (e.g., sensor modality and resource heterogeneity) of IoT

applications, thereby enhancing SLMs’ knowledge comprehension and code genera-

tion capabilities for IoT tasks. 2) Domain misalignment between SLMs. The

decomposed tasks generated by TDSLM may fall beyond the scope that CGSLM

can handle due to domain misalignment. This is because the two SLMs focus on

different stages of IoT application development during tuning, which could lead to

thematic inconsistencies in task interpretation and execution (§ 4.2.2). To tackle this,

we propose a parameter-efficient co-tuning (PECT) paradigm featuring a multi-path

Low-Rank Adaptation (LoRA) pipeline. Unlike conventional LoRA tuning that tunes

adapters separately, our designed PECT paradigm enables collaborative fine-tuning

of multiple SLMs with a shared base model but with different adapters, thereby mit-

igating the inconsistency issues and facilitating knowledge sharing between SLMs.

3) Format incompatibility. Decomposed tasks are typically described in natural

language, while the expected inputs of CGSLM should be well-structured. If we

directly use the decomposed task descriptions as prompts to generate code, CGSLM

can not provide programs strictly following user requirements (§ 4.2.2). To address

this, we leverage Chain-of-Thought (CoT) prompting [87] that instructs RTSLM to

transform the descriptions into well-structured specifications step by step. As such,
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CGSLM can better handle the specifications to provide IoT-specialized solutions.

To evaluate GPIoT, we also propose IoTBench, a benchmark to quantify LLMs’

capabilities in synthesizing IoT-related programs. Extensive experiments and a user

study demonstrate that GPIoT can generate code adopting more IoT-specialized algo-

rithms and outperform SOTA code LLMs in terms of task accuracy (more than 64.7%

on average), memory usage (less than 310 MB on average), and user satisfaction. In

summary, we make the following contributions:

• GPIoT presents the first code generation system tailored for IoT application

development featuring privacy-preserving local SLMs tuned on IoT-specialized

datasets.

• We create IoT domain text-generation datasets with a novel augmentation

method tailored for the unique characteristics of IoT tasks, significantly en-

hancing the IoT knowledge comprehension ability of our tuned SLMs. We

also construct IoTBench to evaluate the capability of LLMs in synthesizing

IoT-specialized programs.

• We propose the PECT paradigm, a new LLM tuning method that can collab-

oratively fine-tune multiple SLMs to mitigate their domain misalignment with

facilitated knowledge exchange.

4.2 Background & Motivation

We first revisit existing code LLMs to underscore the importance of constructing

tailored IoT-related LLMs. Then, we conduct some preliminary experiments on

existing LLM+RAG methods to further motivate our work with several challenges

we need to address.
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Figure 4.2: (a) Existing LLMs tend to prioritize general terms; (b) LLM+RAG
systems require multiple cascaded agents.

4.2.1 Code LLM and LLM+RAG

Existing code LLMs aim to synthesize programs and enhance software development

efficiency and accuracy. While they perform well on general and simple programming

tasks (e.g., sorting algorithms), they often struggle with complex problems in the IoT

domain. For example, when prompted to design an R-peak detection method for

electrocardiogram (ECG) data, existing code LLMs can only use the find_peaks()

function, which adopts a general peak detection algorithm rather than a dedicated

one tailored for ECG data (e.g., Pan-Tompkins [104]). The underlying reason is

that IoT knowledge and programs only occupy a small proportion of the training

dataset of code LLMs. As a result, despite being presented with abundant IoT

terminologies in the prompt, LLMs still tend to prioritize and respond with more

general words, due to their higher similarity (shorter distance in Fig. 4.2(a)) within

the vector representation space.

LLM+RAG methods address this by retrieving domain knowledge for reference

and establishing multiple cascaded agents to facilitate information transfer among

modules. For example, in Fig. 4.2(b), multiple LLM-based agents are employed for
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different tasks during development (i.e., domain knowledge retrieval, task planning,

coding, and debugging). Sophisticated prompt design and meticulously structured

intermediate outputs are necessary to ensure that one agent’s output can be ac-

curately parsed and interpreted by another agent. We conduct a preliminary ex-

periment by prompting MapCoder [1], a multi-agent-based LLM+RAG framework,

to synthesize programs for R-peak detection. We repeatedly generate 100 distinct

versions of the programs and analyze them through code review and execution. Sur-

prisingly, we find that only 28% of the programs adopt appropriate IoT-related al-

gorithms to perform R-peak detection. This is because LLM+RAG requires sophis-

ticated RAG design and user prompts. Otherwise, the retrieved knowledge is less

accurate and relevant to the IoT context, and LLMs may fail to focus on the IoT

domain and still provide simple and general solutions [150]. Moreover, this cascad-

ing process inevitably introduces noise and propagates errors [156], leading to a long

self-recover time. More importantly, cloud LLMs suffer from bad network conditions,

high costs, and privacy concerns.

To overcome these challenges, GPIoT fine-tunes SLMs on IoT-specialized text-

generation datasets, as SLMs have smaller sizes and can be locally deployed. Addi-

tionally, by steering the parameter distribution towards the IoT domain via tuning,

SLMs can focus on IoT-related semantic context, generating highly relevant responses

that follow pre-defined formats with enhanced stability.

4.2.2 Preliminary Experiments & Findings

We conduct some preliminary experiments by separately fine-tuning two SLMs on our

manually constructed datasets (§ 4.4.1), i.e., the task decomposition dataset (TDD)

and the code generation dataset (CGD). TDD aims to enhance TDSLM’s capability

to break a problem statement proposed by the user into multiple decomposed tasks

described in natural language. CGD aims to enhance CGSLM’s ability to generate
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Figure 4.3: (a) Directly tuning SLM with simple augmentation only yields small
improvements; (b) Gap between SLMs.

code & documentation for the user based on the decomposed tasks. However, we find

it extremely challenging to ensure the correctness of the generated code. Note that

we use Llama2-13b [118] as the default SLM for demonstration purpose.

Lack of high-quality data. Directly fine-tuning SLMs incurs little performance

gain, even with data augmentation. We first deploy four models: GPT-4o, the orig-

inal SLM, the SLM tuned on TDD, and the SLM tuned on augmented TDD via

Evol-Instruct [157]. Then, we randomly select three IoT problems from TDD and

input them into the four models to obtain a set of responses. Next, we measure

the similarity between the generated responses and the human-crafted references as

ground truth (decomposed tasks) using the BLEU score [158], where a larger value

indicates higher semantic similarity. As shown in Fig. 4.3(a), GPT-4o achieves the

highest score with an acceptable value for such a text-generation task. However, the

scores achieved by tuned SLMs increase slightly even with augmented TDD. Fur-

ther analysis reveals that the solutions provided by the SLMs are either irrelevant

to the IoT domain or contain hallucinations. This is because traditional augmenta-

tion methods (e.g., Evol-Instruct) focus on augmenting linguistic characteristics of

the original text data, which may fall short of effectively capturing intricate rela-

tionships among IoT terminologies. This motivates us to design an IoT-tailored text
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augmentation method to enhance the quantity, quality, and diversity of the original

dataset.

Domain misalignment. Since TDSLM and CGSLM are tuned on distinct datasets

for different tasks, domain misalignment occurs when used in tandem. Specifically,

we feed the task descriptions generated by TDSLM into CGSLM to synthesize cor-

responding programs for each sub-task. Surprisingly, we find that only 53.4% of the

programs can be successfully executed without bugs and only 10.6% of the programs

adopt IoT-specialized algorithms for the IoT tasks. The main reason is that the two

SLMs develop expertise in different domains with knowledge inconsistency during

tuning, hindering the seamless integration of task decomposition and code genera-

tion. As a result, the responses generated by TDSLM may fall outside the scope that

CGSLM can handle. This motivates us to develop a knowledge-sharing strategy be-

tween the two SLMs during tuning so that they can reach a consensus when handling

IoT tasks.

Format incompatibility. TDSLM’s outputs (decomposed tasks) are described in

natural language while CGSLM’s inputs (task specifications) should be well struc-

tured (Fig. 4.3(b)). When we directly feed TDSLM’s output into CGSLM, only 23.6%

of the synthesized programs can be successfully executed. The rest exhibits higher

uncertainty with a lack of confidence in mapping the input task specification to the

desired code [159]. The reason is that CGSLM is more sensitive to well-formatted

inputs as it has been tuned on our dataset with structured text. Though directly

tuning TDSLM to generate well-structured task specifications can be a solution, we

find it challenging due to the limited language processing capabilities of SLMs, which

cannot be sufficiently enhanced through tuning alone. This motivates us to develop

a method to convert the task descriptions in natural language into well-organized

specifications.

To address the above challenges, we propose three key technical modules, i.e.,
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an IoT-oriented text data augmentation method, a Parameter-Efficient Co-Tuning

(PECT) paradigm with a multi-path LoRA pipeline, and a requirement transforma-

tion module.

4.3 System Overview

Fig. 4.4 illustrates the overall architecture of GPIoT, consisting of an offline tuning

stage and an online processing stage.

Offline Stage. The offline tuning stage (the left part in Fig. 4.4) constructs two

IoT-specialized datasets and fine-tunes TDSLM and CGSLM, which will be used

for task decomposition and code generation in the online stage, respectively. We

first build a RAG agent to extract knowledge and programs from various IoT-related

public sources (e.g., websites and articles) to construct high-quality datasets.

Then, we augment the datasets by adopting our IoT-oriented augmentation method

(§ 4.4.1) to enhance their quantity, quality, and diversity. Note that the RAG agent is

only used for high-quality dataset construction during the offline stage. With the two

augmented datasets, we fine-tune two SLMs via our PECT paradigm, where certain

model parameters are collaboratively tuned through a multiple-path LoRA pipeline

with two projection layers for task decomposition and code generation, respectively.

Our PECT paradigm mitigates the domain misalignment between TDSLM and

CGSLM with facilitated knowledge transfer and sharing.
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Online Stage. The online stage (the right part in Fig. 4.4) aims to synthesize IoT-

specific programs based on the user requirement for an IoT application development.

Specifically, GPIoT first leverages Task Decomposition SLM (TDSLM) to decompose

the IoT application into multiple manageable sub-tasks with detailed descriptions

(①∼②). Next, through CoT-based prompting techniques, the sub-task descriptions

will be gradually transformed into well-structured specifications by Require-

ment Transformation SLM (RTSLM) (③∼④). Next, for each sub-task, Code Gen-

eration SLM (CGSLM) accordingly generates a code snippet with documentation

(⑤∼⑥). Users can execute the code sequentially to realize the IoT application based

on the instructions from the documentation (⑦).

SLM Considerations. We consider SLMs as open-source models that can be lo-

cally deployed and operated efficiently on commodity GPUs (e.g., RTX 4070 Ti).

This aligns with the practical constraints of normal users, where local models offer

advantages in terms of cost, privacy, and independence from the cloud. Note that

although there are three SLMs working simultaneously, they share the same founda-

tion model and differ only in some additional tunable parameters, which only occupy

1% of all the parameters. Such a low-cost tuning and inference process stems from

our PECT paradigm, avoiding significant overhead when deploying GPIoT on local

devices.

4.4 System Design

4.4.1 Data Collection & Augmentation

Since there are no text-generation datasets in the IoT domain, we need to first

construct a task decomposition dataset (TDD) and a code generation dataset (CGD).

Note that our datasets contain Q&A pairs in textual form, fundamentally differing

from conventional IoT datasets that typically contain pairs of sensor data and labels.
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Task Decomposition Dataset.

TDD contains pairs of “problem statement → decomposed tasks”, aiming to enhance

TDSLM’s task decomposition ability for IoT problems. The construction process

consists of three stages: raw IoT-related text data collection, data formatting, and

IoT-oriented text data augmentation.

Raw Data Collection. IoT-related research papers contain a huge quantity of

high-quality SOTA applications and algorithms. Moreover, the systems proposed are

comprehensive and functional, which can be decomposed into multiple modules with

clear motivation and implementation details. Therefore, we download IoT-related

papers from several public literature databases‡ as our high-quality data sources,

covering a wide range of IoT topics, such as communication, wireless sensing, edge

computing, etc.

Data Formatting. We need to extract IoT knowledge from the papers and format

it to pairs of “problem statement → decomposed tasks”. Intuitively, we can regard

the proposed system in each paper as an IoT problem, with its technical modules as

the corresponding decomposed tasks. However, two challenges occur if we directly

use such “System → technical modules” pairs for tuning: 1) These module descrip-

tions are typically lengthy, which exceed the context length of SLMs [160]. 2) These

modules are still sophisticated, often containing multiple sub-systems. TDSLM may

struggle to extract IoT-specialized technical concepts and accurately generate man-

ageable components. To tackle this, our insight is that we regard each module as an

individual problem, which can be further decomposed into several manageable sub-

tasks. The disintegrated sub-tasks can be easily handled by TDSLM with reduced

context length.

Fig. 4.5 shows the entire process of how we extract pairs of “problem statement

‡We download papers from public databases via our institution’s certification. The papers are
for research only, adhering to ethical standards.
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→ decomposed tasks” from the papers. Specifically, we first build a RAG agent by

combining the downloaded papers with an LLM (GPT-4o). Based on the provided

context documents, we then prompt (Fig. 4.6(a)) the agent to split the proposed

system in the paper into multiple technical modules with detailed descriptions. Next,

for each technical module, we prompt (Fig. 4.6(b)) the agent to further decompose it

into several sub-tasks with detailed implementation steps. As such, we encapsulate

the problem statement pi of each technical module and the corresponding sub-tasks

ti into a Q&A pair Qi to construct a raw dataset Dt:

Dt = {Q1, Q2, · · · , Qnt}, Qi = (pi, ti) (4.1)

where nt is the total number of technical modules from all the papers. Fig. 4.8(a)
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.

shows a data sample from the dataset. Note that each sub-task is separated by a

blank line, allowing us to parse and split ti into multiple task description strings for

further code generation in a divide-and-conquer way.

IoT-Oriented Data Augmentation. As revealed in § 4.2.2, existing text augmen-

tation methods are ineffective in the IoT domain as they focus on expanding language

characteristics rather than IoT knowledge. As a result, IoT terminologies are still

assigned lower priority during inference, preventing the tuned model from generat-

ing IoT-specialized solutions. To address this, we propose a novel IoT-oriented data

augmentation method that considers unique properties of IoT applications, i.e., sen-

sor modality, data representation, and system resource heterogeneity, as shown in

Fig. 4.7.

Our augmentation considers three aspects: 1) Sensor modality. For the same

IoT problem, we can use different sensor modalities. For instance, to implement

human activity recognition (HAR), we can utilize IMU data, WiFi CSI, etc. 2) Data

representation. For the same modality, we can leverage distinct data representations

to achieve the same task. For example, we can use WiFi CSI, 2D spectrograms,

or extracted Doppler features to implement HAR. 3) Resource heterogeneity. For
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<rewritten prompt1>

<rewritten prompt2>

User Message (𝑝𝑖𝑗)

<Problem Statement>

(b) Augment sensor modality

Figure 4.8: (a) Tuning data sample for task decomposition. (b) Prompt for sensor
modality augmentation.

the same task, various IoT devices require heterogeneous system resources. When

deploying an AI model, smartphones typically have less memory than PCs, requiring

model optimization methods. Based on the three aspects, we prompt (Fig. 4.8(b))

GPT-4o to rewrite and augment each problem statement from Dt. To generate

reference decomposed tasks, we build a search agent to retrieve relevant IoT domain

knowledge and prompt it to produce results. We then manually filter out incorrect

results and craft the formats (i.e., each sub-task is separated by a blank line as

aforementioned). The augmented dataset D′
t is:

D′
t =

3⋃
j

{(pij , tij) | pij = Aj(pi), tij = G(pij)}, ∀pi ∈ Dt (4.2)

where Aj(·) is the j-th type of augmentation operation and G(·) is the black-box

function of GPT-4o.

Remark. We take the diversity of both language expression and IoT characteristics

into account, demonstrating significant performance improvement in task decompos-

ing (§ 4.6.5). Note that the data collection and augmentation processes are both

performed offline.
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API Reference - A Function from SciPy

find_peaks(x, height=None, threshold=None)

This function takes a 1-D array and finds all local maxima 
by simple comparison of neighboring values.
Parameters
- x (array): A signal with peaks.
- height (int): required  height of peaks.
- threshold (int): required threshold of peaks
Returns
- peaks (array): indices of peaks in x.
Examples

Universal Non-Uniform 
Random Number Sampling

Introduction
Random variate generation 
deals with algorithms to 
generate random variates 
from various distributions ……
Workflow
First ……, Then ……, Finally ……
A Simple Example

Example Gallery
A Usage Sample

>>> import numpy as np
>>> from scipy.signal import find_peaks
>>> x = np.random.rand(2000)
>>> peaks, _ = find_peaks(x, height=0)

>>> import scipy
>>> x = ……
>>> output = ……

Figure 4.9: An example of a Python package’s website.

Code Generation Dataset.

CGD contains pairs of “task specification → code & documentation”, aiming to en-

hance CGSLM’s ability in generating IoT-related code for decomposed tasks. The

data construction includes two stages: raw data collection and target diversity-aware

augmentation for different code generation tasks.

Raw Data Collection. Open-source IoT-related Python§ packages (e.g., SciPy

[161]) contain abundant hand-crafted IoT algorithms and applications with high

performance, which can serve as our data sources. Thus, we first collect numerous

public repositories from GitHub and extract Python packages they used, covering

areas of signal processing, machine learning, and data processing (IoT data I/O and

visualization). We then build a web crawler to automatically retrieve information

from each package’s official website.

A package’s website (Fig. 4.9) typically contains two parts: 1) API reference

includes a list of modules (i.e., functions and classes) with comprehensive guidance

on how to use them effectively in code. For example, find_peaks() is a function

from the SciPy package, which identifies the local maxima (peaks) in an input signal

§We focus on Python since it is a cross-platform programming language.
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array and returns the indices of the peaks. We denote the detailed information

of each module as its metadata, mi. 2) Example gallery provides practical usage

samples of how to use various modules and features of the package to implement

specific algorithms. For instance, a usage sample provides detailed documentation

with code about performing universal non-uniform random number sampling using

the SciPy package in an end-to-end manner. We denote the detailed information of

each usage sample as its metadata, uj. By combing these two types of metadata, we

form a raw dataset Dc:

Dc = {mi | ∀i ∈ {1, 2, · · · , nm}} ∪ {uj | ∀j ∈ {1, 2, · · · , nu}} (4.3)

where nm and nu is the total number of modules and usage samples.

Target Diversity-Aware Augmentation. This augmentation aims to enhance

the diversity of the metadata in Dc. We target each module in the packages for two

text-generation tasks: 1) Module Description: providing detailed descriptions of a

module and 2) Module Implementation: writing code & documentation to demon-

strate usage samples of the module. Since the example gallery already contains

abundant algorithms with sample code and detailed descriptions, they can be di-

rectly used as code generation tasks.

1) Module Description. We format the task specification to “Provide detailed descrip-

tions of <module> from <package>.” The corresponding reply contains the module

metadata in a pre-defined format. This Q&A mapping relation from a task specifi-

cation ti to a module description mi is expressed as:

D1 = {ti → mi} (4.4)

Such a “task specification → module description” mapping can teach CGSLM to

be familiar with the module’s information, strengthening the semantic correlation

between the module’s name and the detailed descriptions. Fig. 4.10(a) illustrates a

data sample from D1.
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Module Description Data

System Message
You are a Python programmer in signal 
processing and machine learning. Based 
on the user instruction, generate detailed 
descriptions for the module.

User Message (𝑡𝑖1)

Provide a detailed description of the 
find_peaks() from the Python 
package named SciPy.

Assistant Message (𝑚𝑖1)

The metadata of the module.

(a) Module description

Module Implementation Data

System Message
You are a Python programmer in signal 
processing and machine learning. Based 
on the user instruction, generate Python 
code with detailed comments and doc.

User Message (𝑡𝑖2)

Write some Python code with comments 
and documentation to perform peak 
detection by using the find_peaks() 
from a Python package named SciPy.

Assistant Message (𝑐𝑖  & 𝑑𝑖)
Corresponding code and documentation.

(b) Module implementation

Well-Structured Task Specification (Prompt)

**Target**
Write some code and documentation to 
create a universal non-uniform random 
number generator to sample random 
variates from a wide variety of univariate 
continuous and discrete distributions.

**Input Specification**
- numbers (arr): a stream of uniform 

random numbers.

**Output Specification**
- output (arr): random variates sampled 

from the specified distribution.

(c) Task specification

Input Embedding 𝑿

𝑊𝑞 𝑊𝑘 𝑊𝑣

Q K V

Attention

Add & LayerNorm

FFN

Add & LayerNorm

Out

Input 𝑿

𝑊𝑣
𝐴

𝐵

𝑉′

W
Projection

matrix

LoRA
adapters

LoRA Tuning

(d) Traditional LoRA tuning

Figure 4.10: (a) & (b) Two tuning data samples. (c) Well-structured task specifica-
tion. d) Traditional LoRA tuning paradigm.

2) Module Implementation. We format the task specification to “Write some Python

code with comments and documentation to perform <target> by using <module>

from <package>.” The corresponding reply contains the sample code and documen-

tation that provides the workflow and guidance on how to execute the code. To

obtain well-structured documentation, we prompt GPT-4o to format the module’s

metadata into Markdown. This Q&A mapping relation from a task specification ti

to the corresponding module implementation (i.e., code ci and documentation di) is:

D2 = {ti → (ci, di) | di = G(mi)} (4.5)
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Such a “task specification → module implementation” mapping relationship aims to

enhance CGSLM’s capability in generating code and documentation according to the

module specification. Fig. 4.10(b) shows a data sample from D2.

3) Example Implementation. We format the task specification to a well-structured

Markdown format as shown in Fig. 4.10(c), including the task target and the I/O

specifications for the expected code. Correspondingly, we prompt GPT-4o to con-

vert the usage sample’s metadata into well-structured documentation. This Q&A

mapping relation from a task specification tj to the code cj and documentation dj

can be expressed as:

D3 = {tj → (cj, dj) | dj = G(uj)} (4.6)

This aims to enhance CGSLM’s ability in generating IoT-related code and detailed

documentation following well-structured task specifications. Ultimately, by concate-

nating all three augmented datasets, the final CGD D′
c becomes:

D′
c = D1{ti → mi1} ∪ D2{ti → (ci, di)} ∪ D3{tj → (cj, dj)} (4.7)

IoTBench

To evaluate LLMs’ abilities in task decomposition and code generation for IoT ap-

plications, we create IoTBench, a benchmark of text-generation tasks in the IoT

domain. Specifically, we choose 100 samples from TDD and CGD with manually

created test cases, covering various IoT topics (e.g., signal processing, edge AI, etc.).

All the selected data samples are first manually filtered to ensure correctness and

relevance to the IoT domain. Then, we format the sub-tasks separated by a blank

line in between. Note that although many SOTA benchmarks (e.g., HumanEval [48])

can also evaluate LLMs’ code generation abilities, they are not tailored to IoT tasks.

Besides, the data in IoTBench is excluded from the tuning processes (§ 4.4.2) to test

the generalizability of the tuned SLMs.
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4.4.2 Parameter-Efficient Co-Tuning (PECT)

With the two augmented datasets (D′
t and D′

c), our next step is to fine-tune TDSLM

and CGSLM to enhance their ability in task decomposition and code generation,

respectively. In the following, we first introduce the traditional LoRA tuning method

[60] for SLMs, and then explain our Parameter-Efficient Co-Tuning paradigm.

LoRA Tuning.

Fig. 4.10(d) shows the Low-Rank Adaptation (LoRA) tuning process of a Trans-

former block [162]. Specifically, each Transformer block in an LLM contains two

main components: a self-attention mechanism and a feed-forward network (FFN),

both of which are followed by residual connections and layer normalization. The

self-attention features three tunable weight matrices (Wq, Wk, and Wv) to capture

contextual relationships between input embeddings, while the FFN processes the out-

puts from the attention mechanism to refine the feature representations. In conven-

tional LLM full-tuning, the entire weight matrices are updated, leading to extensive

GPU memory requirements and high computational costs. Instead of fully updating

the weight matrices, LoRA reduces the number of tunable parameters [163, 164],

where two low-rank matrices A and B (i.e., LoRA adapters) are inserted alongside

the weight matrix. Given an input X, the tuning process can be expressed as:

V ′ = (Wv + BA) ·X (4.8)

This reduces the computational burden by only updating the smaller low-rank ma-

trices A and B, significantly cutting down resources.

However, as demonstrated in § 4.2.2, domain misalignment arises when sepa-

rately tuning TDSLM and CGSLM using this vanilla LoRa method. This is because

they focus on two distinct text-generation tasks with different semantic attention,

thereby hindering GPIoT from synthesizing IoT-related programs. To tackle this
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Input Embedding (𝑿)
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Figure 4.11: PECT in one Transformer block with both independently and collabo-
ratively tuned LoRA adapters.

issue, we propose a parameter-efficient co-tuning (PECT) paradigm. Unlike con-

ventional LoRA tuning that tunes adapters separately, PECT enables

collaborative fine-tuning of several SLMs with a shared base model but

with different LoRA adapters. PECT features a Multi-Path LoRA Pipeline

(MPLP) and two lightweight projection layers, which can promote information shar-

ing between TDSLM and CGSLM, thereby narrowing the semantic comprehension

gap between task decomposition and code generation.

Multi-Path LoRA Pipeline.

MPLP selects a subset of shared LoRA adapters to be collaboratively tuned by

TDSLM and CGSLM, with another adapter set independently tuned.

Pipeline Construction. In the lower part of Fig. 4.11, we create three pipelines of

LoRA adapters in each Transformer block. Two pipelines (the orange one and the

green one) are independently tuned by TDSLM and CGSLM with respect to TDD

and CGD. The other pipeline (the gray one) is co-tuned on both TDD and CGD.

For example, given a data sample from TDD, only the orange LoRA adapters and
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gray LoRA adapters are updated, as shown in Fig. 4.11. Note that we only assign

the shared adapters beside the key and value weight matrices (Wk, Wv). The insight

behind this is that the value vector provides the information to be activated based

on the key vector [162]. In other words, the mapping from problem statement to

decomposed tasks and the mapping from task specification to code & documentation

are determined by the key and value vectors in TDSLM and CGSLM, respectively.

Domain misalignment is thus caused by such different mapping relations during

tuning on distinct datasets with disparate semantic focuses. Therefore, by co-tuning

the shared adapters integrated into the key and value vectors, the mapping relations

will be shared between the two SLMs, allowing TDSLM’s outputs to align with

CGSLM’s scope.

Co-Tuning. In Fig. 4.11, we designate the orange line as the task decomposition

path (TDP), through which only data from TDD will pass. The green line is the

code generation path (CGP), through which only data from CGD will pass. The

grey line represents the co-tuning path, through which all data will pass. During

co-tuning, the LoRA adapters will be tuned either independently or collaboratively,

depending on the path they occupy. Specifically, take the adapter alongside the

projection matrix Wk as an example, the key vectors after projection in the two

paths are calculated by:

K1 = (Wk + B1A1 + λ ·BcAc) ·X
K2 = (Wk + B2A2 + (1 − λ) ·BcAc) ·X

(4.9)

where X is the input text embedding, K1 and K2 are the key vectors within TDP

and CGP, respectively. B1A1 and B2A2 are the parameters of LoRA adapters

independently tuned within the two paths, respectively. BcAc are the LoRA adapters

collaboratively tuned by the two paths. λ is a hyper-parameter to balance the data

flow between the two paths. During the co-tuning process, we first randomly sample

data from TDD and CGD. Next, if the data is sampled from TDD, it will pass
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through TDP; otherwise, it will pass through CGP. We then calculate the loss and

update the corresponding LoRA adapters based on the source of the data sample.

Remarks. By orchestrating the independent and collaborative tuning paths, MPLP

dismantles the information barrier between TDSLM and CGSLM, fostering their

consensus during inference and thereby alleviating the misalignment issue.

Projection Layers.

To further enhance knowledge sharing between the two SLMs during tuning, we

create two projection layers for the two paths. We place the projection layers in

parallel with the FFN layers in the Transformer block. As such, they can serve as

extra FFNs that apply non-linear transformations to the attention representations,

thereby enhancing token-level feature extraction and increasing the complexity of the

model’s learning capabilities. By receiving representations from the other path with

enhanced non-linearity, the cross-domain IoT knowledge comprehension capabilities

of the two SLMs will be further strengthened. Specifically, take TDP as an example,

as shown in the upper part of Fig. 4.11, with the obtained value (denoted as x1) from

the LayerNorm in TDP, we feed it into a projection layer L1(·). The output is then

added with the FFN’s output F (x2) and x2 in CGP. The sum will be sent to the next

Transformer block for further processing. Such a knowledge transfer process can be

expressed as:

x′
1 = x1 + F (x1) + γ · L2(x2)

x′
2 = x2 + F (x2) + (1 − γ) · L1(x1)

(4.10)

where x′
1 and x′

2 are the final output of the two paths. x1 and x2 are the input

attention representations from TDP and CGP, respectively. F (·) represents the

FFN layer, L1(·) and L2(·) are the projection layers in the two paths, and γ is a

hyper-parameter to balance the knowledge-sharing between the two paths. Note

that each projection layer has the same architecture as the FFN, consisting of two
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fully connected layers and a non-linear SwiGLU function [165].

Remarks. By combining independent and collaborative tuning of LoRA adapters

with the projection layers, PECT optimizes the task-specific performance of TDSLM

and CGSLM while minimizing domain conflicts. As a result, the decomposed tasks

generated by TDSLM will have closer semantic alignment with CGSLM and thus can

be better handled. Note that during both tuning and inference, the SLMs share the

same foundation model architecture, with the only difference being the LoRA param-

eters shown in Fig. 4.11. Therefore, our proposed PECT paradigm fundamentally

differs from those traditional PEFT approaches that tune SLMs separately.

4.4.3 Requirement Transformation

When cascading TDSLM and CGSLM together, a huge gap exists between TDSLM’s

outputs (decomposed task descriptions) and CGSLM’s inputs (task specifications).

The task descriptions are typically natural language while the task specifications

are well-structured. Directly feeding the task descriptions into CGSLM will lead to

sub-optimal performance of the generated code. To fill this gap, we leverage RTSLM

to transform the descriptions into well-structured specifications. Considering that

RTSLM has limited IoT knowledge comprehension ability, we enhance it with RAG

and several CoT-based prompts to perform requirement transformation.

RAG Construction. To enhance RTSLM’s ability in understanding IoT domain

knowledge during requirement transformation, we first transform all the downloaded

papers into a text embedding database. Then, armed with such an IoT knowledge

database, we build a RAG agent based on RTSLM to retrieve relevant context for

reference. As such, RTSLM can better comprehend and handle IoT terminologies in

the task descriptions during requirement transformation.

CoT Prompting. Fig. 4.10(c) shows an example of a well-structured task speci-

fication for code generation, consisting of three parts: task target, input and out-
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User Target Extraction Prompt

System Message
You are a skilled IoT application developer, 
especially in writing well-structured task 
specifications. Given the task description, 
define and directly output the objective of 
the task. Example: develop a R-peak 
detection algorithm for ECG data.

User Message (𝑡𝑖)
Task 1 [Task Name]
- Implementation step 1
- Implementation step 2 ……

(a) User target extraction

Input/Output Specification Extraction Prompt

System Message
You are a skilled IoT application developer, 
especially in writing well-structured task 
specifications. Given the task description, 
define the input/output specifications for 
the expected code. The output must be in 
the following format:
- Param 1 (type): description ……

User Message (𝑡𝑖)
Task 1 [Task Name]
- Implementation step 1 ……

(b) I/O specification extraction

Figure 4.12: CoT-based prompts for RTSLM.

put specifications of the expected code. For each decomposed task ti generated by

TDSLM, we prompt the agent to generate such well-structured specifications step-

by-step. Specifically, we first prompt (Fig. 4.12(a)) the agent to summarize a target

for the task. Next, we further instruct (Fig. 4.12(b)) the agent to generate a list of

parameter descriptions for the input and output of the expected code. Each single

parameter description item contains the parameter name, the parameter type, and

a brief explanation of its meaning. For example, “signal (numpy.ndarray): the raw

ECG data collected from patients with noises.” Finally, RTSLM reorganizes and for-

mats the above information into a well-structured task specification, which will be

further handled by CGSLM to generate corresponding code snippets and documen-

tation.

Remarks. Note that tuning is excluded in this process since it only needs basic

language comprehension and processing capabilities of RTSLM. Therefore, RTSLM

shares the same base model without additional tunable LoRA parameters to perform

the transformation.
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4.5 Experiment Setup

4.5.1 Implementation

System Configurations. We deploy GPIoT on an edge PC equipped with an RTX

4090 GPU (24 GB). We use selenium [166] to create a web crawler for data retrieving

from public websites. To perform data formatting and augmentation, we construct

an agent based on GPT-4o and LangChain [91]. For SLM tuning, we use a high-

performance cloud server with an NVIDIA A100 GPU (80 GB).

Hyper-parameters. TDD contains 36,098 pairs of “problem statement → decom-

posed tasks”. CGD contains 35,419 pairs of “task specification → code & documen-

tation”. Llama2-13b [118] with INT8 quantization serves as the foundation model

and is fine-tuned via LoRA [60], with a rank of 64 and a dropout rate of 0.1. The

number of tuning epochs is 5, with an initial learning rate of 0.0001, varied by a

cosine learning rate scheduler. The λ in Eq. 4.9 and the γ in Eq. 4.10 are both set

to 0.5 by default. The tuning process takes around 80 GPU hours. Since TDSLM,

RTSLM, and CGSLM share the same foundation model, only about 16 GB of GPU

memory is needed for the whole system, which is affordable for a commodity GPU

[167].

4.5.2 IoT Applications

Considering the different technologies required during development, we select three

IoT applications, focusing on healthcare and edge computing. 1) Heartbeat

Detection (HD) is essential for continuously monitoring patient vitals with en-

hanced healthcare and ensuring timely intervention in case of abnormalities [68].

We instruct GPIoT to develop a heartbeat (R-peak) detection algorithm and test

it on the MIT-BIH dataset [100]. 2) Human Activity Recognition (HAR)

[73, 168, 169, 170, 171] deployed on edge devices is important for real-time analysis
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of daily human activities. We instruct GPIoT to develop a WiFi-based HAR model

using the WiAR dataset [172] and deploy it on a Jetson Nano board that has lim-

ited resources [173]. 3) Multimodal HAR leverages different sensors to capture

complementary information, thereby enhancing HAR systems’ robustness and ver-

satility [174]. We instruct GPIoT to construct a multimodal HAR model based on

the Harmony dataset [69], which contains three sensor modalities: audio [175], depth

camera, and radar [18].

Notes: HD requires signal processing methods, HAR demands technologies in both

signal processing and machine learning, and multimodal HAR necessitates advanced

multimodal processing algorithms. Though we use HD as an example for demon-

stration throughout the paper, all the tasks are unseen to GPIoT.

4.6 Evaluation

4.6.1 Metrics

We compare the programs synthesized by GPIoT and several baselines by measuring

the following evaluation metrics.

HD. 1) Precision: The fraction of correctly detected R-peaks out of all detected

peaks: TP
TP+FP

. 2) Recall rate: The proportion of correctly detected R-peaks out of

all actual R-peaks: TP
TP+FN

. The larger these two metrics are, the more accurate the

heartbeat detection becomes.

HAR. 1) Classification accuracy : The portion of the test data that is correctly

classified based on the label. A higher accuracy implies a more robust and accurate

HAR model. 2) GPU memory usage: The amount of GPU memory used during

model inference. 3) Inference time: The time it takes from feeding the data into the

code to the generation of the recognition result. The less memory and inference time

consumed, the more resource-efficient the HAR model is.
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4.6.2 Baselines

Given the same user problem, we input it into the following baselines to compare

their performance with GPIoT (GT). 1) GPT-4o (G4) [38] is an advanced LLM

from OpenAI, optimized for instruction following and code generation tasks. 2)

DeepSeek-Coder (DC) [134] is a high-performance code LLM, particularly ef-

fective in understanding and generating programming code across various domains.

3) CodeLlama-34b (CL) [49] is a specialized version of the Llama designed to

generate, understand, and assist with coding. 4) WizardCoder-33b (WC) [85]

incorporates complex instruction fine-tuning by adopting evolving instructions. 5)

CodeQwen-7b (CQ) [176] is the Code-Specific version of Qwen1.5, which is a

decoder-only LLM pre-trained on a large amount of data of programs. 6) GitHub

Copilot (GC) [41] is an AI-powered code generation tool that assists developers by

suggesting code snippets and functions. 7) MapCoder (MC) [1] is an LLM+RAG-

based code generation framework that cascades multiple LLM-based agents to solve

competitive problems, where GPT-4o is selected as the built-in LLM.

We access GPT-4o and DeepSeek-Coder via API keys, interact with GitHub

Copilot via Visual Studio Code’s chat window, and deploy the rest on an edge server.

Note that to our best, currently there is no LLM-based program synthesis system

tailored for IoT application development. Therefore, we choose some SOTA code

generation LLMs and systems as our baselines.

4.6.3 Application Evaluation

With the two problem statements (Fig. 4.13) designed for the three IoT applications,

we input them into GPIoT and the baselines to synthesize 20 different programs for

each task. We then evaluate their performance based on the metrics described in

§ 4.6.1.
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Heartbeat Detection (User Input)

Given the ‘MIT-BIH’ Arrhythmia Dataset, 
write Python code to perform R-peak 
detection for all the signal records in the 
dataset. The code should also output the 
detection accuracy for each data.

**Code Input**
1. The local file path to the dataset
**Code Output Format**
Case {ECG data record name}
Detection accuracy: 91% ……

**Remarks**
The dataset folder contains several data 
samples, each of which contains four files, 
i.e., ‘.atr’, ‘.dat’, ‘.hea’, and ‘.xws’.

(a) Problem statement for HD

Human Activity Recognition (User Input)

Given the WiFi-based Activity Recognition 
(WiAR) dataset, write some Python code 
to perform human activity recognition. 
First split the dataset into ‘train’ and ‘test’ 
parts. Then, train an AI model to output 
the recognition accuracy of the test data.

**Code Input**
1. The local file path to the dataset
**Code Output Format**
The average recognition accuracy: 91%

**Remarks**
The dataset is a NumPy array with a shape 
of (450, 90, 250), containing 15 activities 
with each repeated 30 times.

(b) Problem statement for HAR

Figure 4.13: Problem statements of the two applications (HAR and multimodal HAR
share a similar prompt).
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Figure 4.14: The overall performance of HD.

HD

As shown in Fig. 4.14, the code generated by GPIoT significantly outperforms all

the baselines, with an average precision gain of 64.7% and an average RR increase

of 16.9%. It’s also worth noting that CodeLlama, WizardCoder, and CodeQwen

achieve moderate RR (above 80%) but exhibit lower precision. With further anal-

ysis of the code, we find that they all adopt a simple peak detection function,

scipy.signal.find_peaks(), which typically fails when handling abnormal ECG

data from patients. As a result, the detection results contain numerous false positives

with low precision. Additionally, after reviewing the code generated by MapCoder,
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Figure 4.15: The overall performance of HAR.

we observe that it incorporates more advanced heartbeat signal processing algorithms

(e.g., bandpass filtering and adaptative thresholding). However, the final program

exhibits a significant performance drop compared with other baselines. This is be-

cause heartbeat detection is a relatively simple IoT application that does not require

highly sophisticated planning and iterative debugging. Integrating many advanced

algorithms into a simple signal-processing program may lead to inconsistency issues.

In other words, the heartbeat signal may be over-processed by these algorithms,

leading to degraded performance. [177, 178]. On the contrary, the code generated

by GPIoT utilizes dedicated algorithms (e.g., Pan-Tompkins) for R-peak detection

due to embedded IoT domain knowledge during tuning, consistently achieving high

precision and RR.

HAR

In this evaluation, for all the generated HAR models, we set the training epochs to

10 and the batch size to 32 for a fair comparison. Besides, during our implementa-

tion, we find that after around 15 training epochs, all the models gradually converge.

Therefore, we compare the model performance at the 10th epoch. As shown in

Fig. 4.15(a), the program synthesized by GPIoT achieves a 17.2% higher accuracy

with 47.8% less GPU memory and 38.3% shorter inference time on average. By an-

alyzing the generated code, we find GPIoT applies: 1) a data preprocessing method,
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Butterworth low-pass filtering, on the WiFi data, considering that the low-frequency

components of WiFi CSI are primarily influenced by human activities [179]. 2) an

augmentation method tailored for IoT data (e.g., time-frequency masking [180]) on

the WiFi signal to further enhance the diversity of the dataset. 3) a CUDA opti-

mization mechanism [181] to reduce GPU memory usage while enhancing runtime

efficiency. In contrast, the baselines directly input raw WiFi data into HAR mod-

els without GPU optimization, leading to diminished performance and heightened

memory consumption. Moreover, the error bar of GPIoT is smaller than that of the

baselines, indicating that GPIoT generates more stable responses with a more robust

performance of the synthesized program. Note that MC can synthesize programs

with competitive performance since HAR is a more complex application. Such ad-

vancements of GPIoT originate from our meticulously crafted IoT-specialized datasets

and the PECT paradigm, which embeds abundant IoT domain knowledge from our

datasets into the tuned SLMs for more consistent outputs.

Additionally, considering that our HAR model is deployed on edge devices with

various resource constraints [182, 183, 27, 184, 128], we involve different resource

requirements in the prompts for the generated code to facilitate a more comprehen-

sive evaluation. Specifically, we first design a base prompt: “I need to deploy the

HAR model on Jetson Nano” (P1) without any resource specifications. Based on

P1, we then create three variations by adding different resource constraints: “Do

not consider any resource constraints but only model accuracy” (P2), “The GPU

memory usage should not exceed 200 MB” (P3), and “The GPU memory should not

exceed 50 MB” (P4). We then instruct GPIoT to synthesize 20 different versions of

programs using each of the prompts above. After executing the programs with the

same configurations, we record the average classification accuracy and GPU memory

usage, as shown in Fig 4.19(b). We find that: 1) Given P2, GPIoT can construct an

AI model with a large number of parameters to achieve ultimate performance, with
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Figure 4.16: The overall performance of multimodal HAR

its classification accuracy approaching nearly 100%. 2) Given P3, GPIoT can adopt

a smaller model within the resource budget (i.e., GPU memory usage not exceeding

200 MB) with a slight performance drop. 3) Given P4, GPIoT employs a highly op-

timized model requiring only approximately 50 MB of GPU memory, resulting in an

acceptable accuracy drop of 5%. These results demonstrate that GPIoT can generate

code tailored to different resource budgets, stemming from our IoT-Oriented Data

Augmentation method, which augments data samples considering resource hetero-

geneity of target devices in IoT applications.

Multimodal HAR

We further instruct GPIoT to synthesize programs for the multimodal HAR applica-

tion, aiming to evaluate its programming ability for more complex tasks. As shown

in Fig. 4.16, compared with the baselines, the program synthesized by GPIoT achieves

an average accuracy improvement of 13.44% while requiring moderate GPU mem-

ory and inference time. After reviewing the source code, we find that both GPIoT

and the baselines train three encoders to first extract useful features from different

modalities, followed by a classifier to recognize the corresponding activity. However,

the program synthesized by GPIoT adopts some model optimization methods (e.g.,

quantization or pruning) and data augmentation methods tailored for IoT sensor

data (e.g., time-frequency masking). As such, the synthesized program can train
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a memory-optimized model while maintaining high classification accuracy. These

results indicate that, benefiting from our SLM tuning, the program synthesized by

GPIoT can incorporate more IoT-specific data processing and model optimization

algorithms, thereby achieving high performance even for multimodal HAR.

4.6.4 Breakdown Evaluation

We separately evaluate TDSLM and CGSLM on IoTBench to explore the effec-

tiveness of fine-tuning in the IoT domain.

Metrics

We adopt different metrics for the two SLMs.

TDSLM. 1) BLEU : we measure the BLEU score [158] between the generated decom-

posed tasks and the reference from IoTBench. A larger BLEU score indicates higher

semantic similarity and higher task decomposition quality. 2) Format Correctness

Rate (FCR): the portion of TDSLM’s outputs that correctly separate each decom-

posed task with a blank line for the convenience of further processing. This aims to

quantify TDSLM’s instruction-following and text-formatting abilities. 3) Sub-Task

Completeness (STC): we invite 10 IoT experts to assess the extent to which the

decomposed tasks cover all essential parts of the application based on the reference.

CGSLM. 1) Code embedding similarity : we use CodeT5+ [185] to convert code

snippets into embeddings and compute the cosine similarity between embeddings of

the generated and reference code. A higher similarity indicates a stronger ability to

generate IoT-related code. 2) Pass@k : we measure the pass@k value by calculat-

ing the portion of programs that pass all the test cases. A higher value indicates

better performance of the generated code. 3) User Requirement Coverage (URC):

we first ask the users to execute the generated code and review the documentation.

Next, they are asked to evaluate the extent to which the generated code and doc-
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Figure 4.17: Breakdown evaluation on TDSLM.

umentation fulfill all the user requirements. 4) Code quality : we assess the quality

of the generated code by adopting a commercial-off-the-shelf (COTS) code quality

verification tool, SonarQube [123], detecting bug/logic errors, security issues, and

code smells [124]. Code smells are not bugs but bad coding styles (e.g., variable

name mismatching regular expression) or potential weaknesses (e.g., package version

incompatibility). Note that STC and URC are user-related metrics, which are rated

on a scale from 1 (not at all) to 5 (completely).

TDSLM

We input each problem statement from IoTBench into TDSLM and the baselines

to generate 20 different decomposed tasks and calculate the average BLEU score,

FCR, and URC. From Fig. 4.17, we observe: 1) The decomposed tasks generated

by TDSLM achieve a 48% higher BLEU score than the baselines on average, in-

dicating a stronger decomposition ability for IoT tasks. 2) TDSLM achieves 99%

FCR, indicating remarkable stability to generate intermediate output (decomposed

tasks) based on pre-defined formats. 3) TDSLM also achieves a 28% higher STC on

average, showcasing strong abilities in understanding IoT knowledge and generating

comprehensive decomposed tasks for IoT applications. Such superior IoT task de-

composition and data formatting performance of TDSLM originate from the tuning

process on TDD with our IoT-oriented text data augmentation method.
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GT G4 CQ MC
System name

0

5

10

15

O
cc

ur
re

nc
e

Bugs
Security
Code Smells

(a) Code quality evaluation

P1 P2 P3 P4
Different prompts

94

96

98

100

A
cc

ur
ac

y 
(%

)

0

100

200

300

G
PU

 (M
B

)

Accuracy
Memory

(b) Specifying resource constraints

Figure 4.19: (a) Evaluating GPIoT’s performance using prompts with different re-
source constraints. (b) Evaluating the quality of the code generated by CGSLM
using SonarQube.

CGSLM

We input each task specification from IoTBench into CGSLM and the baselines

to generate 20 different code & documentation. We then report the average code

embedding similarity, pass@1, pass@5, URC, and the number of various issues de-

tected by SonarQube. by executing and reviewing the code. For comparison, we

also report the pass@1 achieved by CodeLlama on a general-purpose programming

benchmark, HumanEval [48]. From Fig. 4.18 and Fig. 4.19(a), we observe that: 1)

1) CGSLM achieves an 18% higher code embedding similarity than the baselines on

average, implying stronger capability and generalizability in generating IoT-related

code snippets. 2) CGSLM achieves higher pass@1 and pass@5 than the baselines,

with an average increase of 21.5% and 31%, respectively, showcasing higher quality
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Figure 4.20: Ablation of IoT-oriented augmentation (A.).

and accuracy of the generated code for solving IoT tasks. 3) Nearly all the base-

lines achieve much lower pass@1 for IoT programming tasks than CodeLlama on

HumanEval due to limited capabilities in the IoT domain. 4) Users show a stronger

preference for CGSLM over the baselines, with an average increase of 23% in URC. 5)

The program synthesized by CGSLM contains fewer bugs, security issues, and code-

smell-related issues. This is primarily because, CGSLM, fine-tuned on our manually

crafted datasets, can synthesize programs with enhanced code quality. Such superior

abilities of CGSLM in generating IoT-related code snippets with high URC stems

from our co-tuning on CGD with well-structured data. Consequently, CGSLM can

generate code adopting more IoT-specific algorithms following task specifications.

4.6.5 Ablation Study

We conduct an ablation study by removing some proposed technical modules to

investigate their importance to GPIoT.

IoT-Oriented Data Augmentation.

We directly tune TDSLM on the raw dataset without our IoT-oriented data augmen-

tation, which contains only 273 data samples. We then evaluate the tuned model

on IoTBench and report the average BLUE score, FCR, and STC. As shown in

Fig. 4.20(a), without our augmentation, the tuned model exhibits a substantial per-
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Figure 4.21: Ablation of PECT (P. in the figure).

formance decline across all metrics, much lower than GPT-4o. The main reason is

that the raw dataset lacks generalizability and diversity in the IoT domain, which lim-

its the tuned SLM’s ability to decompose IoT problems into manageable sub-tasks,

occasionally leading to incorrect results due to hallucinations. As a result, if we

use such an insufficiently tuned TDSLM for heartbeat detection, GPIoT still adopts

a simple peak detection algorithm, leading to significant performance degradation

of the generated code in both precision and recall rate (Fig. 4.20(b)). The results

demonstrate the importance of our IoT-oriented text data augmentation method in

improving TDSLM’s capability in task decomposition and IoT domain knowledge

comprehension.

PECT

We separately fine-tune TDSLM and CGSLM on their own datasets without our

PECT paradigm. We then evaluate the performance of the tuned CGSLM on IoT-

Bench and measure the average code embedding similarity, pass@1, and URC. As

shown in Fig. 4.21(a), without PECT, the code generated by CGSLM exhibits perfor-

mance degradation across all the metrics. This is because some IoT domain knowl-

edge possessed by TDSLM cannot be shared with CGSLM. As a result, CGSLM

cannot handle some programming tasks that are out of the scope, providing sim-

ple programs with degraded performance. However, even such insufficiently tuned
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Figure 4.22: Ablation of requirement transformation.

CGSLM still outperforms GPT-4o, highlighting the advantage of fine-tuning in en-

hancing IoT-related code generation ability. Furthermore, without PECT in the

HAR task, the final code neither adopts data pre-processing methods nor designs

high-performance neural networks, leading to decreased classification accuracy, as

shown in Fig. 4.21(b). The results confirm the importance of our PECT paradigm in

mitigating the domain misalignment issue and facilitating the IoT knowledge sharing

between TDSLM and CGSLM.

RTSLM

We directly feed the natural-language-described decomposed tasks from TDSLM into

CGSLM. We then compare the performance of the generated code by GPIoT, GPIoT

without RTSLM, and GPT-4o. As illustrated in Fig. 4.22, without RTSLM, we

find that: 1) In HD, GPIoT tends to generate code unrelated to the IoT domain

with substantial precision degradation but a high recall rate. This implies that the

heartbeat detection results contain numerous false positives. 2) In HAR, GPIoT

designs a basic HAR model with only a few simple layers, leading to a notable

accuracy drop. These results highlight the importance of RTSLM in aiding CGSLM

to understand the decomposed tasks generated by TDSLM, thereby improving its

code generation ability for IoT applications.
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4.6.6 User Study

We conduct a user study to evaluate the functionality, generalizability, and overall

satisfaction of GPIoT for IoT application development. Specifically, with GPIoT de-

ployed on an edge server, we invite 5 experts and 15 non-experts in IoT and ask

them to freely express their requirements for any IoT application development that

requires signal processing or AI technologies. By sequentially executing the generated

code based on the instructions in the documentation, we ask the users to rate GPIoT

based on five metrics: 1) Overall Code Performance (OCP) evaluates the over-

all performance of the generated code on corresponding test data considering task

accuracy, runtime efficiency, and resource consumption; 2) Code & Documentation

Readability (CDR) measures the clarity and structure of the code and documen-

tation; 3) Generation Efficiency (GE) accesses how efficiently GPIoT operates in

terms of speed and resource usage to produce the final results; 4) Code Modularity

(CM) judges whether the code is properly modularized for easy reuse and extension;

5) User Satisfaction (US) captures users’ feedback regarding their overall personal

experience. All the above metrics are rated by the users on a scale from 1 (not at

all) to 5 (completely). Github Copilot, DeepSeek-Coder (cloud), CodeLlama (local),

and MapCoder (agent) serve as representative baselines for comparison.

As shown in Fig. 4.23, we observe: 1) GPIoT significantly outperforms the base-

lines in terms of OCP and US. The main reason is that, tuned on our IoT-specialized

datasets, GPIoT can generate code containing more dedicated algorithms with bet-

ter performance. Therefore, the users provide a higher score for GPIoT regarding the

overall code performance and user satisfaction. 2) GPIoT achieves similar scores to the

baselines in terms of CDR and CM, because our datasets mainly focus on generating

IoT-related code snippets. Therefore, the readability of the code and documentation

are not explicitly enhanced via tuning. 3) GPIoT gets a lower GE score as it performs
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Figure 4.23: User study on different tasks.

requirement transformation and code generation for each decomposed task. Never-

theless, we can enhance its efficiency by adopting various LLM inference and serving

optimization methods [186]. Additionally, during our implementation, we find that

MapCoder costs around $20 to synthesize a program for a single IoT application

while GPIoT incurs no query costs. The inferior performance of MapCoder may be

attributed to the fact that LLM+RAG-based agents typically incorporate multiple

modules to generate intermediate results in a cascaded manner, making them sus-

ceptible to unstable networks. This yields longer generation time, prohibitive token

costs, and degraded user experiences. The user study results demonstrate the su-

perior performance of GIoT in synthesizing IoT-related programs in an end-to-end

manner, with the ability to generalize to other unseen IoT applications.

4.7 Discussion

System Cost of GPIoT. In GPIoT, though there are three SLMs (i.e., TDSLM, RT-

SLM, and CGSLM) operating simultaneously in GPIoT, they share the same foun-

dation model architecture and only differ in a small subset of tunable parameters

(§ 4.4.2). Moreover, though LLM+RAG systems (e.g., MapCoder) require less mem-

ory (no more than 1 GB), GPIoT does not need sophisticated prompt design and
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requires a shorter generation time for the final output (§ 4.6.6).

Applicability to Resource-Constrained IoT Devices. The main focus of GPIoT

is generating domain-specific and high-quality code for IoT application development.

Considering the resource heterogeneity of various IoT devices for data processing,

our IoT-Oriented Data Augmentation method (§ 4.4.1) augments the original task

decomposition dataset by considering various resource requirements of different tar-

get platforms for IoT application development. Further experiments (Fig. 4.19(b))

demonstrate the effectiveness of GPIoT in handling different resource requirements

with optimized models.

Generalizability of GPIoT. Existing IoT applications can be categorized into four

types based on the functionality they deliver: data collection, data transmission, data

processing, and decision-making. Data collection, transmission, and decision-making

have been extensively studied using fixed programs. For instance, manufacturers

typically provide COTS sample code for sensor data collection [187]. In contrast,

IoT data processing demands more complex algorithms due to fluctuating sensor

data with noises and various resource constraints. Therefore, GPIoT focuses on IoT

data processing tasks by offering end-to-end solutions with executable programs. We

believe that the general workflow (i.e., task decomposition → requirement transfor-

mation → code generation) of GPIoT can be applied to other programming tasks. In

future work, we plan to comprehensively assess GPIoT in other complex programming

tasks.

4.8 Related Work

Code LLMs & Programming Copilot. Code LLMs have significantly impacted

the field of code generation, with prominent examples such as CodeLlama [49] and

DeepSeek-Coder [188]. Trained on vast datasets comprising diverse code repositories,
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these models are capable of synthesizing programs based on user requirements, effec-

tively bridging the gap between natural language and code. One notable application

is GitHub Copilot, an LLM-powered assistant that provides real-time code sugges-

tions and auto-completion. Though powerful and promising, existing code LLMs and

copilots are primarily designed for general-purpose programming, lacking customiza-

tion to the IoT domain when tasked with IoT applications. GPIoT addresses this

by tuning local SLMs on IoT-specialized text-generation datasets with scrupulous

augmentation. Additionally, by locally deploying GPIoT, it can potentially serve as

a copilot for IoT application developers, enhancing task accuracy and development

efficiency in a privacy-preserving manner.

Data Augmentation for LLMs. Existing text augmentation methods [189, 190]

for LLM tuning harness the advanced language processing capabilities of powerful

LLMs (e.g., GPT-4) to synthesize diverse and high-quality text data. These methods

have two categories: 1) Depth-based augmentation [157, 191] aims to increase the

complexity of the original text data by adding constraints, concretizing the problem,

and increasing reasoning steps. 2) Breadth-based augmentation [192] directly uses

powerful LLMs to rewrite the original text data and generate a completely new

instruction. However, these augmentation methods focus on linguistic characteristics

rather than the IoT domain knowledge. In GPIoT, we propose a novel IoT-oriented

text augmentation method tailored for the IoT domain, considering unique features

of IoT applications, i.e., sensor modalities, data representations, and system resource

constraints.

4.9 Chapter Summary

We present GPIoT, a tailored local code generation system that synthesizes programs

with documentation based on user requirements for IoT application development.
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Armed with two IoT-specialized text-generation datasets, the IoT-oriented augmen-

tation method, and our PECT paradigm, GPIoT can generate more IoT-related code

in a privacy-preserving way, achieving enhanced task accuracy and user satisfaction

for IoT application development. As IoT technologies are emerging rapidly, it is also

worthwhile to explore the construction of a dynamic IoT knowledge database and

continuous fine-tuning of local SLMs in the future.
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Chapter 5

Fully Autonomous and Adaptive

Agentic Workflows for AIoT

Development

5.1 Introduction

Edge AI integrates AI techniques with heterogeneous mobile devices to enable per-

ception and actuation in real-world environments [8, 193, 194, 195, 196], facilitating

various applications such as smart sensing [197, 198, 199], healthcare [200, 201], and

autonomous driving [202, 203, 204, 205].

Developing such applications, however, relies on substantial domain expertise of

developers, who have to analyze multimodal datasets, design complex signal process-

ing pipelines, train AI models under diverse constraints, and deploy them on mobile

devices with heterogeneous runtimes [206]. Consequently, recent works [7, 6] build

LLM-based agentic systems to automate this process by leveraging LLMs’ code gen-

eration capabilities and embedded domain expertise∗. These systems can translate

user requirements into executable edge AI programs based on handcrafted, prede-

fined agentic workflows, chaining modules such as knowledge retrieval, task planning,

code generation, and iterative refinement [3, 61].

∗General coding assistants like GitHub Copilot [41] often achieve suboptimal performance as
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Figure 5.1: Previous works handcrafted fixed agentic workflows to synthesize pro-
grams. SE2 autonomously explores and selects the next atomic operation in program
synthesis to meet diverse edge AI requirements.

Fixed agentic workflows, however, often struggle to handle diverse edge AI tasks

in real-world scenarios (Fig. 5.1, left). In practice, edge AI tasks may span numerous

mobile devices, heterogeneous runtime environments, and dynamic performance and

resource constraints. As our study reveals (§ 5.2.1), even well-engineered agentic

systems may struggle to accommodate such variability, suffering from inflexibility,

limited adaptability, and high maintenance costs [207].

The root cause is that fixed workflows are often constrained by the specific as-

sumptions and development experiences of workflow designers. In practice, develop-

ers must explicitly enumerate workflow steps and handcraft detailed prompts that

regulate agent actions for each. As a result, LLMs solely function as code-generators

following predefined instruction flows. Yet, a key strength of LLMs remains under-

explored: their reasoning capabilities, i.e., the ability to make decisions in response

to dynamic context information. This gap motivates a key research question: Can

we harness LLMs’ reasoning capabilities to autonomously construct adaptive work-

flows to meet the ever-changing requirements of edge AI development? If successful,

we could shift the burden of workflow design from developers to AI agents, enabling

more flexible, adaptive, and scalable edge AI application development.

they lack domain knowledge of mobile devices [4, 5].
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Moving toward such a self-exploring and self-evolving agentic paradigm, we pro-

pose SE2 that leverages LLMs’ reasoning abilities to autonomously construct distinct

workflows for various edge AI tasks. The core insight is inspired by human learning

processes, which involve iterative knowledge acquisition, reasoning, practice, and re-

flection on accumulated experiences. Likewise, an SE2 agent explores its workflow

and evolves through iterations of reflection and exploration. Building upon this vi-

sion, we distill edge AI development into four atomic operations (retrieve, reason,

code, test), which serve as meta building blocks of agentic workflows (Fig. 5.1,

right). The SE2 agent autonomously selects the next appropriate meta operation

based on its reasoning about the current state and accumulated context, thereby

flexibly adapting to diverse edge AI scenarios. In addition, our SE2 agent evolves

through self-reflection, rather than blindly adhering to rigid workflows.

Nevertheless, three unique technical challenges needed to be addressed, calling

for novel design and implementation:

❶ Limited long-context reasoning capability. It is inefficient and impractical

to rely on a single agent to perform all the atomic operations due to the limited long-

context reasoning abilities of current LLMs, even if they have large context windows

[208]. To tackle this, we adopt a hierarchical coordinator-actor agentic architecture,

where a coordinator agent maintains a global view and autonomously orchestrates

four task-specific atomic agents, i.e., retriever, reasoner, programmer, and tester.

As we report in detail (§ 5.4), this modular division of cognitive tasks effectively

reduces reasoning complexity for agents over long contexts and fosters interpretable

and traceable decision-making.

❷ Lack of in-depth understanding of edge devices. Our feasibility study

(§ 5.2.2) found that, even augmented with detailed device specifications, LLMs still

struggle to generate executable and performant edge AI programs. The root cause

is that LLMs lack runtime feedback from real-world mobile devices. Consequently,
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the generated code often overlooks critical operational semantics and hardware con-

straints (e.g., CPU architectures, environment affinity, and memory allocation). To

address this issue, we propose a mobile runtime feedback mechanism that encodes

grounded, runtime-level semantics and conveys them to SE2 agents as actionable

feedback, thereby closing the loop for optimization and iteration.

❸ Inability to adapt to evolving Edge AI tasks. Simply relying on vanilla

LLMs for decision-making cannot cope with the emerging and evolving edge AI

environments and requirements. To enhance the adaptability of the coordinator as

well as the atomic agents, we adopt reinforcement fine-tuning (RFT) [209] with

an ensemble mutual-actor-critic strategy to improve their domain-specific reasoning

capabilities. In addition, we design several continuously self-evolving graders to

evaluate the reasoning quality in edge AI contexts and provide adaptive feedback to

the RFT loop. This approach enables agents to acquire new domain knowledge over

time and agilely adjust their workflows to handle previously unseen scenarios and

edge cases.

We fully implement SE2 and comprehensively evaluate it against 8 SOTA meth-

ods on an edge AI code-generation benchmark and three representative multimodal

edge AI applications (human activity recognition, vision-language understanding, and

autonomous driving), spanning distinct modalities, reasoning complexity, and real-

world constraints. Extensive experiments reveal that baseline coding agents cannot

consistently generate performant programs (40% success rate lower than SE2). In

contrast, SE2 achieves up to 26% higher accuracy and 28% reduction in resource

consumption compared to SOTA methods, while retaining superior generalizability

across tasks. These results validate the effectiveness of our reasoning-driven adaptive

workflow construction paradigm.

In summary, we make the following contributions:
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• SE2 exploits LLMs’ reasoning capabilities to autonomously construct agentic

workflows via self-exploration and self-evolution, addressing the limitations of

fixed workflows in heterogeneous and evolving edge AI environments.

• We design a reasoning enhancement framework featuring atomic-operation-

level adaptive workflow construction, runtime-grounded probe synthesis, and

continual multi-agent reasoning evolution. We also share actionable insights

(§ 5.6) for designing future adaptive agentic frameworks in complex, dynamic

environments.

• We implement and extensively evaluate SE2 against eight SOTA agents on a

public benchmark, three representative multimodal edge AI applications, and

through a user study, demonstrating its superior accuracy and generalizability.

5.2 Background & Motivation

5.2.1 Limitations of SOTA Methods

LLMs exhibit exceptional language generation and reasoning abilities. By equipping

LLMs with external tools (e.g., search engines, databases), we can build agents [210,

211, 212, 213, 214, 215, 216, 217, 218, 219, 220, 221] and design agentic workflows

guiding them to automatically solve complex tasks such as edge AI development. As

shown in Fig. 5.2, an agentic workflow is typically a multi-step process where each

step receives the output from the previous step and produces a new intermediate

result. With carefully crafted prompts and tool usage rules in each step, the agent

can follow the workflow and synthesize various executable edge AI programs for users.

To better understand the limitations of existing agentic systems and workflows

(i.e., inflexibility, limited adaptability, and high maintenance costs), we conduct a pre-

liminary study by reproducing three recent works for edge AI development: AutoIOT
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Figure 5.2: A typical agentic workflow of existing work (Step 3 of the workflow is
detailed in the figure).

[4], EmbedGenius [7], and IoTPilot [6]. These SOTA methods adopt developer-

predefined workflows typically involving background knowledge retrieval, task de-

composition, code generation, and debugging.

We request them to develop a human activity recognition system (HAR) using

the multimodal XRF55 dataset [115] and repeat 100 times to avoid randomness. We

randomly remove some data to simulate the modality missing issue that occurs in

real-world multimodal scenarios [222]. As shown in Fig. 5.3(a), only 32% of the

synthesized programs of SOTA methods can be successfully executed, and

only 8% achieve comparable performance to a SOTA handcrafted program. It is

highly challenging to design a fixed, one-size-fits-all workflow to adapt to

unforeseen cases and accommodate diverse edge AI requirements.

Further inspection reveals heterogeneous issues:

• No unimodal verification: They do not verify the correctness of each code

snippet for unimodal data processing before multimodal fusion. This is often

discouraged in current multimodal application development pipelines [223].

• No handling of missing modalities : 68% of the programs fail when certain data

streams are absent due to the lack of elastic AI models for dynamic input

handling [222].

To remedy the above as well as other heterogeneous failures, developers have to
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(b) Though feasible, most agents ex-
hibited limited reasoning capabilities

Figure 5.3: Preliminary & feasibility study.

repeatedly revise and refine their workflows. For example, P.4 shows a common

prompt template for code snippet generation. Developers must explicitly list detailed

regulations, such as tool usage rules, edge-case handling advice, and consistency

checks. Maintaining such crafted rules for unseen scenarios with diverse requirements

becomes highly time-consuming and error-prone.

P. 1: Code Snippet Generation (simplified)

User Problem: ¡user problem¿ ... ¡/user problem¿
Target
According to the detailed design and the context documents, write some Python code to imple-
ment {subtask}, with the target of {target} ...
Rules (incomplete)
- For each module, you must use the {tool name} tool multiple times ...
- The code should be consistent with previous snippets, {code rules} ...
- Carefully consider edge cases and failures, including {edge cases} ...

5.2.2 Motivation & Feasibility Study

Motivation. The root cause of these limitations is that the workflow design and its

underlying reasoning still heavily rely on human developers, while LLMs are merely

treated as code generators following predefined program synthesis pipelines. As a

result, these fixed workflows cannot adapt to new or unforeseen tasks in practical

real-world scenarios. Unlike SOTA methods, SE2 exploits LLMs’ reasoning abilities to

enable agents to autonomously optimize and adjust their own workflows in response
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to diverse design goals.

We analyze over 30 agent-based code generation systems and find that nearly all

edge AI development workflows (Appendix 9.3) are composed of four atomic agentic

operations:

• retrieve: An agent retrieves relevant domain knowledge from various data

sources (e.g., databases, websites).

• reason: An agent analyzes the current and past state based on the available

information and makes inferences before selecting the next operation. This

operation relies on the agent’s reasoning capabilities for decision-making.

• code: An agent generates a Python†code snippet.

• test: An agent generates test cases, deploys the code snippet on the target

mobile device (optional), executes and evaluates it, and records the evaluation

results.

By enabling AI agents to autonomously select among these operations

in response to changing states, agentic workflows can be organically con-

structed. Similar to next token prediction in LLMs, SE2 instead predicts the next

atomic operation that drives the workflow forward.

Feasibility & Challenges. We build an agent to test whether it can construct

workflows autonomously. We instruct the agent to synthesize a multimodal HAR

program and run it on Jetson Nano by iteratively selecting and executing atomic

operations until it satisfies the requirement.

We repeat the test 100 times to avoid randomness. Results show that certain

constructed workflows can sometimes generate executable edge AI programs with

satisfactory performance after multiple trials. Notably, they share a similar and

†We focus on Python since it is widely used for AI development [224].
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commonly adopted structure: “retrieve knowledge → generate code snippets → test

individually → multimodal fusion → build elastic AI models → iteratively refining”.

These results imply that adaptive workflow is feasible. Despite this feasibility, the

overall success rate remains low (8/100), comparable to directly running existing

systems without modification. Further in-depth analysis reveals that the failures

stem from three fundamental reasoning limitations (Fig. 5.3(b)), which precisely

motivate the technical challenges that SE2 is designed to overcome:

• Long-Context Reasoning. 16 agents repeatedly execute the same action

(e.g., searching dataset information) and fail to terminate. It is likely because a

single agent performs all operations and accumulates increasingly long contexts,

while LLMs inherently pay more attention to the earliest and most recent

tokens in the context window, causing the agent to “forget” previously executed

steps [208].

• Runtime-Aware Reasoning. Even with retrieved domain knowledge of the

target device, 18 agents still produce unexecutable programs either because

their required runtime environments are incompatible with the target device or

because their resource consumption exceeds the device’s capacity. The reason

is that the agent cannot access the target device and thus lacks an in-depth

understanding of its runtime environments and resource constraints.

• Outdated Models. 58 agents adopt overly general or outdated algorithms

and AI models. This indicates that LLMs lack the reasoning capabilities to

associate user requirements with SOTA edge AI algorithms and models.

Remarks. These findings highlight that, while autonomous workflow exploration is

possible, current LLMs’ reasoning capabilities fall short in meeting our requirement

of fully automating program synthesis workflows.
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in step 3).

To address these challenges, we design and implement a series of novel techniques:

a hierarchical coordinator-actor agentic architecture (§ 5.4.1), a mobile runtime feed-

back mechanism (§ 5.4.2), and a continuous LLM tuning paradigm (§ 5.4.3).

5.3 SE2 Overview

The goal of SE2 is to enhance and exploit LLMs’ reasoning capabilities to dynamically

and adaptively construct agentic workflows, which translate user requirements into

edge AI programs executable on diverse mobile devices. We adopt retrieve-reason-

code-test as four atomic operations, serving as minimal cognitive units of agentic

workflows. This abstraction provides sufficient expressiveness for diverse pipelines

while keeping the coordinator ’s decision space small enough for reliable reasoning. As

shown in Fig. 5.4, SE2 consists of two main stages: 1) self-exploration for dynamic

workflow construction, and 2) self-evolution for runtime feedback and continuous

LLM tuning.

Self-Exploration. Given a user requirement for edge AI development (❶), the co-

ordinator iteratively determines the next appropriate operation. At each step, the

coordinator will analyze the output from the previous operation (❷) using a step

transition prompt, and generate the next atomic operation along with detailed in-

structions (❸). The corresponding atomic agent is then activated (❹) to execute the
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operation based on the instruction and generate an output (❺). The output is fur-

ther sent to the coordinator (❻). Based on the currently constructed workflow, the

coordinator decides if extra operations are required (❼) or concludes that the synthe-

sized edge AI program meets the user requirement with acceptable performance (❽).

In addition, SE2 provides an interface for users to offer specific instructions for work-

flow refinement (❾). As such, agentic workflows are dynamically and autonomously

determined with minimal user intervention, offering enhanced flexibility and adapt-

ability. Note that to better interpret and verify user intents, we can orthogonally

integrate existing arts (e.g., LLM-as-a-Judge [225]).

Self-Evolution. During workflow construction, when the tester runs the generated

code on the target device, our mobile runtime feedback mechanism synthesizes a

probe to extract runtime semantics (e.g., memory allocation) as grounded, runtime-

level feedback. In parallel, our continuous LLM tuning paradigm records the mutual

feedback between the coordinator and atomic agents to incrementally enhance their

reasoning capabilities in the edge AI domain. As such, all agents can continuously

evolve, enabling them to adapt to unforeseen scenarios and emerging edge AI knowl-

edge.

5.4 Detailed Design of SE2

5.4.1 Coordinator-Actor Agentic Architecture

This module performs self-exploration by dynamically constructing adaptive agen-

tic workflows. Due to LLMs’ limited long-context reasoning capabilities (§ 5.2.2),

we propose a hierarchical coordinator-actor agentic architecture, where a coordina-

tor agent orchestrates the self-exploring process by delegating distinct tasks to four

atomic agents: retriever, reasoner, programmer, and tester. This design offloads the

burden of atomic operation execution from a single agent to multiple task-specific
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agents for more efficient handling.

Challenge. In multi-agent systems, sharing contexts among agents often leads to

prohibitive costs [226], introducing a new challenge: how to enable effective and

efficient communication between the coordinator and atomic agents while ensuring

context coherence? To address this, we design tailored prompts to regulate each

agent’s behavior and outputs.

Coordinator Prompt (P.5) for step transition includes:

• Role & objective. We assign the agent a coordinator role and provide a task

description that guides it to proactively orchestrate multiple agents for edge

AI development.

• Respond rules. We provide detailed descriptions of the four atomic operations

and their selection rules. We task the coordinator with iteratively selecting

an appropriate operation and activating the corresponding atomic agent for

execution. We also introduce a quit operation that ends self-exploration if the

synthesized program fulfills the user requirement. Importantly, beyond sticking

to the general cycle of “retrieve → reason → code → test”, we encourage the

coordinator to repeat any stage as needed, e.g., “retrieve → reason → retrieve”.

As such, the coordinator can dynamically explore workflows for various edge

AI tasks.

• Current state. Atomic agents’ activities are recorded during operation exe-

cution, serving as the current state and thereby enabling the coordinator to

determine the next operation with enhanced contextual coherence.

• Output specifications. To ensure that atomic agents can accurately interpret

the operation, we stipulate that the coordinator only outputs three items: the

operation name, a brief instruction, and relevant context information.

106



• One-shot example. We provide a sample output to reduce ambiguity in task

interpretation.

P. 2: Coordinator Prompt (simplified)

❶ Role & Objective: You are a coordinator agent operating in a multi-agent system for
edge AI development. Given a user requirement, you need to orchestrate another four atomic
agents (retriever, reasoner, programmer, and tester) to synthesize an executable program.

❷ Respond Rules: You MUST select one of the following operations:
1. Retrieve – activate the retriever to retrieve relevant knowledge ...
2. Reason – activate the reasoner to analyze and reflect on ...
3. Code – activate the programmer to write a Python script ...
4. Test – activate the tester to execute and evaluate the code ...
5. Quit – end the task if the program satisfies the user requirement.

❸ Current State: The summarized activity of ¡atomic agent¿: {......}
❹ Output Specifications: You MUST generate ONLY THREE items:
1. Operation Name – the name of the atomic operation for execution.
2. Instructions – a brief instruction for the corresponding agent ...
3. Context – detailed context including previously generated ...

❺ Simple Example Response
[retrieve] Retrieve detailed information of the {dataset name} dataset.
I need to understand the dataset first, including dimensionality, ......

Atomic Agent Prompt (P.6) comprises four parts:

• Role & objective. We also assign distinct roles to the atomic agents, along with

descriptions of their jobs.

• Operation execution rules. We encourage each atomic agent to proactively and

repeatedly invoke relevant tools to obtain sufficient information or conduct

thorough tests.

• Output specifications. We stipulate that each atomic agent can only respond

with a function call with parameters to invoke a tool, or a message to quit

the current operation.

• Instruction & context information from the coordinator.
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P. 3: Atomic Agent Prompt (simplified) (Example: retriever)

❶ Role & Objective: You are a retriever agent operating in ... Based on the provided
information, you need to retrieve relevant information from external data sources (e.g., websites).

❷ Operation Execution Rules: You MUST follow these rules:
1. You MUST invoke multiple tools to complete the instruction ...
2. You MUST retrieve as much information as possible before ...
3. You MUST summarize the retrieved content and store it ...

❸ Output Specifications: Your MUST output one of the types below:
1. function call – you need to invoke tools to gather information or ...
2. message – directly output “[finish retrieval]” if you believe that ...

❹ Instruction & Context Information:
{coordinator instruction} {context information}

We instruct atomic agents to invoke tools until all necessary information is gathered.

Once a “finished” message is generated, the atomic agent’s activity is summarized

and returned to the coordinator for further decision-making.

Remarks. Through our coordinator-actor agentic architecture with crafted prompts,

the coordinator can autonomously explore appropriate atomic operations based on

its reasoning abilities. As such, agentic workflows can be dynamically constructed to

cope with unforeseen cases (e.g., modality missing), exhibiting enhanced flexibility

and adaptability.

5.4.2 Mobile Runtime Feedback Mechanism

This module provides runtime-level feedback to SE2 for decision adjustment, thus

facilitating self-evolution. As reported in § 5.2.2, even with retrieved device spec-

ifications, some synthesized programs remain unexecutable, as SE2 does not have

direct access to mobile devices, lacking detailed runtime information during coding

and testing. Accordingly, we propose a mobile runtime feedback mechanism that ob-

tains grounded, runtime-level semantics and delivers them to atomic agents as timely

feedback.

Challenge & Solution. An intuitive way to extract runtime semantics is to directly

apply existing device profiling techniques, such as nn-Meter [227]. However, they
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rely on rule-based scripts for runtime monitoring, which are often insufficient for

diverse and rapidly evolving edge AI tasks [228]. Rather than building a one-size-

fits-all runtime monitor, we propose synthesizing probe programs that execute on the

target device to extract only relevant runtime semantics. Our insight is that the

coordinator, overseeing the entire development pipeline, can serve as a supervisor for

probe synthesis. The runtime semantics collected by the probe are then fed back to

atomic agents for response adjustments. We design three modules for the feedback

mechanism: probe synthesis, semantic alignment grading, and response adjustment.

Probe Synthesis. Different from general code generation, the purpose of a probe

is not to solve the coding task, but to extract latent runtime semantics that agents

cannot infer from textual device specifications. Specifically, we prompt (P.7) the

coordinator to synthesize a probe program with two main considerations before on-

device code execution:

• Runtime semantics. The four dimensions in the prompt capture runtime prop-

erties that static device specs cannot reliably encode. Environment affinity re-

veals incompatibilities between library versions and hardware kernels. Memory

dynamics reflect feasibility under real allocation and fragmentation patterns.

Execution behavior exposes performance bottlenecks arising from scheduling,

warm-up, and accelerator utilization. I/O feasibility verifies if essential data

formats are supported.

• Probe program requirements. Minimality ensures that each probe focuses on a

single runtime factor, reducing confounding effects and enabling precise inter-

pretation of observed behavior. Orthogonality prevents probes from blending

unrelated concerns, preserving the diagnostic clarity needed for targeted ad-

justments. Executability guarantees that each synthesized probe can reliably

run within the device’s native software stack and provide grounded evidence.
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Finally, observability mandates that probes emit clean, structured outputs,

enabling the system to consistently extract useful runtime semantics.

P. 4: Probe Synthesis Prompt (detailed on our website)

❶ Role & Objective: You are a probe-synthesizer. Your goal is to develop a probe program
that, when executed on the target device, extracts runtime semantics directly relevant to the
current subtask.

❷ Runtime Semantics. (tailored to the coordinator ’s instruction):
1. Environment affinity ; (e.g., PyTorch versions, CUDA/cuDNN bindings)
2. Memory dynamics (e.g., allocation failure, fragmentation, peak usage)
3. Execution behavior (e.g., latency, warm-up stability)
4. I/O feasibility (e.g., data loading, sensor interface availability)

❸ Probe Program Requirements:
1. Minimality ; 2. Orthogonality ; 3. Executability ; 4. Observability

❹ Instruction & Context Information:
{coordinator instruction} {context information}

Semantic Alignment Grading. Based on the runtime semantics obtained from

the probe, we need to judge if each atomic agent’s decision aligns with the current

device runtime and the edge AI development requirement. Such semantic alignment

manifests in two aspects: 1) Local alignment : whether the atomic agent’s response

contributes to the agent’s current task (i.e., the coordinator ’s instruction); 2) Global

alignment : whether it contributes to the coordinator ’s overarching task (i.e., the

user requirement). We prompt the coordinator to assign two scores reflecting the

local and global alignment of each atomic agent’s response based on six designed

grading levels (details in § 9.5). In addition, we instruct the coordinator to provide

feedback for atomic agents to adjust their responses. For example, “The code should

use a smaller batch size to reduce memory usage and employ TensorRT to accelerate

on-device inference”. As such, the grading process for response ri is expressed as:

{sil, f i
l , s

i
g, f

i
g} = L(ri | Ii,Ai, u,S) (5.1)

where sil and sig are the local and global semantic scores, f i
l and f i

g are the corre-

sponding feedback, respectively. Ii is the coordinator ’s instruction. Ai is the atomic
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agent’s activity record during operation execution. u is the user requirement. S is

the runtime semantics obtained from the probe. The scores and dialogue will be

stored in a dataset Da:

Da = {(A1, s
1
l , s

1
g), (A2, s

2
l , s

2
g), · · · }, (5.2)

which will be further used for continuous tuning (§ 5.4.3).

Response Adjustment. Considering both the current state and the feedback from

the coordinator, we prompt the atomic agent to adjust its response and regenerate a

better one: r̂i = L(Ai | (f i
l , f

i
g)). Note that we do not request agents to regenerate

if the semantic score exceeds four, as the response is sufficiently aligned with the

intended task, exhibiting only minor flaws that do not impact overall coherence

[229].

Remarks. We leverage the coordinator to provide guidance grounded in mobile

devices’ runtime constraints, enabling atomic agents to adjust responses that better

align with both the current operation and the overall user requirement.

5.4.3 Continuous LLM Tuning Paradigm

This module performs self-evolution by continuously fine-tuning both the coordi-

nator and atomic agents to enhance their reasoning in comprehending evolving edge

AI knowledge and tasks. Specifically, we focus on three aspects: 1) The coordi-

nator should exhibit enhanced cognitive reasoning to autonomously determine the

next appropriate atomic operation based on its current state. 2) Each atomic agent

should execute its operation properly. 3) The programmer should possess domain-

specific reasoning capabilities to interpret edge AI knowledge and generate relevant

algorithms.

To achieve these goals, we can intuitively build a continuously updated RAG

database [230]. Yet, timely maintenance demands substantial domain expertise, and
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vanilla LLMs still require strong reasoning abilities to comprehend the new knowl-

edge [5]. In contrast, we adopt a modified reinforcement fine-tuning (RFT) [209]

strategy to enhance agents’ reasoning abilities in the edge AI domain without user

intervention. Different from supervised fine-tuning [231, 232, 233], RFT can enhance

LLMs’ reasoning capabilities in specific domains by tuning on smaller amounts of

data [209].

RFT Procedure. Rather than forcing LLMs to generate precise answers, RFT

relies on a grader that scores generated responses, followed by policy gradients to

refine LLM parameters [234]. RFT mainly consists of three stages: 1) Grader design.

A grader is created to score the quality of LLM outputs. Generally, graders can

take various forms, such as format checkers, Python code, or even LLMs [209]. 2)

Tuning dataset construction. We first prepare a question set, Q, with an expected

answer set, Ae, and input Q into the LLM, L, to obtain a generated answer set, Ag.

Accordingly, we prompt the grader, G, to score each answer. The tuning dataset,

T , is thus obtained as a set of questions, expected answers, generated answers, and

scores, si. The entire process is:

agi = L(qi), ∀qi ∈ Q
si = G(qi, a

g
i , a

e
i ), ∀agi ∈ Ag, ∀aei ∈ Ae

T = {(qi, a
g
i , a

e
i , si), · · · }

(5.3)

3) Fine-tuning. With the obtained training dataset, policy-gradient updates (e.g.,

VPG [234]) are adopted for LLM tuning:

ĝ =
1

|T |
∑
si∈T

∇θ log si
∣∣
θ
Â, θ′ = θ + η · ĝ (5.4)

where ĝ is the policy gradient, |T | is the dataset cardinality, θ are LLM parameters,

Â are the advantage estimates [235] based on the grader, and η is the learning

rate. After several epochs, RFT enhances the reasoning capabilities of LLMs by
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Figure 5.5: Ensemble mutual-actor-critic strategy.

encouraging them to generate high-scoring outputs more frequently while suppressing

low-scoring ones.

Challenges. Directly adopting traditional RFT in SE2 faces two main challenges:

1) As agents continuously evolve, we also need to design multiple evolving graders to

assess both the coordinator and atomic agents. 2) Grading the programmer demands

complicated analysis of both the quality and performance of the generated code across

diverse edge AI algorithms, calling for systematic feedback.

Solutions. To tackle these issues, we propose: 1) An ensemble mutual-actor-critic

strategy to enhance both the coordinator and atomic agents in a mutual-critique

manner. Our insight is that both the coordinator and atomic agents can function

as graders to criticize each other’s behaviors from distinct perspectives. 2) A self-

reflective grader to further critique the programmer, considering both code perfor-

mance and algorithm specialization to the edge AI domain.

Ensemble Mutual-Actor-Critic Strategy. We augment the actor-critic algo-

rithm [236] with an ensemble updating strategy to refine both the coordinator and

atomic agents continuously. As shown in Fig. 5.5, to update atomic agents, we treat

the coordinator as the critic (i.e., grader) to evaluate atomic agent behaviors. In

turn, to refine the coordinator, we regard atomic agents as four separate graders,

each criticizing the coordinator from a distinct angle regarding their specific tasks.

Thus, both the coordinator and atomic agents can be mutually updated as self-
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exploration progresses. Specifically, given the dataset Da in Equ. 5.2 that contains

the scores for the atomic agents, their tuning processes are expressed as:

sai = α · sli + β · sgi , ĝ =
1

|Da|
∑

∇θ log sai
∣∣
θ
Â, θ′ = θ + η · ĝ (5.5)

where sai is a linear combination of both local and global semantic scores graded by

the coordinator. To tune the coordinator, we first design four tailored grader prompts

for atomic agents to rate the current atomic operation and instruction generated by

the coordinator. Taking the retriever as an example, the grading prompt (P.8) con-

siders both the correctness and necessity of the coordinator ’s decision. An ensemble

score is then calculated via weighted aggregation:

sci =
∑

o∈O wo · ρo, sci ∈ [0, 5]

ρo =

{
soi if the coordinator ’s operation = o
5 − soi otherwise

(5.6)

where o is the current operation, wo is its assigned weight, and soi is the score rated by

each atomic agent. If o does not match the atomic agent’s operation, we compute the

score as 5− soi , as in this case, a higher score means that the atomic agent considers

its own operation to be more appropriate. The coordinator is then updated using

the ensemble score:

ĝ =
1

|Dc|
∑

∇θ log soi
∣∣
θ
Â, θ′ = θ + η · ĝ (5.7)

Such an ensemble strategy allows bidirectional critique between the coordinator and

atomic agents during self-exploration, thereby fostering reflection on accumulated

context and enabling continuous, iterative self-evolution.
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P. 5: Coordinator Grading Prompt – by retriever (simplified)

Given the coordinator’s response (the atomic operation and the instruction), please rate it
based on the following two questions:
1. If the atomic operation is ”retrieve”, to what extent does it align with the current context?
For example, if the coordinator proposes retrieving the same information (e.g., dataset specs)
again, the score may be lower; otherwise, it may be higher if the information is important.
2. If not, how likely is it that this should be a ”retrieve” operation?

Self-Reflective Grader for Edge AI. To further enhance the programmer, we

consider three main aspects:

• Code quality includes syntax correctness and code smells, which are bad coding

styles (e.g., no exception handlers) or potential weaknesses (e.g., deprecated

packages) [237]. They can be scored by SOTA code quality inspectors.

• Code performance is tested by prompting the tester to produce test cases and

assess performance across multiple evaluation metrics. The tester is further

prompted to assign a score to comprehensively reflect the results.

• Algorithm specialization: Whether the programmer uses tailored algorithms to

process sensor data. For instance, Butterworth filtering is commonly applied

to Wi-Fi CSI data to suppress noise induced by non-human activities.

We prompt the programmer to first identify a list of sensor data processing algorithms

used in the generated code. For each algorithm, we prompt (P.9) the programmer

itself to grade it on a scale from 1 (completely mismatched) to 6 (fully tailored) based

on how closely the algorithm aligns with established, modality-specific methods.

Higher scores indicate stronger adherence to domain-relevant practices, and lower

scores reflect reliance on generic or unsuitable approaches. This process exploits the

self-reflection capability of the programmer, with the reflection score further used in

RFT to facilitate self-evolution. Then the final score is:

spi = sqi + scpi +
∑

λj · s
sj
i , (5.8)
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where sqi is the code quality score, scpi is the code performance score, s
sj
i is the j-th

algorithm specialization score with its corresponding weight λj.

P. 6: Algorithm Specialization Grading Prompt (simplified)

You are a code auditor tasked with scoring how well the algorithm is tailored to the target
data modality, rather than using generic methods.

Tailoring score (16):
6 – Fully : Domain algorithms with modality-appropriate preprocessing.
5 – Mostly : Domain algorithm present with minor omissions.
4 – Partially : Some domain steps present, but key elements are missing.
3 – Weakly : Mostly generic with possible accuracy degradation.
2 – Not tailored : Generic algorithm; lacks essential modality logic.
1 – Mismatched/harmful : Algorithm contradicts modality requirements.

Remarks. Our continuous tuning paradigm enables mutual critique between the

coordinator and atomic agents for continual reasoning enhancement, while further

improving the programmer through self-reflection. Such bidirectional supervision

and collaborative progress mitigate LLM hallucinations and foster a more robust

self-evolution paradigm for adaptive agentic systems in edge AI development.

5.5 Experiment Setup

5.5.1 Implementation

We fully implement the agentic framework SE2. The default LLM is OpenAI’s o4-

mini [238] for balanced reasoning and response latency. The initial tool pool contains

a search engine based on Tavily [98], an empty database based on Chroma [239], a

Python executor inside a sandbox, and a tool builder that allows agents to dynami-

cally create new tools. We use Pylint[240] for code quality inspection. We carefully

design and implement all graders and adopt RFT following OpenAI’s official guide-

lines [209]. We develop SE2 with 5,288 lines of Python code and deploy it on a local

server. The synthesized programs are tested and deployed on various mobile devices,

including portable laptops, NVIDIA Jetson Nano, and Raspberry Pis, which are
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Device CPU RAM GPU VRAM

PC 64 GB 24 GB

Laptop 32 GB 16 GB

Jetson Nano 4 GB 4 GB

Raspberry Pi 8 GB N/A

Jetson 
Nano

Router

Laptop

Local Server

Raspberry Pis

Detailed hardware configurations
(The mobile devices and the PC are 
connected via the router)

Figure 5.6: Real-world experiment setup.

connected to the local server via a router. The hardware configurations are detailed

in Fig. 5.6.

5.5.2 Evaluation Protocols

We use both a SOTA benchmark and three representative edge AI applications for

comprehensive evaluations. The benchmark provides a controlled setting for mea-

suring core capabilities, while the real-world edge AI cases demonstrate the system’s

effectiveness and adaptability in practical scenarios. In addition, we also conduct a

user study to evaluate the generalizability of SE2, where we invite users to pro-

pose diverse improvisational requirements (including unseen applications) for edge

AI development.

Benchmark

To comprehensively evaluate the overall edge AI development abilities of SE2, we

adopt IoTBench [5], a benchmark specifically designed to assess LLMs’ abilities in

generating IoT-relevant programs. We filter out data irrelevant to the edge AI do-

main from the benchmark and augment the remaining samples to 200 coding tasks

following the methodology in [5]. Each task consists of a “task specification → edge AI

code” pair with curated functional test cases, each corresponding to a specific func-
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tional requirement in the specification. We randomly split the augmented benchmark

into two parts: 20% for tuning and 80% for evaluation (RFT requires less tuning

data). The tuning and testing data have completely different edge AI tasks.

Multimodal Edge AI Applications

Considering different developing pipelines, data processing algorithms, sensor modal-

ities, and device heterogeneity, we select three representative multimodal edge AI

applications for evaluation:

❶ Human Activity Recognition (HAR) using the XRF55 dataset [115], con-

taining 42.9K samples and 55 action classes of various human daily activities. Three

modalities are involved: RFID, Wi-Fi CSI, and mmWave. We request deployment

on a Raspberry Pi with no GPU and only 8GB RAM.

❷ Vision-Language Understanding (VLU) using the MMMU dataset [241] for

image Q&A. There are two modalities in the dataset: image and text. We request

deployment on a Jetson Nano, which has a different runtime environment from the

local server where SE2 operates.

❸ Object Detection in Autonomous Driving (ODAD) using the aiMotive

dataset [242], comprising 176 scenes with calibrated data. This task is the most

complex one as it involves four modalities (1 LiDAR, 2 radars, 4 cameras, and 1

GNSS+INS) with high dimensionality, necessitating complex data processing al-

gorithms and AI models. Besides, we randomly remove some data modalities to

simulate the modality missing issue in real-world scenarios.

Baselines.

We compare SE2 with eight SOTA baselines based on predefined workflows (detailed

in § 9.3.1), which can be categorized into the following three types:

• General coding LLM: GitHub Copilot [41] suggests code snippets and func-
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tions following user instructions.

• General coding agents: MapCoder [1], AgentCoder [2], and AgentSquare [3].

• Coding agents tailored to mobile tasks: AutoIOT [4], GPIoT [5], IoTPilot

[6], and EmbedGenius [7].

5.6 Evaluation

5.6.1 Benchmark Evaluation

Metrics

1) Code similarity : we convert code into embeddings that capture its internal logic

via CodeT5+ [185]. We compute the cosine similarity between the extracted internal

logic embedding of the generated and the reference code. A higher value indicates a

stronger ability to generate edge-AI-related code. 2) Pass@k : measures the probabil-

ity that at least one of the top-k generated programs passes all functional test cases

[48]. A higher value indicates SE2 accurately interprets task specifications and thus

passes more functional test cases from IoTBench. 3) Code quality : we use Pylint to

assess code quality with a full score of ten.

Performance Comparison

Using the augmented IoTBench, we present the recorded metrics in Fig. 5.7 and find:

SE2 can effectively generate functionally correct and performant code

tailored to edge AI following task specifications. On average, SE2 achieves an

11% higher code similarity score and a 17% higher pass@1 rate than baselines. The

gain in pass@5 rate (10% ↑) is relatively small because it has higher fault tolerance

than pass@1. Furthermore, we find that compared with the baselines, the standard

deviations of SE2 across all metrics are much lower than the baselines, achieving 0.05,
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(d) Code quality score

Figure 5.7: Performance comparison on IoTBench (SE: SE2, GC: GitHub Copilot,
MC: MapCoder, AC: AgentCoder, AS: AgentSquare, AI: AutoIOT, GT: GPIoT, IP:
IoTPilot, EG: EmbedGenius).

0.04, 0.02, and 0.73 in terms of code similarity, pass@1, pass@5, and code quality

score, respectively.

Interestingly, general coding agents (GitHub Copilot, MapCoder,

AgentCoder) exhibit lower performance in terms of code similarity (14% ↓)

and pass@1 rate (25% ↓), indicating that general coding agents are incapable of

generating high-quality edge AI programs. For instance, they all directly apply AI

models on the raw Wi-Fi CSI data without dedicated processing (e.g., Butterworth

filtering [40]) to remove noise induced by non-human activities in HAR.

In contrast, IoT-tailored agents (AutoIOT, GPIoT, IoTCopilot, Em-

bedGenius) perform relatively better, owing to tailored designs such as RAG

and fine-tuning. In addition, AgentSquare achieves comparable performance to SE2

in terms of pass@5 rate due to its iterative workflow optimization method for per-

formance maximization. However, a further study (§ 5.6.2) shows that it requires
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significantly more time to synthesize performant programs.

SE2 significantly outperforms the baselines in code quality by an aver-

age of 1.6 points. The underlying reason is that our self-reflective grader regards

code quality as a metric during grading. Thus, after RFT, the programmer gains en-

hanced capabilities in producing high-quality code while adopting edge-AI-relevant

algorithms. Notably, GitHub Copilot obtains higher code quality scores than other

baselines, as it employs tailored LLMs and prompts for high-quality code generation,

whereas other agents are typically built on vanilla LLMs. In general, the superior

performance of SE2 stems from its self-exploring capabilities in adopting SOTA algo-

rithms dedicated to various edge AI tasks.

5.6.2 Case Study on Edge AI Applications

Metrics

We repeat the experiment 100 times for each application and calculate the average

values of the following metrics: 1) Classification accuracy (HAR): the portion of

the correctly classified activities. 2) Answer correct rate (VLU): the portion of the

correctly answered image Q&A pairs. 3) Precision (ODAD): the portion of the

detected bounding boxes that are actually correct. 4) Memory consumption: the

CPU RAM or GPU VRAM usage during the execution of the generated code. 5)

Inference time: the time used for processing a single multimodal data batch on the

target device. 6) Execution success rate: the portion of the programs that can be

successfully executed. 7) Wall-clock generation time: the total time elapsed from

the moment the user proposes her requirement to the synthesis of the final program.

Evaluation on HAR (Agentic workflow in § 9.3.2)

We design a user requirement (§ 9.2.1) specifying that the multimodal HAR model

should be deployed on a Raspberry Pi (8GB RAM, no onboard GPU). As shown in
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Figure 5.8: Performance comparison on HAR (SE – SE2, GC – GitHub Copilot, MC
– MapCoder, AC – AgentCoder, AS – AgentSquare, AI – AutoIOT, GT – GPIoT,
IP – IoTPilot, EG – EmbedGenius).

Fig. 5.8, SE2 outperforms baselines in terms of execution success rate (39% ↑) and

classification accuracy (26.5% ↑). Delving deeper, we find that SE2 first generates a

script to obtain the data dimension, which is not specified in the user requirement.

In contrast, the baselines fail as their fixed workflows often get stuck in their ways in

unknown scenarios, such as unspecified data dimensions. We note that SE2 learns to

fetch such important yet missing information via self-exploration, rather than relying

on explicit workflow engineering by developers. Furthering this, by decomposing the

user requirement into multiple subtasks, SE2 can independently generate, test, and

refine code snippets for each, ultimately achieving a higher accuracy.

Notably, most of the programs synthesized by GitHub Copilot cannot be exe-

cuted, whereas executable programs achieve only 34% accuracy on average. The

reason is that GitHub Copilot is designed for general-purpose coding and lacks spe-

cialized designs. Thus, it cannot effectively produce code tailored to edge AI. This
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Figure 5.9: Performance comparison on VLU.

phenomenon is consistently observed across different developing tasks and is exacer-

bated as the edge AI task becomes more complex (Fig. 5.9 & Fig. 5.10).

Furthermore, AI models created by SE2 consume moderate memory with accept-

able inference latency (Fig. 5.8(c)). Though AutoIOT and GPIoT adopt thorough

model optimization methods (e.g., quantization [202]) to reduce memory cost to 2GB,

the resulting accuracy is much lower than SE2. In addition, IoTPilot and EmbedGe-

nius sometimes achieve lower performance, likely because they are more tailored to

embedded tasks (e.g., reading sensor data from Arduino).

Moreover, we observe that the performance of SE2-generated programs is more

stable than the baselines, achieving 2.3%, 3.5%, 0.4 ms, 0.03 GB, and 5 minutes in

terms of execute success rate, classification accuracy, inference time, memory usage,

and wall-clock generation time, respectively. Similar phenomena can also be observed

in other AIoT applications, demonstrating that SE2 can not only provide performant

programs via self-exploration and self-evolution, but also achieve lower performance

fluctuations for enhanced user experience.
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Last but not least, SE2 only requires around 43 minutes for program synthesis,

slightly surpassing other agents that rely on fixed workflows. While GitHub Copilot

and GPIoT only need a few minutes, as they involve just a few rounds of LLM calls,

most synthesized programs are unexecutable. AgentSquare achieves a 13% lower

success rate and takes a much longer time (90 minutes) to generate executable code,

as it performs an exhaustive search over large module spaces.

Evaluation on VLU (§ 9.3.3)

We request (§ 9.2.2) to deploy the VLU model on Jetson Nano. Unlike the x86-

based PC where SE2 operates, Jetson Nano uses ARM CPUs with a distinct runtime

environment for model deployment. Thus, agents must realize this case and adopt

an appropriate inference engine to ensure compatibility with Jetson Nano.

As shown in Fig. 5.9, SE2 outperforms baselines in terms of both execution suc-

cess rate (52.8% ↑) and answer correct rate (23.9% ↑). Notably, the success rate of

baselines drops dramatically compared to HAR. Delving deeper into their intermedi-

ate outputs, we find that they all ignore runtime differences and repeatedly attempt

to deploy x86-based models on ARM-based Jetson Nano, as their fixed workflows do

not consider runtime heterogeneity. In contrast, SE2 realizes this issue by proactively

analyzing the runtime semantics obtained from the probe program. Then, SE2 creates

a few more agentic steps to convert the model into a platform-agnostic ONNX for-

mat [243] and use TensorRT [45] compatible with Jetson Nano for model inference

(§ 9.3.3). Besides, AgentSquare needs substantial time for workflow optimization

(Fig. 5.9(d)). The accumulated context resulting from it causes the agent to forget

the device’s memory constraints (4GB VRAM), producing models consuming over

10GB of VRAM (Fig. 5.9(c)).
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Figure 5.10: Performance comparison on ODAD.

Evaluation on ODAD (§ 9.3.4)

For ODAD, we design a user requirement (§ 9.2.3) and request deployment on an

edge laptop with 16GB VRAM. This task is highly complex as it involves four modal-

ities with high-dimensional data. Besides, we randomly remove some modalities to

simulate the modality missing issue encountered in real-world autonomous driving

scenarios. Agents are expected to take this unforeseen case into account and build

elastic AI models capable of processing input data of varying sizes.

As shown in Fig. 5.10, SE2 significantly outperforms baselines with an even 50%

higher success rate. After analyzing its constructed workflows (§ 9.3.4), we find that

though SE2 initially creates a model that fails to support elastic inputs, it discovers

this flaw during testing. SE2 then modifies the model structure by agilely adjusting

its workflow to cope with varying input data sizes. Such developing pipelines closely

resemble humans, exhibiting remarkable adaptability and consciousness of SE2 in han-

dling unpredictable cases. In contrast, the baselines repeatedly refine the programs
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(b) Continuous LLM tuning

Figure 5.11: Ablation study (F. – feedback mechanism, E. – ensemble mutual-actor-
critic strategy, S. – self-reflective grader, C. – continuous LLM tuning).

by randomly adopting other data processing methods or models without being aware

of the modality missing issue. Worse still, they spend more time on debugging and

produce high-memory-cost models that fail to meet the resource constraints.

5.6.3 Ablation Study

To separately test the impact of different modules, we conduct an ablation study

on multimodal HAR. Similar phenomena can be observed in other applications, as

showcased in § 9.6. Note that the superior performance of SE2 compared with the

single-agent setting in § 5.2.2 has demonstrated the importance of our coordinator-

actor agentic architecture.

Mobile Runtime Feedback Mechanism. We consider three ablation cases: SE2,

SE2 without the probe but replaced by a widely adopted runtime monitor psutil [116],

and SE2 without the entire feedback mechanism. Fig. 5.11(a) reveals that without

our feedback mechanism, SE2 experiences a significant 66% drop in execution success

rate and requires twice as long to synthesize an executable program. This is be-

cause, without the runtime semantics collected by the probe, the coordinator cannot

provide useful feedback to atomic agents, thus often fails to identify whether the pro-

grams are well aligned with the target device’s runtime environments. In addition,

though psutil can provide comprehensive runtime information, SE2 often struggles
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Table 5.1: Participant information of user study (N=20)

Category Background Information

Gender Female (45%), Male (40%), Prefer not to say (15%)
Age Under 18 (5%), 18-30 (75%), 30-39 (10%), 40 and older (10%)
Education Bachelor (5%), Master (20%), Doctoral (70%), Others (5%)
English Fluent (10%), Advanced (65%), Intermediate (20%), Beginner (5%)

to extract content relevant to current coding subtasks, leading to a 1.5x increase in

synthesis time. These results highlight the importance of our feedback mechanism in

timely providing runtime semantics grounded in mobile devices to enhance edge AI

development.

Continuous LLM Tuning. We test four ablation cases: SE2, SE2 without the

ensemble mutual-actor-critic strategy, SE2 without the self-reflective grader, and SE2

without the entire tuning module. Fig. 5.11(b) shows that all modules are crucial

for retaining a high execution success rate and reducing code generation time. With-

out the mutual-actor-critic strategy, the coordinator and atomic agents cannot be

mutually updated, resulting in obsolete reasoning abilities when facing new edge AI

knowledge and tasks. Without the self-reflective grader, the programmer cannot

reflect on its generated algorithms and continuously evolve to produce more edge-

AI-relevant programs. These results show the effectiveness of our continuous LLM

tuning paradigm in progressively enhancing agents’ reasoning abilities for edge AI

tasks.

5.6.4 User Study for Generalizability Test

To assess the utility and overall user satisfaction of SE2, we conduct a user study‡

involving 10 expert users and 10 non-expert users. Expert users have rich experience

in sensor data processing and AI technologies, while non-expert users only possess

basic knowledge of edge AI applications. Importantly, to test the generalizability

‡The evaluation was approved by our institution’s ethics review board (IRB).
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(b) Long-term evaluation

Figure 5.12: Evaluation results of the user study.

of SE2, we did not limit the tasks. Instead, users are encouraged to freely express

their requirements for developing various edge AI applications. Table 5.1 lists the

detailed background information of the participants.

Metrics

1) Overall code performance (OCP) evaluates the overall performance (e.g., task

accuracy, resource consumption) of the synthesized programs; 2) Code readability

(CR) measures the clarity and structure of the synthesized programs; 3) Generation

efficiency (GE) accesses how efficiently SE2 operates in terms of speed and resource

usage to produce the final code; 4) Code modularity (CM) judges whether the code

is properly modularized for easy reuse and extension; 5) User satisfaction (US)

captures users’ overall experience with SE2. We ask users to rate these metrics on a

scale from 1 (not at all) to 5 (completely).

Overall Performance

Users’ improvisational requirements span a range of edge AI topics, including mobile

sensing (40%), actuator control (40%), and personalized services (20%). Experts of-

ten challenge SE2 with more complex tasks (e.g., multimodal emotion analysis) while

non-experts tend to propose simple tasks (e.g., IMU-based HAR). In Fig. 5.12(a),

both experts and non-experts provide high scores (above 4.7) in terms of OCP, CR,
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CM, and US. Notably, nearly all of them award full marks for code modularity. After

examining the synthesized programs, we attribute this to our design of atomic oper-

ations and hierarchical agentic architecture, which enables different agents to exploit

their own reasoning abilities to progressively explore and generate modular code to

implement various functionalities. This process is akin to how humans decompose

a task into multiple modules and generate modular code for each. Besides, experts

tend to provide lower GE scores than non-experts, as they are knowledgeable in edge

AI and have higher expectations for system performance. Though the GE score is

relatively lower, it increases as system utilization grows (§ 5.6.4), benefiting from the

continuous tuning paradigm. These results exhibit the generalizability of SE2 in

exploring distinct workflows for diverse edge AI tasks with enhanced user experience.

Long-Term Evaluation

We further ask expert users to participate in a long-term evaluation to test the effec-

tiveness of our self-evolving paradigm. Fig. 5.12(b) shows that as user engagement

increases over time, both GE and US rise with a similar growth trend. As sys-

tem usage time increases, the mutual scores graded by the coordinator and atomic

agents gradually accumulate and are used in mutual-critique for reasoning enhance-

ment. Moreover, the retriever progressively stores newly fetched knowledge in the

local database for timely reference. As such, when new similar tasks are assigned,

SE2 can activate fast thinking to make decisions rapidly without re-exploring algo-

rithms, resulting in shorter program synthesis times. Notably, though SE2 initially

tends to adopt wrong algorithms due to hallucinations, they are corrected by the

feedback mechanism, and the likelihood decreases as RFT progresses. These results

demonstrate the outstanding self-evolving capabilities of SE2 in handling diverse user

requirements and emerging edge AI knowledge.
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5.7 Discussion

Vibe Coding vs. SE2. The emerging concept of vibe coding refers to using LLMs

to generate code snippets or individual functions purely from user instructions, with-

out execution and verification [244]. Users must manually design multiple prompts

and verify the correctness of each generated code snippet individually. In contrast,

SE2 provides an end-to-end solution that automatically translates user requirements

into executable, runtime-compatible, and performant on-device programs. By fully

exploiting the reasoning abilities of LLMs, SE2 autonomously determines and adap-

tively adjusts appropriate agentic workflows for robust edge AI development.

Error Handling in Agentic Systems. In multi-agent systems, a common chal-

lenge is the generation of incorrect intermediate results during multi-step reasoning.

These errors can propagate and lead to incorrect final outputs, significantly degrad-

ing agents’ reliability. Therefore, we further design an agentic recovery mechanism

(§ 9.5) to detect deviations from expected behavior and rollback to re-plan. More-

over, SE2 orthogonally incorporates Reflexion [245] that enables agents to reflect on

failed attempts for iterative refinement.

5.8 Related Work

Agents & Code Generation. By equipping LLMs with various external tools, AI

agents can automate complex tasks, such as phone manipulation [63] and IoT data

interpretation [71]. Moreover, many works build automated agents to synthesize

various IoT programs. For example, AutoIOT [4] features an IoT knowledge retrieval

module and iterative refinement for code generation. EmbedGenius [7] introduces

a hardware-in-the-loop paradigm that enables agents to flash generated code onto

embedded devices. However, developers must meticulously design and optimize the

agentic workflows to ensure that agents can follow explicitly predefined guidance,

130



limiting their flexibility and adaptability. Instead, SE2 exploits LLMs’ own reasoning

abilities to autonomously construct workflows for edge AI development.

Agentic Workflow Optimization. Some recent studies [61, 62] focus on auto-

mated optimization of predefined workflows to reduce human effort. For instance,

ADAS [61] and AgentSquare [3] regard predefined workflows as combinations of var-

ious agentic modules (e.g., Chain-of-Thought [87] and Tree-of-Thought [246] for rea-

soning). Then, they perform an exhaustive search within constrained spaces to

identify the optimal combination that maximizes performance. Yet, they still rely

on fixed, predefined workflows bound by developers’ experiences. Instead, drawing

strengths from these arts, SE2 shifts the burden of workflow design from developers

to LLM agents, enabling more flexible and adaptive edge AI development. Notably,

SE2 can also be orthogonally integrated with these arts for further optimization.

5.9 Chapter Summary

We present SE2, a self-exploring and self-evolving paradigm for adaptive edge AI

development. By fully exploiting the reasoning abilities of LLMs, SE2 agents can au-

tonomously explore distinct appropriate workflows for various edge AI tasks. Mean-

while, our continuous LLM tuning paradigm progressively strengthens agents to

tackle evolving edge AI knowledge and environments. Extensive evaluations demon-

strate the effectiveness, generalizability, flexibility, and adaptability of SE2 in handling

diverse and evolving edge AI tasks. Looking ahead, we envision SE2 as a stepping

stone toward more autonomous agentic systems capable of adapting to dynamic en-

vironments as well as evolving through lifelong learning and reflection.
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Chapter 6

Automating AIoT Model

Deployment on Heterogeneous

Mobile Devices

6.1 Introduction

Embedded AI aims to support intelligent computation directly on resource-

constrained devices and enable real-time sensing and decision-making while preserv-

ing user privacy on local devices [69, 247, 248, 249, 250, 251, 8]. However, delivering

such intelligence is still far from plug-and-play, since deploying pretrained models

across a range of heterogeneous embedded platforms often encounters severe com-

patibility and performance penalties.

As illustrated in the typical deployment workflow (Fig. 6.1), developers first down-

load a pretrained AI model from open-source platforms such as Hugging Face [252]

or GitHub [253]. Then, they need to select and configure an inference engine (serv-

ing as middleware between the model and the target embedded device) for on-device

model execution. In practice, however, many pre-trained models cannot fully utilize

a single inference engine.

The root cause of this model deployment issue lies in the mismatch between pre-

trained AI models and inference engines. Specifically, an AI model is composed of
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multiple operators (e.g., Add, Conv) that perform various computational tasks. Infer-

ence engines, however, are developed and optimized for distinct hardware architec-

tures and runtime environments. For instance, TensorRT [45] is suited for NVIDIA

Jetson Nano, while OpenVINO [46] targets Intel GPU-based platforms. Hence, an

inference engine is highly optimized for a small subset of operators that best match

its runtime and hardware backends, leaving the rest either unsupported or only par-

tially supported at best. This model-engine mismatch issue leads to sub-optimal

performance or even failures in model inference.

Our preliminary study across 150 open-source AI models indicates that 38 models

(i.e., 25.3%) fail to execute on a given embedded device due to model-engine mis-

match (detailed in § 6.2.2). Further analysis reveals that this model-engine mismatch

manifests in three forms with performance implications: 1) Certain operators are

missing in some engines (e.g., TensorRT does not support Mod); 2) Many pretrained

models customize operators, which are not supported by any inference engines; 3)

Engine version inconsistency (e.g., adding new or deprecating old operators) fur-

ther exacerbates the mismatch. Facing such mismatch issues, developers may resort

to slower CPU runtimes (rather than GPUs or other onboard accelerators), which

inevitably results in degraded performance in terms of inference latency. Another

workaround requires model deployers (typically users or application developers) to

painstakingly register all missing operators into the target inference engine. While

feasible, this approach requires in-depth knowledge of both model internals and en-

gine APIs, as well as operator customization and augmentation.

In this thesis, we propose AutoDeploy, an end-to-end system that automates

model deployment on heterogeneous embedded devices with the objective of address-

ing the model-engine mismatch issue. As illustrated in Fig. 6.1, instead of relying

on a single inference engine, AutoDeploy strategically partitions a pretrained model

into several segments, executes each segment on its most suitable engine, and directs
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Figure 6.1: Left: a typical workflow of embedded AI model deployment and the
model-engine mismatch issue. Right: the high-level idea of AutoDeploy.

intermediate results across engines for seamless on-device inference. As such, oper-

ators in AI models can be collectively supported by multiple inference engines for

efficient on-device execution. Although this basic idea may appear straightforward,

we face significant technical challenges in practice:

Challenge-1: It is challenging to design a one-size-fits-all solution to check the

compatibility between model operators and inference engines. For the same opera-

tor, both AI models and inference engines adopt distinct naming conventions. This

difference in naming can lead to challenges when analyzing models across frameworks

or deploying them on heterogeneous devices. Worse still, the set of engine-supported

operators–including newly introduced or recently deprecated ones–varies across en-

gine versions. As a result, static, rule-based compatibility checks may fail to deter-

mine whether the operators in a pretrained model are supported by a specific engine.

To address this challenge, we develop a new agent-based operator analyzer that em-

ploys AI agents to automatically retrieve up-to-date operator knowledge from official

documentation and analyze compatibility. The underlying rationale is twofold: 1) AI

agents can effectively examine and reason over the source code of pretrained models

and inference engines to judge if their operators implement equivalent computa-

tional functionalities despite the differences in specific operator names; 2) Guided by
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prompts and external tools, agents can automate the process of compatibility check

with minimal user intervention [254]. In addition, they can autonomously detect and

recover from mistakes through safeguard mechanisms to ensure high robustness and

accuracy [245].

Challenge-2: The appropriate partition granularity is hard to determine. Dif-

ferent engines adopt diverse yet incompatible internal optimization techniques. For

example, some optimization strategies merge multiple operators (e.g., convolution

and addition) into more efficient composite units, while others eliminate redundant

operators based on predefined operator patterns and their interplays. Naively par-

titioning pretrained models solely based on operator-engine compatibility can break

these optimizable patterns and ultimately undermine inference efficiency. To tackle

this practical issue, we design a structure-aware pattern detector that analyzes the

source code of various engines to dynamically detect optimizable patterns. The de-

tected patterns are then explicitly considered as optimization constraints to preserve

the optimizable structures, facilitating the corresponding engine-level optimization.

Challenge-3: Randomly assigning model partitions to compatible inference en-

gines often leads to suboptimal performance, highlighting the need for principled

optimization strategies. Due to the heterogeneity of embedded runtime environ-

ments, different engines take varying computation times for the same operations

(§ 6.4.3). For instance, ONNX Runtime [255] executes Conv faster but takes a longer

time for LSTM compared to OpenVINO [46]. Overlooking such performance discrep-

ancies affects overall inference performance. Worse still, frequent engine switching

introduces extra overhead due to context transitions. To overcome these limitations,

we propose a new greedy cross-engine inference algorithm that jointly accounts for

operator-engine compatibility, engine-specific operator execution time, and operator-

switching cost during model partitioning and cross-engine execution.

We implement and comprehensively evaluate AutoDeploy on heterogeneous em-
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bedded devices with 150 open-source AI models across multiple representative tasks

(image recognition, speech sentiment analysis, and vision-language understanding)

that can support innovative downstream applications. We compare AutoDeploy with

five state-of-the-art (SOTA) inference engines and human developers by recruiting

fifteen users with different expertise and proficiency in embedded AI development.

Extensive experiments show that AutoDeploy significantly improves the deployment

success rate to nearly 100% after effectively resolving the model-engine mismatch

problem. AutoDeploy can also reduce model deployment time (i.e., from user re-

quirement specification to successful model deployment) by approximately 79.3%

compared with even experienced expert developers, who are allowed to freely em-

ploy techniques such as manual patching, model adaptation, and even AI agents.

Moreover, AutoDeploy can reduce model inference latency by approximately 26.6%

on average compared with SOTA inference engines, when we manually register with

all necessary operators. Last but least, by allowing users to freely specify pretrained

AI models for deployment, our user studies demonstrate high generalizability of

AutoDeploy in deploying diverse open-source models on heterogeneous embedded

devices.

In summary, we make the following contributions:

• AutoDeploy presents the first end-to-end system that mitigates the model-

engine mismatch issue by fully automating model deployment on heteroge-

neous embedded devices with minimal user intervention and reduced inference

latency.

• AutoDeploy features three new technical modules to enhance efficiency and

robustness: an agent-based operator analyzer for up-to-date operator analysis,

a structure-aware pattern detector for preserving optimizable operator patterns,

and a greedy cross-engine inference algorithm for overall latency optimization.
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• Comprehensive evaluations validate the effectiveness and efficiency of

AutoDeploy, demonstrating its ability to significantly eliminate model-engine

mismatch and reduce inference latency when deploying AI models on diverse

embedded devices.

6.2 Background & Motivation

6.2.1 Embedded Model Deployment

To understand how AI models are deployed and executed on embedded devices, we

construct a model comprising two convolutional layers and one fully connected layer

for image classification tasks.

As illustrated in Fig. 6.2(a), the model is represented as a computation graph∗,

where nodes correspond to operators performing specific computational functions,

and edges denote data dependencies that define the flow of data between opera-

tors. For instance, the General Matrix Multiplication (Gemm) operator receives the

output of the preceding operator, performs matrix multiplication, and produces a

new output. During inference, an input image traverses this graph through a series

∗Computation graphs of existing open-source AI models are commonly serialized into various
model formats such as PyTorch [256], TensorFlow [47], ONNX [243], etc.
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of sequential or parallel operators, ultimately generating the final output, i.e., the

predicted image class.

To deploy the model on a target embedded device, developers typically select a

suitable inference engine (e.g., ONNX Runtime [255]) to execute the model. Inference

engines parse the computation graph, assign optimized kernel implementations for

each operator, schedule their execution efficiently, and manage memory and data

flow at runtime. As such, serving as model accelerators, inference engines provide

hardware-aware, runtime-optimized execution that reduces latency, memory usage,

and energy consumption.

6.2.2 Model-Engine Mismatch

In practice, however, deploying AI models on heterogeneous embedded devices often

falls short of expectations. We observe that many models cannot be successfully

executed by a single inference engine. The culprit is model-engine mismatch :

the operators used in an AI model may not be fully supported by an engine. For

example, the Mod operator is not supported by TensorRT (Fig. 6.3). To investigate

the model-engine mismatch issue, we conduct a preliminary study analyzing various

AI models and inference engines.

Model & Inference Engine Selection. We first download 150 open-source mod-

els from Hugging Face, covering distinct architectures, inference tasks, and model
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Table 6.1: Detailed information of the 150 downloaded models.

Types Statistics

Model
Architecture

Feedforward Networks (6.7%), CNN (13.3%), RNN (6.7%),
Transformer (20%), Hybrid (53.3%)

Inference
Task

Natural Language Processing (30%), Computer Vision
(30%), Multimodal Application (40%)

Model Size 0∼1B (66.7%), 1B∼6B (16.7%), 6B∼12B (10%), >12B (6.7%)
Customized
Operators

Contain (21.3%), Does not contain (78.7%)

sizes. Detailed information on these models is summarized in Table 6.1. Further-

more, we select five SOTA inference engines: ONNX Runtime [255], TensorRT [45],

OpenVINO [46], TVM [257], and MLIR [258].

Model Deployment & Result Analysis. For fair comparison and illustration

purposes, all models are deployed on two embedded devices with distinct runtime

environments: a Raspberry Pi (CPU runtime) and a Jetson Nano board (GPU run-

time). We utilize the five inference engines for model execution and record their

deployment success rates. As shown in Fig. 6.2(b), all engines achieve deployment

success rates below 80% in both CPU and GPU inference modes, indicating that at

least 30 out of the 150 models fail to execute. Moreover, the GPU mode exhibits

a lower success rate than the CPU mode. Further examination of the failed cases

reveals the model-engine mismatch problem in three critical aspects:

• Unsupported Operators. 38% of the failed models contain some operators

that cannot be computed by a single engine. For instance, the Reformer model

[259] adopts a Mod operator, which is not supported by TensorRT but supported

by ONNX Runtime.

• Developer-Customized Operators. 62% of the failed models (e.g., De-

formable DETR [260], BigVGAN [261]) employ several developer-customized

operators, which are inherently incompatible with all the selected inference
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engines.

• Harsh Software Dependencies. Worse still, nearly 80% of the above cases

are caused by heterogeneous runtime environments. Specifically, different de-

vices support distinct versions of inference engines, which may introduce new

operators or deprecate existing ones [262]. Such heterogeneity further aggra-

vates the model-engine mismatch issue across diverse devices and engines.

To overcome these difficulties, developers have to manually implement additional

code to explicitly register unsupported or customized operators into specific inference

engines. Otherwise, they have to resort to less efficient fallback environments (e.g.,

CPU) for model execution. These processes are highly labor-intensive and error-

prone, demanding specialized domain expertise and substantial human effort from

developers.

6.2.3 AutoDeploy & Motivation

The findings from our preliminary study motivate the development of a more efficient

approach for embedded AI model deployment. To this end, we propose AutoDeploy

to mitigate the model-engine mismatch issue and lower the expertise barrier to de-

ploying AI models on heterogeneous embedded devices. Specifically, given a pre-

trained model, AutoDeploy partitions it into multiple segments, each can be exe-

cuted by a compatible inference engine. As such, the pretrained model’s operators

can be collectively supported by the union of multiple inference engines. By organi-

cally scheduling the execution of model partitions and their corresponding inference

engines, AutoDeploy enables effective and efficient deployment of various pretrained

AI models on heterogeneous embedded devices.

To realize this vision, we address three unique technical challenges (§ 6.1) and

design three novel solutions accordingly. First, we develop an agent-based operator
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analyzer to deal with highly diverse operator naming conventions. Second, to pre-

serve engine-specific operator optimization strategies, we introduce a structure-aware

pattern detector that identifies and records optimizable operator patterns, serving as

constraints during model partitioning. Finally, we propose a greedy cross-engine in-

ference algorithm to orchestrate model partitions and inference engines for on-device

model execution, meanwhile minimizing overall inference latency.

6.3 System Overview

6.3.1 AutoDeploy Workflow

Fig. 6.4 shows the overall workflow of AutoDeploy, comprising three technical mod-

ules that automate model deployment on various embedded devices. AutoDeploy

requires the following prerequisites:

• AutoDeploy runs on an edge server and accesses target embedded devices via

a local network for remote control.

• The target device is equipped with multiple inference engines.

• Model inference and evaluation are performed entirely on target devices to

preserve data privacy [263].

• We focus on model deployment and assume user-provided models are affordable
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by resource-constrained target devices.

• We provide the following tools for the AI agent in AutoDeploy: a web search

engine, a vector database, a Python executor within a sandbox, and a document

loader.

Workflow. From the user’s perspective, she only needs to specify a target embedded

device and provide a pretrained model that meets the device’s resource constraints

(❶). The agent-based operator analyzer (§ 6.4.1) first retrieves the official documen-

tation and source of the on-device inference engines (❷). The analyzer then checks

the compatibility between each operator in the pretrained model and the engine-

supported operators (❸). Meanwhile, the operator-engine compatibility information

is stored in a continuously updated database (❹). Subsequently, for each inference

engine, the structure-aware pattern detector (§ 6.4.2) interprets its documentation

to identify optimizable operator patterns (❺) and records the corresponding set of

optimizable patterns residing in the pretrained model (❻). Finally, the greedy cross-

engine inference algorithm (§ 6.4.3) partitions the model into multiple segments

(❼) by greedily considering operator-engine compatibility, optimizable patterns, and

engine-switching overhead. The model partitions are then alternately executed across

different inference engines (❽).

Remarks. The operator analyzer and pattern detector employ an AI agent to

dynamically retrieve up-to-date online information and maintain a continuously up-

dated database, thereby significantly reducing human effort and expertise require-

ments. Note that the knowledge retrieval and database updating can be offline

processed.

143



6.3.2 Problem Formulation

We formulate the problem of model partitioning and execution via multiple inference

engines for various embedded AI applications.

Definitions. An AI model M is represented as a directed acyclic graph (Fig. 6.2(a)),

G = (V,E), containing a set of vertices V and edges E. Each vertex corresponds to

an operator oi that performs a specific computation task, such as addition or matrix

multiplication. Each edge denotes the data dependency and flow between operators,

defining how outputs of one node serve as inputs to another during model execution.

As such, the model can be expressed as:

M ∼ G = (V,E), V = {o1, o2, · · · , on}, En×n ⊆ V × V (6.1)

where En×n can be regarded as a binary-valued adjacency matrix, where E(i, j) = 1

indicates that oj takes the output of oi as its input.

Problem Statement. Given a user-specified pretrained model, M, and a list of on-

device inference engines, E = {e1, e2, · · · , em}, running on the target embedded de-

vice, AutoDeploy aims to partition the model into multiple segments, {M1,M2, · · · },

each can be successfully executed by an inference engine, ej. Our goal is to find such

a partition method, P , meanwhile achieving minimal model inference latency. The

problem can be expressed as:

P = minimize inference latency

s.t.

M P−→ {M1,M2, · · · }, Mj ∼ Gj = (Vj, Ej)
V =

⋃
Vj, E =

⋃
Ej

∃ej ∈ E : Vj = {oj1, o
j
2, · · · } ⊆ Oej

Oej = {oej1 , o
ej
2 , · · · }

(6.2)

where all operators Vj of the j-the model partition Mj are fully compatible with

an on-device inference engine, ej, whose supported operators are Oej . As such, the

on-device model inference process can be viewed as alternately using these engines
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to deliver intermediate outputs and execute each model partition sequentially:

Output = e1(M1(Input)) → e2(M2(·)) → · · · (6.3)

6.4 System Design

6.4.1 Agent-Based Operator Analyzer

Based on the user-provided pretrained model, this module checks the compatibility

between each operator in the model and the inference engines running on the target

embedded device.

Challenge. A straightforward approach is to construct a compatibility mapping

table that associates each operator in the pretrained model with its supported en-

gines. However, delving deeper into various model operators and engines, we find

that the mapping space is extremely large, making it impractical to rely on manual

or rule-based scripts for operator analysis:

• Diverse naming conventions. The same operator can have different names

across both AI models and inference engines. For example, a 2D convolu-

tion operator is named Conv2d in PyTorch models, whereas OpenVINO refers

to it as aten::conv2d. Moreover, certain inference engines even define mul-

tiple distinct operators to handle different input conditions (e.g., Conv and

ConvInteger in ONNX Runtime [255]).

• Varying engine versions. Worse still, due to heterogeneous software dependen-

cies and runtime environments, embedded devices often host inference engines

of different versions, which further exacerbate the heterogeneity of their sup-

ported operators.

Therefore, instead of designing a one-size-fits-all script to judge operator-engine com-

patibility, we should conduct an in-depth analysis of the implementation details (i.e.,

145



source code) of AI models and inference engines to compare their underlying execu-

tion logic and design rationale for compatibility check.

Solution & Rationale. Manually analyzing the source code demands substantial

domain expertise and human effort, making the process labor-intensive and error-

prone. To tackle this problem, we propose an agent-based operator analyzer that

employs an AI agent for code analysis and compatibility check. The underlying

rationale of this design is twofold. 1) The large language models (LLMs) inside AI

agents are pretrained on extensive domain knowledge, exhibiting exceptional code in-

terpretation capabilities [7, 5, 264]. 2) Equipped with various external tools (e.g., web

search engines and databases), AI agents can autonomously retrieve and store up-to-

date operator information for continuous updating and timely analysis. Leveraging

such advantages, AI agents can effectively and efficiently check the compatibility

between operators and inference engines without developer intervention.

Specifically, the operator analyzer consists of two stages. 1) Information Retrieval

with Maintenance. We first prompt the agent to retrieve the source code of various

model operators and inference engines from their official online documentation and

GitHub repositories. The retrieved knowledge is further stored in a local database

that will be dynamically maintained on a regular basis. 2) Compatibility Check

via Code Analysis. Based on the knowledge database, the next step is to check

the compatibility between each operator in the pretrained model and the engine-

supported operators by analyzing their source code. If an engine-supported operator

implements the same functionality as the operator in the pretrained model, it is then

marked as compatible with that engine.

Information Retrieval with Maintenance. For each on-device inference engine,

we first prompt the agent to retrieve its source code and identify a list of supported

operators. For each operator, AutoDeploy then requests the agent to extract the

description of the operator from the inference’s official documentation. Furthermore,
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the agent is instructed (P.1) to locate and extract the corresponding implementation

code segment. Finally, we instruct the agent to organize all collected information

into four structured operator attributes, including the operator name, functionality

description, I/O specifications, and implementation code.

P. 7: Operator Implementation Code Extraction (simplified)

You are a code analyzer specialized in understanding inference engines (e.g., TensorRT,
ONNX Runtime). Your task is to locate and extract the implementation code segment
corresponding to a given operator.

Objectives:
1. Search the repository and locate the exact file(s) and function(s) implementing the operator.
2. Extract the relevant code segment that includes:
• The operator class or kernel definition.
• Its core compute function or forward implementation.
• Input/output data types, dimensions, and semantics of the operator.
• Key attributes or registration macros that link to the operator name.
3. Summarize, format, and output only the extracted code segment.

Inference Engine: {...}; Repository URL: {...}; Operator Name: {...}

Mathematically, given an inference engine ej, the extracted information of its sup-

ported operator list Oej can be expressed as:

Oej = {oj1, o
j
2, · · · }, oji = ⟨name, functionality, IO, code⟩ (6.4)

These operator attributes are stored in a local database D for further analysis, serving

as the context knowledge of operators:

D = {Oe1 ,Oe2 , · · · } (6.5)

Compatibility Check via Code Analysis. To check operator-engine compati-

bility via code analysis, unlike existing works [265, 266] that examine syntax trees

or generate unit test cases for code analysis, our prompt (P.2) considers two unique

aspects:

• Functionality. They must implement the same computational functionality.

For instance, the Conv2d operator in a PyTorch model is compatible with
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OpenVINO, as it supports the aten::conv2d operator that performs the same

2D convolution computation.

• I/O Match. They must have identical I/O dimensionalities and data types.

For example, if a quantized model accepts integer inputs, the correspond-

ing engine-supported operator should also support integer computation (e.g.,

ConvInteger in ONNX Runtime).

P. 8: Compatibility Check Prompt (simplified)

You are a code auditor specialized in inference engines. Your goal is to determine whether an
operator from a pretrained model is compatible with an engine-supported operator by analyzing
their source code.

Objectives:
1. Understand operator functionality
* Determine what computational operation they perform.
* Compare their mathematical formulations, core loops, or library calls.
* Confirm if both operators achieve the same computational semantics.
2. Analyze I/O specifications
* Extract the list of input and output tensors.
* Record each tensor’s dimensionality, data type, and role.
* Identify and note any mismatch.
3. If both the computational functionality and I/O specifications match, only output “compat-
ible”; otherwise, only output “no”.

Pretrained model operator: {...}; Engine-supported operator: {...}

If at least one engine-supported operator satisfies the above judgment rules, the

operator oi in the pretrained model is marked as compatible with the current infer-

ence engine ej. Such an agent-based judgment process can be expressed as:

Cj
i = C(oi, o

ej
1 ) ∨ C(oi, o

ej
2 ) ∨ · · · , ∀oej· ∈ Oej

C(oi, o
ej
1 ) = L(oi, ⟨name, functionality, IO, code⟩ | P.2)

(6.6)

where Cj
i = 1 means the agent determines that operator oi is supported by engine

ej. L is the black-box LLM function based on P.2. By traversing all operators in

the pretrained model M, we obtain a list of supported engines for each operator,

expressed as:

M ∼ {o1, o2, · · · }, oi ∼ [C1
i , C2

i , · · · ] (6.7)
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In addition, the list of supported engines for each operator is stored in the database

to enable efficient reuse and timely updates. Note that we also instruct the agent

to generate programs to register developer-customized operators into on-device in-

ference engines.

Remarks. AutoDeploy exploits agents to thoroughly excavate the underlying execu-

tion logic of operators via code analysis. Thus, the cumbersome process of operator

analysis and compatibility check can be delegated to the automated, knowledge-

armed agent without user intervention. Additionally, the agent is periodically trig-

gered to re-retrieve up-to-date knowledge and refresh the database.

6.4.2 Structure-Aware Pattern Detector

With the obtained information on operator-engine compatibility, we could intuitively

partition the pretrained model into several segments randomly, each fully supported

by a single inference engine for execution. However, we find that this vanilla parti-

tioning strategy often leads to increased inference latency.

Challenge. We deploy Deformable DETR [260] (hybrid architecture) on a Jetson

Nano board (GPU runtime) and a Raspberry Pi (CPU runtime). We record the

inference time of a single data batch under two settings: 1) using the vanilla par-

titioning method described earlier, and 2) manually registering all model operators

into three SOTA inference engines (ONNX Runtime, TensorRT, and OpenVINO).

As shown in Fig. 6.5(a), the vanilla method yields substantially longer model infer-

ence time than using a single inference engine, even under GPU runtime. A deeper

examination of the model partitions and their corresponding inference engines re-

veals that the vanilla partitioning method overlooks a critical factor: optimizable

operator patterns. Typically, inference engines employ two types of internal operator

optimization strategies: merging consecutive operators and removing redundant ones

based on predefined patterns. For instance, in Fig. 6.5(b), ONNX Runtime fuses the
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Figure 6.5: (a) The vanilla partitioning method results in significantly longer infer-
ence time (ORT – ONNX Runtime, TRT – TensorRT, OV – OpenVINO); (b) An
example of operator optimization: merging the Conv and the Add operator.

Conv and Add operators by folding the Add operator as the bias of the Conv operator

[267]. Therefore, partitioning AI models simply based on operator-engine compat-

ibility may damage these optimizable patterns, leading to unnecessary increases in

inference time.

Solution & Rationale. Taking optimizable patterns into account, we propose a

structure-aware pattern detector that operates in two stages: pattern mining and

model reorganization. 1) Pattern Mining. The detector analyzes the source code

of each on-device inference engine to extract and record its internal optimizable

patterns. 2) Model Reorganization. We first clone the pretrained model into multi-

ple copies, each corresponding to an on-device inference engine. The detector then

reorganizes each model copy by merging consecutive operators into unified compu-

tational units or removing redundant ones based on the mined optimizable patterns

with respect to each on-device engine. These patterns and the reorganized model are

further used as constraints in our greedy cross-engine inference algorithm (§ 6.4.3).

By keeping optimizable patterns intact and fully exploiting engine-specific optimiza-

tion mechanisms, AutoDeploy enables more efficient cross-engine model execution.

Pattern Mining. For each on-device inference engine ej, the agent first parses its

documentation to identify a list of internal optimizable operator patterns. Next,
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the agent is instructed to extract involved operators and locate the corresponding

implementation code for each optimizable pattern in the list:

Pj = {pj1, p
j
2, · · · }, pjr = ⟨Oj

r, c
j
r⟩, Oj

r = {oj1, o
j
2, · · · } (6.8)

where Pj is the identified pattern list of the current engine ej, Oj
r is the optimizable

operators of the r-th pattern, and cir is its implementation code, which will be further

used for model reorganization.

Model Reorganization. Next, we clone the pretrained model into multiple copies,

each corresponding to an on-device inference engine. We then reorganize each model

copy by implementing engine-specific operator optimizations. However, directly ex-

ecuting the extracted code snippets from pattern mining is infeasible, as the code

typically depends on build configurations and environment-specific dependencies that

are not included in the snippet. To tackle this issue, rather than simulating a com-

plete execution environment, we prompt (P.3) the agent to rewrite the code snippet

for operator optimization. Our prompt explicitly separates engine-specific details

from optimization logic and enforces a graph-level abstraction so that the rewritten

code can be consistently integrated into the model reorganization pipeline.

P. 9: Code Rewriting Prompt (simplified)

Given a code snippet that implements an operator-level optimization (fusion and removal) used
by an inference engine, your task is to rewrite this snippet so that it becomes a standalone,
portable function that can be directly applied to a computational graph of a model.

Rules: 1. Abstract away engine-specific dependencies
* Remove references to build configs or environment-specific libraries.
* Replace engine API calls with generic tensor/graph operations.
2. Preserve optimization semantics
* Maintain the same operator transformation (e.g., Conv+Add→Conv)
3. Code should be organized in a structured function
* Input: a graph representation of the model.
* Output: a modified graph with the optimization applied.

Raw code segment: {...}; Optimizable pattern: {...}.
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(a) Inference latency in distinct set-
tings

(b) Execution time of common oper-
ators

Figure 6.6: (a) Inference latency when randomly assigning compatible inference en-
gines; (b) The three engines require distinct times to execute the three common
operators (Gemm – general matrix multiplication).

Mathematically, the model reorganization process is expressed as:

M reorganize−−−−−→ {m1,m2, · · · ,mk},
mj ∼ {oj1, · · · , {ojr, o

j
r+1, · · · }

merge−−−→ ojr̂, · · · }
(6.9)

where M is the user-specified pretrained model, k is the number of on-device in-

ference engines and mj is the j-th reorganized model containing a list of optimized

operators.

6.4.3 Greedy Cross-Engine Inference Algorithm

Based on the obtained information of operator-engine compatibility and reorganized

models, the final step is to apply model partitioning and perform cross-engine infer-

ence appropriately.

Challenges. A straightforward approach to cross-engine inference is to randomly

select a compatible engine for each operator or pattern. Nevertheless, we find that

it often results in increased inference time. Following the same experiment settings

in § 6.4.1, we measure inference time in two scenarios: 1) randomly selecting a com-

patible engine for each operator and 2) using a single engine by manually registering

all operators. As illustrated in Fig. 6.6(a), the former requires significantly longer
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inference times than the others. A further breakdown uncovers two important fac-

tors:

• Even for the same operator, different engines require distinct computation

times. Fig. 6.6(b) shows the execution time of the three SOTA engines across

three common operators. We can see that OpenVINO executes LSTM more

efficiently, while ONNX Runtime computes Conv faster. Thus, even for a sin-

gle operator, engines exhibit significant performance variations, let alone when

existing AI models contain hundreds of such basic operators.

• Random engine selection inevitably causes frequent context switching, i.e.,

transferring intermediate outputs from one engine to the next each time a new

engine is selected. The engine switching overhead further exacerbates inference

time.

Consequently, randomly selecting a compatible inference engine for operator execu-

tion leads to suboptimal inference times.

Solution & Rationale. To address the above challenges, an intuitive approach

would be to search all possible combinations of model partitions and inference en-

gines. However, this method is prohibitively expensive and time-consuming. Instead,

as demonstrated in Fig. 6.7, we propose a greedy cross-engine inference algorithm,

with its pseudocode presented in Algorithm 1. The core idea is to sequentially assign

each operator in the pretrained model to the engine that both supports it and max-

imizes optimization benefits while minimizing engine-switching overhead. Moreover,

to prevent being trapped in local optimums, we introduce a bounded backtracking

mechanism that reverts to the previous state if the current partition scheme results

in a longer inference time. By jointly considering operator-engine compatibility, op-

timizable operator patterns, and switching costs at each step, we can incrementally

make locally optimal decisions and progressively converge. This design substantially
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Figure 6.7: The greedy cross-engine inference algorithm.

reduces computational complexity, enabling faster convergence without the need to

exhaustively explore the entire search space.

Definitions & Initialization. We begin by introducing relevant notations and

their definitions. The pretrained model M is composed of a list of operators

{o1, o2, · · · , on}. The target embedded device has k on-device inference engines

{e1, e2, · · · , ek}. The operator-engine compatibility matrix is Cn×k, where C[i, j] = 1

means the operator oi is supported by engine ej. After model reorganization, we

obtain k reorganized models {m1,m2, · · · ,mk} that contain k sets of engine-specific

optimizable operator patterns. We leverage nn-Meter [227] to profile the execution

time T n×k of each operator in the pretrained model, as well as the engine switching

time Sk×k.

Pattern Saving Credit. We first quantify the benefits of preserving each engine-

specific optimizable operator pattern during cross-engine inference. Specifically, For

an optimizable pattern {oji , o
j
i+1, · · · , o

j
i+p−1} in mj corresponding to engine ej, we

first define a small lookahead window w that, at operator index i, returns the set of

patterns that complete within [i, i + w − 1] if the required operators are kept on ej.

The pattern saving credit ∆(p, j) is then defined as the time saved by executing the
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optimized operators (merged or removed) compared with executing these operators

sequentially. Mathematically, this process can be expressed as:

completionsj(i, w) ⊆ {oji , o
j
i+1, · · · , o

j
i+p−1}

∆(p, j) =
∑i+p−1

r=i T j
r − Tr̂

(6.10)

where Tr̂ is the execution time of the optimized operator. Furthermore, a discounted

pattern credit is created to estimate the benefit unlocked by assigning oi to ej:

∆̂P (i, j) =
∑

p∈completionsj(i,w) γ(p, i, j) · ∆(p, j)

γ(p, i, j) =

{ ∏i+p−1
t=i · exp(−α · X̂(p, i, j)), ∀t ⇒ C[t, j] = 1

0, otherwise

(6.11)

where γ(p, i, j) is the discount, X̂(p, i, j) is a local estimate of extra switches that

would be induced to keep the span on ej (computed from recent assignments and S),

and α > 0 is a discount factor.

Greedy Scoring. We then define a greedy scoring function that evaluates each

operator-engine pair by balancing immediate execution latency, pattern credit, and

engine-switching overhead to select the locally optimal inference engine at each step.

For the first operator o1, we assign it to the engine with the shortest execution time,

denoted as ec (i.e., the current inference engine). Then, for each subsequent operator

oi in the pretrained model, we compute the marginal cost when assigning oi to

each compatible engine ej, considering the three constraints:

MC(i, j) = T [i, j]︸ ︷︷ ︸
latency

−λP · ∆̂P (i, j)︸ ︷︷ ︸
pattern credit

+λS · 1[ej ̸= ec] · S[c, j]︸ ︷︷ ︸
switch penalty

(6.12)

where λS and λP are two weights. We then pick the engine ej∗ that minimizes

MC(i, j), tie-breaking in favor of the current engine.

Bounded Backtracking. Greedy decisions may become trapped in local optima

[268], blocking the discovery of high-value optimizable patterns. Therefore, we de-
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Algorithm 1: Greedy Cross-Engine Inference Algorithm
Input : Pretrained modelM = {o1, . . . , on};

On-device inference engines E = {e1, . . . , ek};
Compatibility matrix Cn×k; Engine switching cost Sk×k;
Operator latency matrix T n×k (from nn-Meter);
Pattern libraries {P1, . . . ,Pk}; Regret threshold ρ;
Lookahead window w, backtrack depth B;
Weights λS , λP and discount factor α.

Output: Engine assignment list assign = [a1, . . . , an];
Segment list segments; total estimated cost total cost.

1 Initialize assign← [], segments← [], history← [ ];
2 Initialize total cost← 0, ec ← ∅;
3 for i = 1 to n do
4 candidates← {ej | C[i, j] = 1};
5 foreach ej ∈ candidates do
6 MC← T [i, j];
7 if ec ̸= ∅ and ej ̸= ec then
8 MC←MC+ λS · S[c, j];
9 end

10 ∆̂P ← 0;
11 foreach p ∈ matchers[ej ].completions(i, w) do
12 disc← γ(p, i, j, C,S, α);
13 ∆̂P ← ∆̂P + disc ·∆(p, j);
14 end

15 MC←MC− λP · ∆̂P ;
16 Record (MC, ej) in score list;
17 end
18 Select e∗ = argminej MC(i, j) (tie-break in favor of ec);
19 assign[i]← e∗;
20 Update segments and total cost;
21 Push (i, ec, e

∗,MC, snapshot(matchers)) into history;
22 ec ← e∗;
23 if should backtrack(i, history,matchers, ρ, B) then
24 irev ← find revert point(history, B);
25 if irev ̸= ∅ then
26 restore from(history, irev);
27 alternative at(irev, assign, segments, C, T ,S,P);
28 end
29 end
30 end
31 return (assign, segments, total cost);

sign a bounded backtracking mechanism as a remedy that selectively reverts a lim-

ited number of recent engine assignments to recover potential optimizable patterns.

Specifically, the algorithm records a short history of recent decisions, including op-

erator indices, assigned engines, and marginal costs. After each assignment, the

algorithm evaluates whether reverting a recent switch could unlock a high-value pat-

tern in completionsj(t, w) within a bounded window t ∈ [i − B + 1, · · · , i]. If the

potential savings exceed a regret threshold ρ, i.e., fraction of the recent window cost,

156



Table 6.2: Detailed information of the embedded devices.

Type Device RAM VRAM Storage

Embedded
Device

Raspberry Pi 5 8GB - 32GB
Jetson Nano 4GB 4GB 64GB

IBOX-606 mini PC 32GB 12GB 256GB
Router Mi AX3000 256MB - -

Edge Server Supermicro X11SCA-F 32GB 16GB 1T

the algorithm rolls back to the corresponding decision, replaces the engine assignment

with the optimal alternative, and replays greedily forward.

Complexity Analysis. In conventional brute-force search-based methods, each of

the n operators in the pretrained model has k possible engine selections, resulting in

O(kn) distinct operator-engine combinations, which is highly inefficient. In contrast,

our greedy traversal sequentially evaluates each operator once, considering at most W

pattern completions within a fixed lookahead window w. Therefore, the per-operator

computational cost is O(kW ), and the total complexity is O(nkW ). Since both W

and the bounded backtracking depth B are small constants in practice, the algorithm

achieves near-linear time complexity with respect to n. Detailed theoretical analysis

could be found in § 9.1

6.5 Experiment Setup

6.5.1 Implementation

Hardware. We implement AutoDeploy on an edge server and deploy various models

on three embedded devices: a Raspberry Pi, a Jetson Nano board, and an embedded

mini PC. The edge server and the embedded devices are connected via a router within

a local area network. We use CPU runtimes for models deployed on the Raspberry

Pi and the mini PC, and GPU runtimes for those executed on the Jetson Nano board

and the mini PC. Table 6.2 shows the hardware configurations of the devices.
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Software. We implement AutoDeploy with 2,432 lines of Python code. AutoDeploy

employs LangChain [91] as the agent development framework, Tavily [98] as the web

search engine, and Chroma [239] as the vector database for storing the extracted

operator knowledge. We further develop a communication interface for AutoDeploy

to remotely access and control target embedded devices. GPT-4o [269] serves as the

backend LLM of AutoDeploy, while text-embedding-ada-002 [270] is used for text

embedding generation. Note that we find that other LLMs, including open-sourced

models, can also accurately perform compatibility checking and optimizable pattern

detection.

6.5.2 Evaluation Protocols

We evaluate AutoDeploy using 150 pretrained models for a comprehensive assessment

and three embedded AI applications for a case study. In addition, we conduct a user

study to examine the generalizability of AutoDeploy, where we invite users to propose

improvisational requirements for deploying diverse AI models.

Pretrained Models. As mentioned in § 6.2.2, we download 150 pretrained AI

models from Hugging Face based on different model architectures, inference tasks,

model sizes, and pretrained model formats. Detailed information on these models is

shown in Table 6.2.

Embedded AI Applications. Based on input data modality, model architecture,

and device heterogeneity, we select three representative embedded AI applications:

image recognition (visual), speech sentiment analysis (audio), and visual-language

understanding (multimodal). 1) Image Recognition (IR) on embedded devices

enables real-time processing and analysis of visual data in areas such as autonomous

driving [70, 271] and healthcare [69]. We select a pretrained CNN -based ResNet-

152 [272] model, instruct AutoDeploy to deploy it on a Raspberry Pi, and evaluate

it on a subset of the ImageNet dataset [273] that contains 100,000 RGB images in
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1,000 classes. 2) Speech Sentiment Analysis (SSA) on audio data involves ana-

lyzing speech patterns to determine the emotional tone of spoken content, fostering

smart voice assistants, customer service interactions, etc. We select the fine-tuned

CNN+Transformer -based Whisper model [274], prompt AutoDeploy to deploy it on

a Jetson Nano board, and assess it using the TESS [275] dataset that has 2,800 au-

dio samples in seven emotion types. 3) Vision-Language Understanding (VLU)

leverages Vision-Language Models (VLMs) to interpret and describe general images

(e.g., logical diagrams and formula recognition), enabling applications such as visu-

ally impaired assistant [276]. We select the pre-trained multimodal Transformer -

based DeepSeek-VL-1.3b [277] as the VLM model, request AutoDeploy to deploy it

on the edge mini PC, and evaluate it on the MMMU benchmark [241], comprising

11.5K meticulously collected image understanding questions covering six core disci-

plines, i.e., art & design, business, science, medicine & healthcare, humanities, and

technology & engineering. For all the models, we manually convert them into the

four model types (PyTorch [256], ONNX [243], TensorFlow [47], and Keras [278])

for deployment, respectively. We also ensure that each model is affordable by the

resource-constrained embedded devices. Note that the fine-tuned Whisper model and

the VLM use certain operators (e.g., LayerNormalization, FusedConv) that are

not fully supported by any single inference engine.

6.6 Evaluation

6.6.1 Metrics

To evaluate AutoDeploy, we adopt two metrics: 1) Deployment success rate. To

investigate the efficacy of AutoDeploy, we record the proportion of models that can

be successfully deployed and executed on the target embedded device. 2) Wall-clock

time. To measure the efficiency of AutoDeploy, we record the time required from the
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moment a user specifies a pretrained model to its successful deployment on the target

embedded device. Furthermore, to assess the real-time performance of the deployed

models, we adopt three types of metrics: 1) Inference Latency. We measure

the time required to produce an inference result. 2) Resource Consumptions.

We measure the maximum CPU RAM usage and GPU VRAM usage during model

execution. 3) Task Accuracy. For IR and SSA, we record the classification accuracy

to assess how effectively the on-device model recognizes objects from input images

or identifies emotions from audio data. For VLU, we measure the micro-averaged

accuracy as defined by the MMMU benchmark [241].

6.6.2 Baselines

To the best of our knowledge, no existing system in literature can auto-

mate model deployment for heterogeneous embedded devices. Thus, we

consider three baseline types:

• SOTA Inference Engines: ONNX Runtime [255], TensorRT [45], Open-

VINO [46], TVM [257], and MLIR [258]. Note that we manually register un-

supported operators into these inference engines.

• Human†. We invite 15 developers and evenly divide them into three groups

based on their self-assessed development experience and expertise. Human

Group 1 (H1) are experts with extensive experience in deploying AI models

on various embedded devices. Human Group 2 (H2) are semi-experts who

only have extensive experience in training AI models but with basic knowledge

about embedded devices and model deployment. Human Group 3 (H3) are

non-experts who have limited knowledge of AI models and embedded devices

with little practical experience. Note that the users are permitted to freely use

†All human evaluations were approved by our institution’s ethics review board (IRB).
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(a) Deployment success rate (b) Inference latency

(c) Resource Consumption (d) Task accuracy

Figure 6.8: Evaluation results on the 150 open-source models (Left: GPU runtime;
Right: CPU runtime; Labels from bottom to top: AD – AutoDeploy, ORT – ONNX
Runtime, TRT – TensorRT, OV – OpenVINO, MI – MLIR, IP – IoTPilot, EG –
EmbedGenius).

LLMs to assist their work.

• Agentic Coding Systems. We select two SOTA agent-based coding systems

that are tailored for embedded AI application development: IoTPilot [6] and

EmbedGenius [7]. We prompt each agent to synthesize an executable program

for on-device model deployment and inference.

6.6.3 Comprehensive Model Evaluation

We first instruct AutoDeploy to deploy the 150 pretrained models across the three

embedded devices, using both CPU and GPU runtimes, respectively. During model

execution, we record the deployment success rate, the average inference latency,

resource consumption, and task accuracy. As presented in Fig. 6.8, we find that:

❶ AutoDeploy achieves a near-100% deployment success rate, significantly
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outperforming the baselines. This is primarily because AutoDeploy retrieves

and analyzes operator-engine compatibility to ensure that every model operator is

executable on a supported inference engine. The only failure case occurs with the

“webpage element detection” model [279], as it uses the Upsample operator, which

was deprecated by the selected inference engine (i.e., ONNX Runtime) since operator

version 10 in favor of Resize [280, 262]. In contrast, single-engine-based methods fail

to execute at least 25.3% of the pretrained models on various embedded devices due

to unsupported operators. Similarly, agent-based coding frameworks are unaware

of the model-engine mismatch issue and tend to randomly select a single engine for

on-device inference.

❷ AutoDeploy also achieves lower inference latency. The underlying reason is

that AutoDeploy integrates multiple inference engines and organically harnesses their

internal operator optimization methods for more efficient cross-engine inference. In

addition, our greedy algorithm in AutoDeploy facilitates achieving an optimal bal-

ance among ensuring operator-engine compatibility, preserving optimizable operator

patterns, and avoiding frequent context switching. On the contrary, agent-based cod-

ing systems randomly select a compatible engine for on-device inference, indicating

that even with manually registered operators, adhering to a single engine may still

lead to suboptimal inference latency.

❸ AutoDeploy maintains real-time performance comparable to the baselines

without sacrificing task accuracy. Although AutoDeploy simultaneously hosts

multiple inference engines at runtime, its memory consumption is only slightly more

than that of the baselines (just over 200 MB). This increase remains acceptable

in light of the model size [281]. Moreover, AutoDeploy achieves an average task

accuracy on par with that of the baselines.

The above results demonstrate that AutoDeploy can effectively address the model-

engine mismatch issue by leveraging multiple inference engines to collectively support
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(a) Wall-clock time (b) Inference latency

(c) Resource consumption (d) Classification accuracy

Figure 6.9: Evaluation results for image recognition (AD – AutoDeploy, H1 – human
group 1, H2 – human group 2, H3 – human group 3, IP – IoTPilot, EG – EmbedGe-
nius, ORT – ONNX Runtime, OV – OpenVINO, MI – MILR).

a diverse set of model operators, meanwhile reducing overall inference latency and

maintaining real-time performance comparable to the baselines.

6.6.4 Case Study: Embedded AI Applications

Image Recognition (IR). We propose deploying the ResNet-152 model on a Rasp-

berry Pi for image recognition and repeating the experiment 20 times to avoid ran-

domness. From Fig. 6.9, we observe that AutoDeploy significantly reduces the time

(only around 12 minutes) required for model deployment across different embedded

devices. On the contrary, human baselines need substantially 79.3% more time to

successfully deploy the IR model, even when they may resort to LLMs’ assistance.

Additionally, agent-based assistants spend over 15 minutes iteratively refining the

generated code to ensure that it is executable for model deployment. These results

further demonstrate the effectiveness of AutoDeploy in translating user requirements

to executable, on-device embedded models to enable efficient inference.
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On top of reducing deployment time, AutoDeploy also achieves lower inference

latency than the baselines, with an average reduction of approximately 21.9%. This

performance gap widens (Fig. 6.10 and Fig. 6.11) as the model becomes more com-

plex and includes a greater variety of unsupported or developer-customized operators.

The underlying reason is that the structure-aware pattern detector identifies optimiz-

able patterns that are exploited during cross-engine model inference, thereby reduc-

ing overall inference latency. Additionally, compared with the baselines, AutoDeploy

achieves more stable real-time performance with lower standard deviations across all

evaluation metrics. In particular, AutoDeploy achieves 1.3 minutes, 0.02 seconds,

0.05 GB, and 2.3% standard deviations in terms of deployment time, inference la-

tency, CPU RAM usage, and task accuracy, respectively. Notably, this observation

is consistent across all the 3 AIoT applications, and the benefit of AutoDeploy is

amplified especially when the task becomes too complex.

Last but not least, AutoDeploy consumes around 220 MB more memory than the

baselines while maintaining comparable classification accuracy.

Speech Sentiment Analysis (SSA). Fig. 6.10 shows the evaluation results of

the tuned Whisper model after deployment. Since this model is more complex and

contains more unsupported operators, human baselines require significantly longer

deployment times, with non-experts even taking up to 70 minutes. In contrast, LLM-

assisted systems, i.e., AutoDeploy, IoTPilot, and EmbedGenius, require substantially

less time for embedded Whisper deployment, benefiting from the automated work-

flows of AI agents. Notably, AutoDeploy consumes nearly half the deployment time

of IoTPilot and EmbedGenius. This improvement arises because the model inference

process is entirely performed via our efficient greedy cross-engine inference algorithm,

whereas agents are used solely for operator analysis. This design reduces overall de-

ployment time compared with the other two systems, which entirely rely on agents

for model deployment code generation and iterative refinement.
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(a) Wall-clock time (b) Inference latency

(c) Resource consumption (d) Classification accuracy

Figure 6.10: Evaluation results for speech sentiment analysis (SSA).

Interestingly, we found that the IoTPilot-deployed model consumes less memory

but attains significantly lower accuracy than the others. Further investigation reveals

that IoTPilot detects that some operators cannot be executed by any on-device infer-

ence engine and generates code to remove them. Consequently, the resulting model

becomes smaller and consumes less memory but exhibits lower accuracy. Moreover,

among the baselines, TensorRT achieves the lowest inference latency of approximately

0.5 ms. This is because TensorRT, developed by NVIDIA, is highly optimized for

NVIDIA-designed hardware, i.e., the Jetson Nano board, and its corresponding run-

time environment.

Vision Language Understanding (VLU). Fig. 6.11 shows the evaluation results

of the deployed VLU model. We observe that as the model size increases (the fine-

tuned Whisper model contains 0.6B parameters, whereas the VLU model has 1.3B

parameters), the efficiency of AutoDeploy in embedded model deployment becomes

increasingly evident, with the wall-clock deployment time remaining around 15 min-

utes. Moreover, the time consumption of agent-based systems increases significantly
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(a) Wall-clock time (b) Inference latency

(c) Resource consumption (d) Micro-averaged accuracy

Figure 6.11: Evaluation results for vision-language understanding (VLU).

because they are unaware of the model-engine mismatch issue and repeatedly modify

the model deployment code without clear guidance. As a result, they fall back to

CPU runtimes for model inference, leading to substantially longer execution times

(exceeding 500 ms). Similarly, AutoDeploy can also retain comparable real-time

performance in terms of both resource consumption and task accuracy.

Remarks. Overall, the superior performance of the embedded models deployed by

AutoDeploy stems from three key components: the agent-based operator analyzer,

which automatically inspects operators with minimal user intervention and enhanced

deployment efficiency; the structure-aware pattern detector, which preserves optimiz-

able patterns to reduce inference latency; and the greedy cross-engine inference al-

gorithm, which comprehensively accommodates multiple factors to optimize overall

inference time.
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(a) Ablation on operator informa-
tion

(b) Ablation on our greedy algo-
rithm

Figure 6.12: Ablation study on speech sentiment analysis (AOA – Agent-Based Op-
erator Analyzer, SPD – Structure-Aware Pattern Detector, PC – pattern credit, SP
– switching penalty).

6.6.5 Ablation Study

We conduct ablation studies to evaluate the impact of the technical modules in

AutoDeploy. For demonstration purposes, we use speech sentiment analysis as an

example, though similar phenomena are also observed in the other two embedded AI

applications.

Operator Information. To evaluate the impact of the retrieved operator in-

formation, we conduct an ablation study with three configurations: 1) the full

AutoDeploy system, 2) AutoDeploy without the agent-based operator analyzer, and

3) AutoDeploy without the structure-aware pattern detector. We report the average

deployment success rate and inference latency in Fig. 6.12(a). We find that removing

the operator analyzer results in a substantial drop in deployment success rate, as it

provides critical compatibility information between each operator in the pretrained

model and various on-device inference engines. Without this knowledge, AutoDeploy

cannot assign each model partition to appropriate engines for effective on-device in-

ference and often falls back to inefficient CPU runtimes. Moreover, disabling the

pattern detector causes a dramatic increase in inference latency, as optimizable op-

erator patterns are no longer preserved during partitioning.

Greedy Algorithm. To investigate the role of different factors in our greedy al-
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Table 6.3: Participant information of the user study (N=20)

Category Background Information

Gender Female (45%), Male (40%), Prefer not to say (15%)
Age Under 18 (5%), 18-30 (75%), 30-39 (10%), 40 and older (10%)
Education Bachelor (5%), Master (20%), Doctoral (70%), Others (5%)
English Beginner (5%), Intermediate (20%), Advanced (65%), Fluent (10%)
Expertise Expert (50%), Semi-expert (50%)

gorithm when calculating the marginal cost in Eq. 6.12, we consider three ablation

configurations: 1) the full AutoDeploy system, 2) AutoDeploy without the pattern

credit term, and 3) AutoDeploy without the switch penalty term. We then present

the inference latency and task accuracy of the deployed model in Fig. 6.12(b). It

can be observed that model accuracy remains largely stable across all settings, as

the parameters of the pretrained model are unchanged. Nonetheless, both factors

significantly affect inference latency. In particular, the inference latency increases by

1.5x when optimizable operator patterns are not preserved and nearly doubles when

engine-switching overhead is neglected.

6.6.6 User Study for Generalizability Evaluation

To assess the utility, overall user satisfaction, and generalizability of AutoDeploy,

we conduct a user study involving 10 new expert users and 10 semi-expert users. In

order to test the generalizability of AutoDeploy, we did not limit the tasks. Instead,

participants are explicitly asked to freely express their requirements for deploying

various open-source models on embedded devices to evaluate system generalizability.

Expert users have rich experience in inference engines and have developed multiple

embedded AI applications, while semi-expert users are proficient in model training

but possess only basic knowledge of embedded devices and engines. Table 6.3 lists

the detailed background information of the participants.

Evaluation Metrics. We ask users to rate AutoDeploy based on four metrics: 1)
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(a) Overall performance (b) Long-term evaluation

Figure 6.13: Evaluation results of the user study.

Real-Time Performance (RTP) evaluates the overall performance of the deployed

model using private test data on the target device, including task accuracy and

resource consumption; 2) Model Inference Efficiency (MIE) measures how quickly

a model can produce an inference result given an input data sample; 3) Deployment

Efficiency (DE) assesses how efficiently AutoDeploy deploys the optimized model on

heterogeneous embedded devices for execution; 4) User Satisfaction (US) captures

users’ overall experience with AutoDeploy during usage. All metrics are rated on a

scale from 1 (not at all) to 5 (completely).

Overall Performance. Fig. 6.13(a) illustrates the overall performance of the user

study with averaged scores. Both experts and semi-experts provide high ratings

(above 4.6) for AutoDeploy in terms of RTP, MIE, and US. However, semi-expert

users tend to give higher scores than expert users for DE. This discrepancy stems

from the semi-experts’ limited familiarity with embedded model deployment, as well

as their lack of domain knowledge regarding diverse inference engines and execution

configurations tailored for heterogeneous embedded devices. As a result, they are

more likely to rate higher scores for deployment efficiency since AutoDeploy provides

an end-to-end solution from user-specified pretrained models to on-device efficient

model inference across various embedded devices. Such results exhibit AutoDeploy’s

high generalizability in deploying various open-source models to heterogeneous em-

bedded devices with enhanced user experience.
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Long-term Evaluation. We also invite expert users to participate in a long-

term evaluation to investigate the impact on DE and US as system utilization in-

creases. Fig. 6.13(b) shows that with increasing user engagement, both DE and

US gradually increase, exhibiting a similar growth trend. As system usage time

increases, AutoDeploy gradually retrieves and accumulates more comprehensive

operator-engine compatibility information and optimizable operator patterns in the

local database. Consequently, when new user requests arrive, our greedy algorithm

can compute the marginal cost directly based on the database rather than repeatedly

querying online sources. The local knowledge base is also continuously updated on

a regular basis. As such, the deployment efficiency is enhanced as system utilization

increases, and in turn, contributes to higher US scores. These results demonstrate

the outstanding usability and efficiency of AutoDeploy in long-term use.

6.7 Discussion

Agent-Assisted Operator Registration and Code Generation. As AI agents

rapidly progress, one might leverage them to automatically synthesize programs to

register all unsupported model operators into inference engines. Though possible, our

extensive experiments have demonstrated that sticking to a single inference engine

still yields suboptimal inference latency (§ 6.6.3, § 6.6.4). Additionally, others may

instruct AI agents (e.g., EmbedGenius [7], MapCoder [1]) to generate code for cross-

engine inference. However, after conducting 100 repeated experiments, we find that

only 1% of the synthesized programs succeed, as these agents are designed for general-

purpose programming and lack the domain knowledge required for embedded model

deployment.

Error Handling in Agentic Systems. In agentic systems, a common challenge is

the generation of incorrect intermediate results during multi-step reasoning. These
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errors can propagate and lead to incorrect final outputs, significantly impacting

agents’ reliability. To address this, AutoDeploy incorporates Reflexion [245] that

enables agents to reflect on failed attempts and iteratively improve. Moreover, to

further enhance the robustness of AutoDeploy in helping agents detect and recover

from mistakes during multi-step reasoning, we plan to orthogonally integrate more

advanced techniques (e.g., ReAct [282]) as part of our future work.

6.8 Related Work

Model Deployment on Embedded Devices. Considering that embedded de-

vices have constrained resources and limited computational capabilities, developers

typically select an appropriate inference engine to deploy AI models based on specific

hardware configurations and runtime environments of the device. Inference engines,

effectively model accelerators, incorporate various internal optimization methods to

enhance inference efficiency. While existing works [283, 284, 285] focus on enhancing

model performance (e.g., accuracy, latency) across heterogeneous execution environ-

ments [286, 287, 288], most of them ignore the model-engine mismatch issue. To

address this problem, instead of relying on a single inference engine, AutoDeploy

seeks to strategically partition models into several segments and leverage multiple

inference engines to execute them alternately, meanwhile reducing overall inference

latency.

AI agents. AI agents [56, 289, 290, 291, 292, 264] automate complex tasks by in-

tegrating LLMs [293, 294, 295, 296, 297] with various third-party tools (e.g., web

search engines). These agents can be applied to various applications, such as pro-

gram synthesis [5, 298] and smart assistants [299]. Furthermore, some studies [2, 300]

construct multiple agents to collaboratively accomplish complex tasks, allowing spe-

cialized agents to work together and adapt to dynamic environments efficiently. For
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example, MapCoder [1] solves competitive programming tasks via four agents that

handle different development stages. However, as discussed in § 6.7, these general

coding agents are unaware of the model-engine mismatch issue and thus struggle

to deploy diverse models on heterogeneous embedded devices (only 1% of success

rate). In contrast, AutoDeploy features specialized design in operator analysis and

operator-engine compatibility check, addressing unique technical challenges (e.g.,

distinct operator names, preserving optimizable patterns) and significantly reducing

human effort with enhanced deployment efficiency.

6.9 Chapter Summary

This paper presents AutoDeploy, an end-to-end system for automated AI model

deployment on heterogeneous embedded devices. Targeting the model-engine mis-

match issue, AutoDeploy addresses three key challenges, substantially improving the

efficiency of embedded model deployment and reducing inference latency by strate-

gically coordinating and scheduling multiple inference engines. In addition, user

studies demonstrate AutoDeploy’s high generalizability in deploying various open-

source models to heterogeneous embedded devices. We believe AutoDeploy can un-

lock the potential to drive the practical deployment of AI models across diverse and

distributed embedded devices in real-world everyday applications.
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Chapter 7

Discussions

To properly contextualize the contributions of this framework, it is necessary to

examine the complete end-to-end AIoT application lifecycle, which fundamentally

consists of four distinct stages: data collection via physical sensors, data transmis-

sion across networks, data processing using advanced algorithms and AI models,

and decision-making or physical actuation. The empirical evaluations and system

designs presented in this thesis, spanning AutoIOT, GPIoT, SE2, and AutoDeploy,

predominantly emphasize the data processing and model deployment phases. We

intentionally prioritized these specific stages because they represent the most severe

technical bottlenecks for developers; they require complex, adaptive algorithms to

handle fluctuating sensor noise, rigid memory constraints, and highly heterogeneous

edge hardware runtimes. In contrast, the data collection and transmission stages are

frequently managed by standardized network protocols and manufacturer-provided

commercial off-the-shelf sample code. Nevertheless, the core agentic architecture we

developed is fundamentally generalizable to the broader lifecycle. Because the pro-

posed systems rely on natural language prompts, open-ended reasoning, and adapt-

able workflows, users can readily instruct these agents to synthesize scripts for initial

raw data collection or cross-network data transmission. Moving forward, expand-

ing this agentic paradigm to comprehensively automate and organically integrate
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all four stages, such as deploying multiple collaborating agents to seamlessly handle

cross-device synchronization alongside intelligent data processing, represents a highly

promising direction for future autonomous AIoT research.

To properly contextualize the experimental evaluations presented in this thesis, it

is important to address the scope of the selected AIoT application scenarios. Initially,

evaluating automated code-generation and agentic systems in the AIoT domain pre-

sented a unique challenge: the research community inherently lacked comprehensive,

high-fidelity benchmarks specifically designed to assess programming capabilities for

sensor-based and embedded systems. Consequently, my early evaluations, such as

those conducted for AutoIOT, were necessarily constrained to a curated set of rep-

resentative case studies, including heartbeat detection and human activity recogni-

tion. To systematically overcome this community-wide limitation, we explicitly con-

structed IoTBench during the development of GPIoT, introducing a dedicated bench-

mark tailored for evaluating AIoT program synthesis. In my subsequent research,

including SE2, we transitioned to a more robust, two-tiered evaluation methodology:

first leveraging IoTBench to rigorously evaluate the code-generation capabilities of

my proposed systems against state-of-the-art baselines across a broad spectrum of

standardized tasks, and subsequently complementing these benchmark results with

deep-dive analyses on three to four highly complex, real-world multimodal applica-

tions (such as Vision-Language Understanding and Object Detection in Autonomous

Driving). This progression not only validates the adaptability of the frameworks pro-

posed in this thesis but also establishes a foundational benchmarking standard for

future AIoT software engineering research.

While this dissertation fundamentally adopts an empirical, systems-building

methodology to solve practical AIoT engineering challenges, the proposed frame-

works are strictly grounded in formal computational theory and mathematical op-

timization. For the physical deployment phase, the automated model partitioning

174



problem is formalized as a constrained graph optimization task, where the compu-

tation graph G = (V,E) must be mapped across heterogeneous engines. To solve

this, the greedy cross-engine inference algorithm in AutoDeploy is designed with

rigorous theoretical bounds; it achieves a near-linear time complexity of O(nkW )

relative to the number of operators n, inference engines k, and lookahead window

W , mathematically avoiding the intractable O(kn) exponential complexity inher-

ent to brute-force combinations. Furthermore, in the context of agentic program-

ming, the dynamic workflow construction in SE2 theoretically mirrors a Markov De-

cision Process (MDP), where the coordinator agent navigates a discrete state-action

space (retrieve, reason, code, test) driven by intermediate semantic rewards derived

from runtime feedback. Finally, the localized intelligence paradigms, specifically

Parameter-Efficient Co-Tuning (PECT) in GPIoT and Reinforcement Fine-Tuning

(RFT) in SE2, rely on rigorous policy-gradient mathematical updates to optimize

agentic reasoning and minimize cross-domain misalignment. By formally bounding

computational complexities and mathematically defining the state-action spaces of

these multi-agent systems, this framework establishes a robust theoretical foundation

that strongly complements its extensive empirical validation.
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Chapter 8

Conclusions

The convergence of AIoT represents a transformative leap toward a world where

physical devices possess the intelligence to perceive, reason, and act. However, the

realization of this vision has long been hindered by a high technical barrier to en-

try. Developing robust AIoT applications traditionally demands “full-stack” exper-

tise, spanning signal processing, deep learning architecture, and embedded systems

optimization, creating a chasm between domain experts and deployable solutions.

This thesis has presented a comprehensive framework for Agentic Automated

AIoT Application Development, leveraging the emergent reasoning capabili-

ties of LLMs to bridge this gap. By moving beyond simple code generation to

autonomous, feedback-driven agentic workflows, we have demonstrated that it is

possible to automate the entire lifecycle of an AIoT application, from natural lan-

guage programming to optimized deployment on heterogeneous edge hardware.

To address the fundamental challenge of translating high-level human intent into

executable embedded code, we introduced AutoIOT. This system established the first

end-to-end framework capable of coupling LLMs with structure-aware knowledge re-

trieval and a novel compiler-feedback loop. By empowering non-experts to develop

complex sensing applications using only natural language, AutoIOT effectively treats

natural language as a new programming interface for the IoT. Recognizing that re-
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liance on cloud-based automation introduces critical privacy risks and latency issues,

we subsequently proposed GPIoT, a paradigm shift toward local intelligence. We

demonstrated that Small Language Models (SLMs) can rival massive cloud models

when tailored specifically for the IoT domain through our Parameter-Efficient Co-

Tuning (PECT) strategy. This approach resolves the “domain misalignment” be-

tween task planning and coding, enabling collaborative SLMs to synthesize privacy-

preserving code directly on the edge.

Furthering AutoIOT and GPIoT, to address the rigidity of traditional agentic au-

tomation pipelines, we introduced SE2 to enable adaptive evolution. By moving

beyond static workflows to a dynamic Self-Exploration and Self-Evolution paradigm,

we created agents capable of constructing their own workflows on the fly. These

agents leverage reinforcement learning and mobile runtime feedback to adapt to

unseen sensors and changing environmental conditions, ensuring that automation

remains robust in the chaotic physical world.

Last but not least, beyond code generation, this thesis tackled the persistent

“model-engine mismatch” that bottlenecks the deployment of trained models to di-

verse edge devices. Through AutoDeploy, we replaced labor-intensive manual oper-

ator patching with an intelligent agentic workflow. By employing agents to analyze

operator source code and utilizing a greedy cross-engine inference algorithm, the sys-

tem automatically partitions models across available inference engines, significantly

reducing inference latency and liberating developers from the burden of hardware-

specific optimization.

Looking forward, the research presented in this thesis opens several promising av-

enues for future exploration. While our current frameworks focus on single-device ap-

plications, the next frontier involves multi-agent collaboration, where distinct agents

representing different devices coordinate to build large-scale distributed systems, such

as smart city infrastructures or swarm robotics [301]. Moreover, we expect an “Agent-
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Everywhere” paradigm for end-to-end AIoT application development (from hardware

setup to final deployment and maintenance). Agents can reside not only on our PC

for vibe coding, but also even on heterogeneous mobile devices for grounded, runtime

monitoring and deployment. Furthermore, extending our adaptive agents to support

lifetime learning would allow deployed systems to continuously optimize themselves

as sensors degrade or user behaviors shift, without requiring human intervention.

Finally, as we grant agents greater autonomy to control physical actuators, devel-

oping rigorous verification frameworks to guarantee the safety of agent-generated

code becomes paramount. Collectively, the contributions of this thesis establish a

solid foundation for the next generation of AIoT developmentone that is automated,

accessible, private, and continuously adaptive.
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Chapter 9

Appendix

9.1 Complexity Analysis

This section provides a theoretical analysis of the proposed greedy cross-engine in-

ference algorithm in Algorithm 1.

Theorem 1 (Conditional Near-Optimality). Let AG = (a1, . . . , an) denote the engine

assignment produced by the proposed greedy cross-engine inference algorithm, and let

A∗ = (a∗1, . . . , a
∗
n) denote an optimal feasible assignment. The actual inference latency

of an assignment A is defined as

L(A) =
n∑

i=1

T [i, ai] +
n∑

i=2

I[ai−1 ̸= ai]S[ai−1, ai] − G(A), (9.1)

where G(A) denotes the total latency reduction obtained from the engine-specific op-

erator optimization patterns preserved by A.

Assume that:

1. Every optimizable operator pattern p ∈ Pj has length at most L:

|p| ≤ L. (9.2)

2. The lookahead window and backtracking depth satisfy

w ≥ L, B ≥ L. (9.3)
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3. The estimated pattern benefit is conservative, i.e.,

0 ≤ ∆̂P (i, j) ≤ ∆P (i, j), (9.4)

where ∆P (i, j) denotes the realizable optimization benefit associated with as-

signing oi to ej. The relative estimation error is bounded by ϵ ∈ [0, 1).

4. For every local window W containing at most B consecutive operators, the

residual optimization benefit obtained by the optimal assignment but not pre-

served by the greedy assignment after the backtracking procedure terminates is

bounded by

R(W ) ≤ (ρ + ϵ)LG(W ), (9.5)

where LG(W ) denotes the actual inference latency of the greedy assignment

within W and ρ + ϵ < 1.

Then the proposed greedy algorithm satisfies

L(AG) ≤ 1

1 − ρ− ϵ
L(A∗) . (9.6)

Proof. We first establish that the assignment produced by the algorithm is feasible.

At iteration i, the algorithm constructs the candidate engine set

Ei = {ej ∈ E | C[i, j] = 1} . (9.7)

The selected engine ai is always chosen from Ei. Consequently,

C[i, ai] = 1, ∀i ∈ {1, . . . , n}, (9.8)

and therefore AG is a feasible engine assignment.

For each candidate engine ej ∈ Ei, the algorithm evaluates the marginal cost

MC(i, j) = T [i, j] + λSI[ej ̸= ec]S[ec, j] − λP ∆̂P (i, j), (9.9)
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where ec is the engine assigned to the preceding operator.

The first term represents the execution latency of the current operator. The

second term explicitly accounts for the context-switching overhead incurred when the

current operator is assigned to an engine different from ec. The third term rewards

an engine assignment that preserves engine-specific optimization opportunities.

Consider an optimizable pattern

p = (os, os+1, . . . , ot) (9.10)

that can be optimized by engine ej. By the bounded-pattern-length assumption,

t− s + 1 ≤ L. (9.11)

Since w ≥ L, the complete pattern is contained in the lookahead window when the

algorithm makes the decision for its first operator. Therefore, the pattern can be

identified by

matchers[ej].completions(i, w).

The corresponding estimated optimization benefit is

∆̂P (i, j) =
∑

p∈completions(i,w)

γ(p, i, j, C,S, α)∆(p, j). (9.12)

By the conservative estimation assumption,

0 ≤ ∆̂P (i, j) ≤ ∆P (i, j). (9.13)

Hence, the greedy algorithm does not assign an optimization benefit larger than the

benefit that can actually be realized.

The switching overhead is explicitly included in the marginal cost. For ej ̸= ec,

the additional cost is

λSS[ec, j], (9.14)
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whereas no switching cost is incurred when ej = ec. Thus, the greedy selection jointly

considers the immediate execution latency, the optimization opportunities exposed

by the current assignment, and the cost of switching from the current inference

engine.

We next consider the effect of greedy decisions on optimizable patterns. Let

p = (os, . . . , ot) (9.15)

be a pattern that is preserved by A∗ but is not preserved by AG. Because

|p| ≤ L ≤ B, (9.16)

the entire pattern lies within the backtracking horizon whenever a recent greedy

decision invalidates it.

Suppose that the greedy assignment breaks the pattern at some operator or,

where s ≤ r ≤ t. The backtracking procedure examines recent decisions through

find revert point(history, B)

and restores the state to a previous decision whenever

should backtrack

detects sufficient local regret. The subsequent

alternative at

operation evaluates an alternative feasible engine assignment and continues the

greedy construction.

By the bounded-regret assumption, after this backtracking procedure terminates,

the optimization benefit of patterns preserved by A∗ but not preserved by AG within

any local window W satisfies

R(W ) ≤ (ρ + ϵ)LG(W ). (9.17)
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Partition the operator sequence into disjoint windows

W1,W2, . . . ,Wq,

where every window contains at most B consecutive operators. Let R denote the

total optimization benefit obtained by the optimal assignment but missed by the

greedy assignment. Then

R =

q∑
r=1

R(Wr) (9.18)

≤ (ρ + ϵ)

q∑
r=1

LG(Wr) (9.19)

= (ρ + ϵ)L(AG). (9.20)

Therefore,

R ≤ (ρ + ϵ)L(AG) . (9.21)

We now compare the greedy assignment with the optimal assignment. Since the

greedy objective explicitly accounts for the execution latency and switching overhead,

the remaining difference between the two assignments is bounded by the optimiza-

tion benefit that the optimal assignment obtains but the greedy assignment fails to

preserve. Consequently,

L(AG) ≤ L(A∗) + R. (9.22)

Substituting the bound on R gives

L(AG) ≤ L(A∗) + (ρ + ϵ)L(AG). (9.23)

Rearranging,

L(AG) − (ρ + ϵ)L(AG) ≤ L(A∗), (9.24)

(1 − ρ− ϵ)L(AG) ≤ L(A∗). (9.25)
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Since ρ + ϵ < 1, division by 1 − ρ− ϵ yields

L(AG) ≤ 1

1 − ρ− ϵ
L(A∗). (9.26)

Therefore, the proposed greedy cross-engine inference algorithm achieves an approx-

imation ratio of

1

1 − ρ− ϵ
. (9.27)

Corollary 1 (Exact Pattern Estimation). If the pattern optimization benefits can be

estimated exactly, then ϵ = 0. The approximation guarantee becomes

L(AG) ≤ 1

1 − ρ
L(A∗) . (9.28)

Moreover,

lim
ρ→0

1

1 − ρ
= 1. (9.29)

Thus, when the pattern benefits are accurately estimated and the residual local re-

gret approaches zero, the performance of the greedy algorithm approaches the global

optimum.

Corollary 2 (Pattern Length and Backtracking Depth). Suppose every optimizable

pattern satisfies

|p| ≤ L. (9.30)

If

w ≥ L and B ≥ L, (9.31)

then every optimization pattern affected by a recent engine assignment is observable

within the lookahead window and remains within the backtracking horizon. Therefore,
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the algorithm can reconsider any recent assignment that prevents the realization of

an individual optimizable pattern.

Remark 1 (Nature of the Guarantee). The above result is a conditional near-

optimality guarantee rather than an unconditional approximation guarantee for arbi-

trary pattern libraries. A general greedy algorithm with finite lookahead and bounded

backtracking cannot guarantee a constant approximation ratio for arbitrary combina-

tions of operator compatibility, pattern interactions, and switching costs.

In particular, without the bounded-regret assumption, it is possible to construct

an instance in which a locally optimal engine assignment prevents a high-value op-

timization pattern appearing farther in the model, while the pattern is outside the

effective backtracking horizon. In such an instance, the performance ratio between

the greedy solution and the global optimum can become arbitrarily large.

The parameter ρ therefore characterizes the residual local regret of the proposed

algorithm, while ϵ characterizes the error in estimating the optimization benefits of

engine-specific patterns. The result establishes that, provided these two quantities

remain bounded, the performance degradation relative to the global optimum is also

bounded.
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9.2 Edge AI User Requirements

9.2.1 Multimodal HAR User Requirement

U. 1: Multimodal HAR Development

Implement a multimodal human activity recognition system using the XRF55 dataset (WIFI,
RFID, and mmWave radar). The system should be deployed on a Raspberry Pi for on-device
inference.

## Dataset Information
The dataset folder is ’./Dataset/HAR/’, containing: ‘WIFI data.npy‘, ‘RFID data.npy‘,
‘mmWave data.npy‘, and ‘label.npy‘.

## Functional Requirements
1. The system should use ’PyTorch’ for model training.
2. The system should be optimized to run efficiently on a Raspberry Pi, taking advantage of its
GPU for accelerated processing.

## Performance Requirements after Deployment
1. Minimum accuracy on the testing dataset: 60%.
2. Maximum RAM usage during inference: 4GB.
3. Maximum inference latency per sample: 100ms.

## Access the Raspberry Pi
1. The IP address of the Raspberry Pi: 192.168.31.100
2. Make a POST request in file mode to transmit scripts to the device.
- URL: ‘http://192.168.31.100:8080/script transmission‘
- Data: ‘“script name”: “script.py”‘
3. Make a POST request to execute the script and obtain the result.
- URL: ‘http://192.168.31.100:8080/model execution‘
- Data: ‘”command”: “python3 script.py –dataset path ¿ log.txt”‘
4. The testing dataset folder is ’∼/Dataset/HAR/testing/’, containing: ‘WIFI data.npy‘,
‘RFID data.npy‘, ‘mmWave data.npy‘, ‘label.npy‘.
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9.2.2 Multimodal VLU User Requirement

U. 2: Multimodal VLU Development

Implement a Vision-Language Understanding (VLU) system that integrates images and text for
image Q&A tasks. The system should be deployed on Jetson Nano for on-device inference.

## Dataset Information
The dataset folder is ’./Dataset/VLU/’, containing: ‘image data.npy‘, ‘text data.txt‘, ‘an-
swer.txt‘

## Functional Requirements
1. The system should use ‘Pytorch‘ for model training.
2. The system should be optimized to run efficiently on a Jetson Nano, taking advantage of its
GPU for accelerated processing.

## Performance Requirements after Deployment
1. Minimum accuracy on the testing dataset: 35%.
2. Maximum RAM usage during inference: 4GB.
3. Maximum inference latency per sample: 100ms.

## Access the Jetson Nano
1. The IP address of the Jetson Nano board: 192.168.31.100
2. Make a POST request in file mode to transmit scripts to the device.
- URL: ‘http://192.168.31.100:8080/script transmission‘
- Data: ‘”script name”: “script.py”‘
3. Make a POST request to execute the script and obtain the result.
- URL: ‘http://192.168.31.100:8080/model execution‘
- Data: ‘”command”: “python3 script.py –dataset path ¿ log.txt”‘
4. The testing dataset folder is: ’∼/Dataset/VLU/testing/’, containing: ‘image data.npy‘,
‘text data.txt‘, ‘answer.txt‘.
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9.2.3 Multimodal ODAD User Requirement

U. 3: Multimodal ODAD Development

Implement a multimodal object detection system for autonomous driving (cameras, radar, Li-
DAR, and GPS sensors). The system will be deployed on a laptop with a 16 GB GPU for
on-device inference.

## Dataset Information
The dataset folder is ’./Dataset/ODAD/’, containing: ‘camera data.npy‘, ‘radar data.npy‘, ‘li-
dar data.npy‘, ‘gps data.npy‘, ‘label.npy‘.

## Functional Requirements
1. The model should be implemented using PyTorch.
2. The system should be optimized to efficiently utilize the GPU, considering the available 16
GB memory.

## Performance Requirements after Deployment
1. Minimum Average Precision: 50%
2. Maximum GPU memory usage: 14 GB
3. Maximum inference latency per sample: 1000ms.

## Access the Laptop
1. The IP address of the laptop: 192.168.31.100
2. Make a POST request in file mode to transmit scripts to the device.
- URL: ‘http://192.168.31.100:8080/script transmission‘
- Data: ‘”script name”: “script.py”‘
3. Make a POST request to execute the script and obtain the result.
- URL: ‘http://192.168.31.100:8080/model execution‘
- Data: ‘”command”: “python3 script.py –dataset path ¿ log.txt”‘
4. The testing dataset folder is ’∼/Dataset/ODAD/testing/’, containing: ‘cam-
era data.npy‘, ‘mmWave data.npy‘, ‘audio data.npy‘, ‘camera label.npy‘, ‘mmWave label.npy‘,
‘audio label.npy‘.
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9.3 Agentic Workflow Comparison

9.3.1 Baseline Workflows

The baselines attempt to design fixed, one-size-fits-all agentic workflows to accom-

modate diverse program synthesis tasks. However, these rigid workflows often suffer

from inflexibility, limited adaptability, and high maintenance costs.

User 
Requirement

Retrieve past 
relevant problems

Planning

𝑘 plansCodingDebugging
Executable

Program

MapCoder

Figure 9.1: The agentic workflow of MapCoder [1].
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Execution
Executable

Program
Error Feedback
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Figure 9.2: The agentic workflow of AgentCoder [2].
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Figure 9.3: The agentic workflow of AgentSquare [3].
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Figure 9.4: The agentic workflow of AutoIOT [4].
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Figure 9.5: The agentic workflow of GPIoT [5].
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Figure 9.6: The agentic workflow of IoTPilot [6].
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Figure 9.7: The agentic workflow of EmbedGenius [7].
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9.3.2 SE2 Workflow for HAR

The right table shows the autonomously constructed agentic workflow generated by

SE2 for multimodal HAR. Specifically, SE2 first retrieves relevant domain knowledge

and then generates distinct scripts to obtain the data dimensionality of each modality.

After that, SE2 creates tailored encoders for each modality and performs iterative

debugging to ensure that each encoder can successfully process the input data. Then,

SE2 performs multimodal fusion by concatenating the encoder-extracted features and

feeds the fused feature into a classifier model. Further, SE2 collaboratively trains the

encoders and the classifier with iterative debugging and code refinement. Finally,

SE2 deploys the trained model on the target device for inference.
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No. Operation Instruction

1 retrieve Search for human activity recognition.
2 retrieve Search for Wi-Fi CSI, mmWave, RFID.
3 reason I need to first understand the data dimension.
4 retrieve Search how to load ’.np’ file in Python.
5 code Write a script to load the dataset and print out the data dimensionality.
6 test Execute the code and analyze the data dimension.
7 reason Then, I need to design three encoders for each modality to extract effective features.
8 retrieve Search some SOTA encoders for Wi-Fi CSI data.
9 code Based on the retrieved knowledge, write a script to build an encoder for the Wi-Fi

data. Each data sample has a shape of (9, 30, 1000).
10 reason Now I need to test whether the script can successfully process the input Wi-Fi CSI

data.
11 test Generate some test cases that input a small batch of the Wi-Fi dataset into the

encoder to test whether the script can be successfully executed.
12 reason The script failed because the encoder uses Conv3d to process the input data. But

actually it should be Conv2d, where the input channel number is 9.
13 code Modify the previous script by changing the Conv3d to Conv2d where the input chan-

nel number is 9.
14 test Generate some test cases that input a small batch of the Wi-Fi dataset into the

encoder to test whether the script can be successfully executed.
15 reason Now I need to create an encoder to extract features from the mmWave data.
Similar process of encoder design for mmWave and RFID data.
27 reason Based on the three encoders, I need to perform feature fusion by concatenating all

extracted features.
28 retrieve Search some SOTA multimodal fusion methods.
29 code Based on the three scripts and the retrieved content, write a script to perform mul-

timodal fusion.
30 code Based on the previous content, organically integrates all the code snippets into one

comprehensive script that trains a multimodal HAR model using the training data
provided by the user.

31 test First, generate some test cases that input a small batch of the multimodal data into
the HAR model to test whether the script can be executed.

Several iterations of debugging is conducted.
35 test Now, execute the script by feeding the entire multimodal dataset into the model to

train the model.
36 reason Based on the evaluation results, I need to adopt more advanced methods for model

training.
37 retrieve Search for some SOTA but more advanced methods for extracting features from

Wi-Fi data.
Several iterations of debugging is conducted.
49 reason Finally, since the trained HAR model satisfies the resource constraints of the target

device, the next step is to deploy it on the target device.
50 code Based on the user-provided information about how to connect to the device and

transfer the script and model, write a script to implement that.
51 test Test the functionality correctness of the script.
Several iterations of model optimization and deployment.
63 reason Based on the evaluation results, all requirements are fulfilled, the executable edge

AI program is ...
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9.3.3 SE2 Workflow for VLU

The agentic workflow explored by SE2 for VLU is presented in the table below.

Initially, SE2 does not realize that the target device for deployment has a differ-

ent runtime environment (i.e., ARM architecture) and the generated script cannot

be successfully executed. However, our mobile runtime feedback mechanism records

such failures and returns the relevant runtime semantics to the coordinator. After

carefully analyzing the runtime semantics, SE2 realizes the runtime incompatibility

and promptly modifies the script by first converting the model into a compatible

ONNX format and then adopting the TensorRT engine for inference, which is com-

patible with Jetson Nano. This further highlights the adaptability of SE2 in exploring

unknown cases with agile adjustment.
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No. Operation Instruction

1 retrieve Search for vision-language understanding.
Several iterations of model optimization and deployment (similar to HAR).
12 code Based on the retrieved knowledge, write a script to build two embedding models

for image and text processing, respectively.
Several iterations of debugging is conducted.
37 code Deploy the trained model on Jetson Nano.
38 test Execute the code and record its performance.
39 reason The script fails to execute, I need to analyze the runtime semantics fed back

by the probe program. First, the script can be successfully executed on the
PC but fails on Jetson Nano. The feedback log shows “incompatible runtime
environments”, indicating that the model trained on PC requires a different
runtime on Jetson Nano.

40 retrieve Search the runtime environment of Jetson Nano.
41 reason Based on the retrieved content and runtime semantics, Jetson Nano is based on

the ARM architecture, while the PC is based on the x86 architecture. They have
different runtime environments and distinct versions of PyTorch with diverse
features. Therefore, it is infeasible to directly employ the PC-trained PyTorch
model on Jetson Nano.

42 retrieve Search how to deploy AI models on Jetson Nano.
43 retrieve Search how to convert models into ONNX format and use TensorRT to perform

inference tasks.
52 code Write a script to convert the trained models into ONNX format and use Ten-

sorRT for inference.
53 test Test the functionality correctness and performance.
54 reason Now the converted model can be successfully deployed on Jetson Nano to per-

form inference tasks. The next step is to evaluate its performance, including
resource consumptions, inference latency, etc.

55 test I need to evaluate the model using the test data residing on Jetson Nano and
record various performance metrics.

Several iterations of model optimization and deployment.
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9.3.4 SE2 Workflow for ODAD

The following table presents the agentic workflow constructed by SE2. To simulate

real-world autonomous driving scenarios, we randomly remove some data modalities

from the dataset. We can see that initially, the created model only accepts input

data with fixed sizes. However, during on-device inference, the model fails because

the shape of the input data sometimes mismatches with the expected size. SE2 then

add a few more steps to design an elastic AI model that accepts dynamic data input.

This demonstrates the superior adaptability of SE2 in handling unforeseen real-world

cases.

No. Operation Instruction

1 retrieve Search object detection in autonomous driving.
The intermediate processes are similar and thus omitted.
41 code Write a script to deploy the trained object detection model on the target

device.
42 test Execute the script and monitor the model’s real-time performance.
43 reason The script fails due to input data size mismatch. It seems that some of the

data may not strictly follow consistent sizes. Specifically, after carefully
analyzing the failed case, it seems that sometimes one or some modalities
may be missing due to the unstable performance of the sensors.

44 reason Based on the current error information, I need to redesign the model to
support input data with varying sizes.

45 retrieve Search how to design elastic AI models that support input data with dif-
ferent sizes

46 retrieve Search how to build elastic multimodal models that accept modality miss-
ing for object detection.

47 reason Based on the retrieved content, I can try modality-specific encoders with
masking, where a mask vector is introduced to indicate which modalities
are present in the current data batch. Then, during feature fusion, in-
stead of concatenation, only the available features are aggregated (e.g., via
masked attention, gated sum, or averaging).

48 code Based on the reasoning results, write a script to implement modality-
specific encoders with masking.

49 test Test the functionality correctness of the script.
Several iterations of model optimization and deployment.
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9.4 Generated Code Comparison

9.4.1 Sample Code on HAR

Fig. 9.8 shows two sample code snippets generated by GitHub Copilot and SE2 for

the multimodal HAR application, respectively. We can see that the code generated

by GitHub Copilot directly applies AI models to the raw Wi-Fi data without pre-

processing. On the contrary, SE2 first extracts Doppler features from the Wi-Fi data

and then applies AI models for further processing. Since the Doppler features typi-

cally contain abundant Wi-Fi signal characteristics influenced by human activities,

the program synthesized by SE2 can effectively extract useful features and achieve a

higher HAR classification accuracy.
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(a) Code generated by GitHub Copilot

(b) Code generated by SE2

Figure 9.8: Sample code comparison on the multimodal HAR application.
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9.4.2 Sample Code on VLU

Fig. 9.9 shows two sample codes generated by GitHub Copilot and SE2, respectively.

We can see that GitHub Copilot attempts to directly deploy the VLU model on

Jetson Nano. However, as the Jetson Nano adopts the ARM architecture, whereas

the VLU model is trained on an x86-based PC with a completely different frame-

work, the model cannot be directly executed on Jetson Nano. In contrast, SE2 first

converts the trained model into a cross-platform ONNX format and then leverages

the TensorRT engine for inference, which is fully compatible with Jetson Nano. SE2

can flexibly adjust its workflow by dynamically analyzing the current state and adding

extra operations for further processing.

200



(a) Code generated by GitHub Copilot

(b) Code generated by SE2

Figure 9.9: Sample code comparison on the multimodal VLU application.
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9.4.3 Sample Code on ODAD

For ODAD, Fig. 9.10 presents two sample codes generated by GitHub Copilot and

SE2, respectively. To simulate the modality missing issue in real-world autonomous

driving scenarios, we randomly remove some data modalities. GitHub Copilot does

not realize such cases and simply creates an AI model that only accepts input data

with fixed sizes. As a result, when encountering input data batches with missing

modalities, GitHub Copilot repeatedly modifies the failed model’s structures with-

out recognizing the underlying problem, unless users provide further instructions.

On the contrary, SE2 discovers the problem by analyzing the failed cases, includ-

ing input data shape, intermediate outputs, and model structures. Accordingly, SE2

creates a modality-specific encoders with masking strategy to substitute the original

fusion module that simply concatenates all features into one vector. In the proposed

strategy, a mask vector is introduced to represent which modalities are absent in the

current data batch, and only the available features are aggregated (e.g., via masked

attention, gated sum, or averaging).
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(a) Code generated by GitHub Copilot

(b) Code generated by SE2

Figure 9.10: Sample code comparison on the multimodal ODAD application.
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9.5 Agentic Recovery Mechanism

In SE2, early-stage errors may lead to accumulated downstream errors, manifesting

in two aspects: 1) Runtime errors occur when agents generate malformed outputs

that cannot be parsed by subsequent agents, or when tools raise exceptions. They

can be handled by existing works using formal language [302], which are orthogonally

integrated into SE2. 2) Semantic misalignment occurs when the output is logically

incorrect or misaligned with intended tasks. Such errors are more difficult to detect

as they do not trigger execution errors but lead to incorrect reasoning, flawed code

logic, etc.

Challenge & Solution. To handle semantic misalignment, existing works often

employ extra agents guided by handcrafted prompts for error monitoring. For in-

stance, AutoIOT [4] defines numerous rules to iteratively refine the code. Developers

need to design specific detection rules at each step based on agents’ predefined tasks.

In contrast, SE2 faces significant challenges in designing a one-size-fits-all semantic

misalignment monitor, as both workflows and the tasks at each step are dynami-

cally determined. To tackle this, our insight is that the coordinator can serve as a

supervisor, overseeing each atomic agent’s activities and providing suggestions for

regeneration if errors occur. To this end, we propose a semantic alignment grading

to criticize atomic agents.

Semantic Alignment Grading. As mentioned in § 5.4.2, we consider two types of

semantic misalignment: local and global alignment. We prompt the coordinator to

assign two scores to each response generated by atomic agents based on six designed

grading levels: 1) Completely off-track. The response contains critical failures and the

content is incorrect or disrupts the workflow. 2) Misaligned and almost useless. The

response indicates semantic drift or wrong tool use to follow instructions. 3) Poorly

aligned but slightly useful. The agent fails to complete the instruction with a little
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(b) Continuous tuning (VLU)

Figure 9.11: Ablation study on VLU.

related content. 4) Partially aligned with noticeable issues. The response indicates a

meaningful deviation (e.g., incomplete reasoning, vague retrieval, general algorithms

not tailored to AIoT). 5) Mostly aligned with minor flaws. The response captures

slight deviations that dont require correction. 6) Perfectly aligned. The response has

no ambiguity and is well-aligned with the instruction or the user requirement.

The graded scores will be integrated into coordinator ’s feedback for further fine-

tuning (§ 5.4.2 & § 5.4.3).

9.6 More Ablation Studies

Fig. 9.11 and Fig. 9.12 show the results of our ablation study on VLU and ODAD,

respectively. We see that the results are similar to those in HAR. Notably, the

performance gap after removing the feedback mechanism and the continuous tuning

paradigm enlarges when the edge AI tasks become more complex. Specifically, as

shown in Fig. 9.11(a) and Fig. 9.11(b), the success rate drops dramatically when

these two modules are removed. This is because in VLU evaluations, we request SE2

to deploy the model on a Jetson Nano board, whose runtime environment is different

from that of the PC where SE2 resides. Thus, without the runtime semantics as

feedback, the success rate of executable program synthesis decreases, and SE2 requires

more agentic steps to discover this issue with a longer generation time. Similar
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(b) Continuous tuning (ODAD)

Figure 9.12: Ablation study on ODAD.

results can also be observed in ODAD evaluations (Fig. 9.12(a) and Fig. 9.12(b)),

which involve unexpected modality missing issues.
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