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A Language-Based Approach to Macroprogramming for IoT
Systems through Large Language Models
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NICOLAS FARABEGOLI, DISI, Alma Mater Studiorum – Università di Bologna, Cesena, Italy
MIRKO VIROLI, DISI, Alma Mater Studiorum – Università di Bologna, Cesena, Italy

Large language models (LLMs) have transformed software engineering, particularly in code generation, where
they assist developers in writing functions or entire programs. However, code generation remains challenging
when the target domain is complex, as is the case with Internet of Things (IoT) systems. The challenge lies in
capturing the entire system behavior within a single specification. developers often model only a subset of the
system’s functionality, focusing primarily on individual device behavior or data processing aspects, which may
not address the core challenges of IoT, such as large-scale distributed coordination and emergent behavior. To
address this, macroprogramming paradigms have been proposed as a means to specify the collective behavior
of IoT systems more holistically. Among these approaches, aggregate computing stands out for its ability to
express system-wide properties through a top-down, global-to-local perspective. Despite its potential, the
adoption of aggregate computing remains limited due to the complexity of writing and maintaining such
programs. To overcome these barriers, we propose a language-based approach based on macroprogramming
that leverages LLMs for IoT code generation. Specifically, we employ the in-context learning capabilities of
LLMs, guiding them to generate code based on an aggregate computing abstraction. This creates code that
reflects system-wide properties and frees programmers from writing low-level code by letting them specify
desired global properties in natural language. The LLM then translates these specifications into executable
code, thus facilitating the development of collective intelligence applications in IoT systems.
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1 Introduction
Research Context. With the advent of LLMs, the field of software engineering is undergoing a

profound transformation, revolutionizing the way developers write code and develop software
systems. Several code assistants, such as GitHub Copilot [61], have already demonstrated LLMs’
potential in code generation [34], offering developers powerful tools to create code snippets,
functions, or even entire programs [32]. Indeed, software engineering researchers are increasingly
exploring the impact of LLMs on the field,1 including testing [33], vulnerability detection [65], and
multi-agent systems [31]. This progression from software engineering 1.0, where code is written
from scratch, through 2.0 leveraging deep learning for specialized tasks, up to 3.0, where developers
guide AI-driven code generation [30] is reshaping the software development landscape.

Research Gap. Among the various software engineering domains, the Internet of Things (IoT)
is particularly challenging for code generation, especially in large-scale, interconnected systems,
due to their distributed nature (spatiality), the large variety of devices (heterogeneity), and the
complex interactions among them. Historically, IoT systems have been developed using traditional
programming approaches, with the focus on individual devices and data processing aspects. These
methods start to fall short when dealing with the collective intelligence of interconnected systems,
as highlighted by recent roadmaps [15]. Particularly, IoT systems may be seen as Collective Cyber-
Physical Ecosystems (CCPEs) [15], where the development focus is placed on the collective
rather than the individual. In handling these CPPEs, the developers should consider both time and
space, leading to spatio-temporal abstractions that are difficult to express in traditional programming
languages. Moreover, the developers must account for unique factors such as emergent system-
wide behaviors (e.g., moving patterns in a smart city), simulations (needed to test the system
before deployment), and the tough problem of global-to-local mapping (i.e., how to translate
global behaviors into local ones). Although literature has proposed multiple solutions, including
macroprogramming [14] and automated methods [13], they still pose a barrier that separates
practitioners from the complexities of writing and maintaining macroprograms. Existing research
has applied LLMs to IoT (e.g., smart home orchestration [18], edge AI [42], and monitoring industrial
IoT [37]), but little work explores their role in collective IoT programming. This gap highlights an
opportunity to leverage LLMs in order to comprehend and generate code that reflects the collective
intelligence of IoT systems.

Contribution. We introduce a language-based approach that uses LLMs to automate macro-
programming for large-scale IoT systems, explicitly targeting aggregate computing, a reference
programming model. We select this paradigm since it is space-time universal [4], capable of express-
ing a wide range of collective behaviors in IoT systems, positioning it as a potential lingua franca
for macroprogramming. The method supplies a hierarchy of composable abstractions, from basic
field-calculus operators to advanced self-organizing patterns, enabling LLMs to progressively learn
and generate code expressing collective behaviors. The solution co-designs a macroprogramming
LLM agent capable of translating global specifications into executable local behavior. This leverages
in-context learning within a human-in-the-loop framework, where the LLM is equipped with a
carefully crafted minimal body of knowledge (BoK). When provided with natural language de-
scriptions of desired system-wide behaviors, the LLM interprets these specifications and generates
corresponding collective code based on aggregate computing abstractions. Human experts then
evaluate the generated code, provide targeted feedback using specialized prompts when the code
does not respect the expectations, and iteratively refine the BoK to address conceptual gaps or

1https://conf.researchr.org/home/2030-se
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Fig. 1. Example of crowd density detection system for a large city event. Red areas indicate overcrowded
zones.

misunderstandings. To ensure reliability, the pipeline employs unit tests that validate the code
against the desired system-wide properties.

In presenting this work, we aim at replying to the following research questions:

RQ1 Are state-of-the-art LLMs capable of generating macro-code without a BoK?
RQ2 Are prompt engineering techniques sufficient to convey the abstractions of a macro paradigm?

RQ2.1 Can macroprogramming LLM agents understand the concept of “temporality”?
RQ2.2 Can macroprogramming LLM agents understand the concept of “spatiality”?
RQ2.3 Can macroprogramming LLM agents understand the concept of “space-time”?

RQ3 Given RQ2, are these LLMs able to generate novel/unseen solutions to macroprogramming
problems using at least one macroprogramming language?

Paper Structure. The remainder of this article is structured as follows: Section 2 presents a
motivating example to illustrate the challenges of programming large-scale IoT systems. Section 3
provides the theoretical foundation by examining IoT systems, macroprogramming paradigms with
a focus on aggregate computing, and an overview of large language models with their application
to IoT systems. Section 4 introduces our language-based approach for IoT macroprogramming
through LLMs, detailing the co-design process, body of knowledge creation, and the human-in-
the-loop framework. Section 5 presents a comprehensive evaluation of our approach, addressing
each research question through both quantitative metrics and qualitative analysis of the LLM-
generated code, including validation in a real-world scenario. Section 7 concludes by summarizing
our contributions, discussing limitations, and outlining promising directions for future research.

2 Motivating Example
Consider a large city event (like a marathon in a European capital [11, 63]) where hundreds of
participants attend the event, each equipped with a smartphone or a wearable device. The event
organizers want to monitor the crowd density in real-time to ensure safety and security (see
Figure 1). In particular, based on the density of people in a specific area, the organizers want to
trigger different actions, such as sending alerts to security personnel to promptly intervene in case
of overcrowding, or notifying attendees about the availability of nearby facilities. This app can
be used by the participants also in case someone needs help because of a medical issue, reporting
to the organizers the spot where the person is located, and allowing them to take the necessary
actions. The participants, are supposed to have installed a mobile application providing information
about the event, but also allowing the organizers to have a detailed view of the system in real-time.

ACM Trans. Internet Things, Vol. 6, No. 4, Article 26. Publication date: November 2025.
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The application is designed to run on many devices at the same time, where people can move freely,
leave or enter the event area.

The application leverages the smartphones (or wearables) Bluetooth capabilities to detect the
presence of other devices in the proximity, and possibly estimate the distance between them. Even
though the GPS can be used to precisely locate the devices, its adoption can imply high costs in
terms of battery consumption, but also in terms of privacy. Using the devices Bluetooth Low
Energy (BLE) capabilities, the application can estimate how many devices are in the proximity,
and the distance between them. Based on this collected data, the system can estimate the density
of people in the event area, and when an overcrowded area is detected, this information is reported
to the organizers, who can take consequent actions.

Implementing the crowding detection system using traditional programming paradigms can be
challenging. Crowding detection using cameras is a well-known problem, and many solutions have
been proposed in the literature [20, 21]. However, this implies the installation of cameras in the event
area, which can be expensive and intrusive, making it difficult to deploy in a real-world scenario.

Capturing this collective and dynamic behavior is challenging and requires a modern approach:
instead of reasoning in terms of individual devices, the designer can shape the system in terms of
global behavior, where the system is programmed as a single unified entity. This lifts the abstraction
level, allowing the designer to focus on system-wise properties. However, this abstraction shift may
introduce non-trivial challenges for the designers, who may not be familiar with the programming
paradigms that allow to express such collective behaviors. For this reason, providing non-expert
designers with some support in writing code is crucial.

3 Background and Motivation
3.1 IoT Systems
The ubiquity of computation has long been a subject of interest, initially inspired by Mark Weiser’s
visionary ideas [58], and eventually evolving into what we now call the IoT. Defining IoT is
inherently challenging, as it encompasses a wide range of systems and applications. IoT systems
rely on device connectivity and smart data processing, using diverse communication protocols (e.g.,
Zigbee, Bluetooth, LoRa). Another defining characteristic of IoT is its scale; such systems often
comprise many heterogeneous devices distributed across extensive geographic areas.

Building onWeiser’s original vision, various extended perspectives have emerged over time, from
pervasive computing [51] to edge/fog computing [3, 52] and, more recently, collective computing [1].
Among these perspectives, three key components are essential to understanding IoT systems:
Things, Runtimes, and Middleware. Things represent the physical devices or entities within the
IoT system that are equipped with sensors and actuators, enabling them to interact with their
environment, collect data, and perform actions. These devices range from simple sensors like
temperature monitors to complex systems like industrial robots [9]. These physical entities rely
on Runtimes, the software components responsible for executing the application logic within the
IoT system, including rule engines, data processing pipelines, and control algorithms that dictate
how data collected by the things are processed, analyzed, and acted upon. The seamless integration
between things and runtimes is enabled by Middleware components that act as intermediaries,
facilitating communication and data exchange between the diverse devices and software elements
in an IoT system by handling tasks such as device discovery, data routing, protocol translation, and
security through popular solutions like message queues (e.g., MQTT, CoAP), API gateways, and
data aggregation services [19].

Challenges in IoT Systems. IoT systems present numerous complexities that make them challeng-
ing to develop, deploy, and maintain. These challenges stem from several inherent characteristics

ACM Trans. Internet Things, Vol. 6, No. 4, Article 26. Publication date: November 2025.



A Language-based Approach to Macroprogramming for IoT Systems 26:5

Micro
program(s)

Macro
program

Environment

macro-to-micro

Macro
Abstractions

Macro
Observables

Effects/
EmergenceAbstractions

Goal/intended meaning

Constructs Macro
Level

Micro
Level

Fig. 2. Macroprogramming abstractions. Figure adapted from Reference [14].

of IoT ecosystems: the extensive heterogeneity of devices with varying hardware specifications,
computational capabilities, and power constraints; the diversity of communication protocols and
networking technologies; and the distributed nature of computation across multiple physical lo-
cations. This heterogeneity extends to the syntactic and semantic levels, where variability in data
formats and a lack of common understanding of data meaning can hinder effective communica-
tion. Furthermore, interoperability challenges emerge from the need for different systems to work
together seamlessly, often requiring users to have specialized knowledge of each unit’s unique
characteristics. The distributed nature of IoT systems also introduces difficulties in terms of fault
tolerance, scalability, and security, as ensuring reliable data exchange and protecting sensitive
information across multiple devices and networks can be particularly challenging. Therefore, in this
intricate scenario, finding the right programming paradigm and tools to manage the complexity of
IoT systems is crucial for their successful development and deployment.

Programming IoT Systems. Throughout the years, many solutions have been suggested to tackle
the difficulties associated with programming IoT systems [28]. These range from general-purpose
languages (GPLs) for low-level device programming and cloud-based data processing, to Model-
Driven Engineering (MDE) tools like ThingML [29] and Midgar [26] that enable high-level
model creation with automatic code generation. Mashup tools like Node-RED address semantic
heterogeneity by allowing users to interconnect pre-existing nodes representing devices and
services, while End-User Development solutions such as IFTTT and Mozart [38] bridge the gap
between system complexity and non-expert users. Additionally, domain-specific platforms have
emerged for specific sectors, including home automation (openHAB, Jeedom) and smart agriculture
(CropX, SWAMP [35]).

Despite these developments, an essential aspect remains noticeably lacking in the existing
landscape. Traditional methods often take either a device-centric (namely, focusing on individual
devices and their functionalities) or data-centric approach (namely, focusing on data processing and
analysis), rather than considering the collective behavior of interconnected systems. We contend that
there is a need for a collective-centric framework—one that encompasses the complex interactions
among numerous “things.” Macroprogramming, which focuses on deriving the overall system
behavior from local interactions, presents a promising path to bridge this significant gap.

3.2 Macroprogramming
In essence, macroprogramming typically refers to a programming paradigm which has a form
on collective (macro) abstractions as a first citizen in the programming model—see Figure 2 for
an overview. This concept has its roots in the early 2000s, primarily within the Wireless Sensor
and Actuator Networks (WSAN) domain [27]. Early works like TinyDB [41] (which provided
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(a) Illustrative example of a computational field
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Fig. 3. Aggregate computing: Devices interact via computational fields that abstract device count and
evolve over time (a), enabling macro-operations to specify global behavior while local computations emerge
automatically (b).

a SQL-like interface for WSNs), Pieces [40] (focusing on composing software components for
pervasive systems), Abstract Regions [59] (for defining logical groupings of nodes), and Regi-
ment [45] (offering a stream-processing abstraction over sensor networks) explored approaches for
specifying macro-system behavior, abstracting away from low-level details like message passing
and distributed computation. Other contemporary approaches for WSNs included Kairos [27]
(a data-centric paradigm similar in goals to TinyDB). These foundational works have since ex-
panded, finding applications in diverse areas including spatial computing [10], swarm robotics (e.g.,
Buzz [13], a DSL for robot swarms), andCollective Adaptive Systems (CAS) engineering [25] (e.g.,
SmartSociety [53], which models CAS through aggregate programming constructs for simulation).
This view is then enforced by recent work on CCPEs where the authors pose the need for a new
engineering discipline that focuses on the collective behavior of systems [15].

Macroprogramming is particularly well-suited for IoT systems due to its ability to tackle the
inherent complexities of heterogeneity, scale, and distribution. By specifying behavior at the collec-
tive level, developers are freed from intricate low-level details. In fact, several macroprogramming
paradigms have been proposed to address the challenges of programming IoT systems, including
PyoT [8] (a Python-based framework for general IoT), Warble [50] (a framework tailored for smart
IoT applications), and many others [14] such as DDFlow (a DSL for data-centric stream processing).
Among these paradigms, this article focuses on aggregate computing, presented in the next sec-
tion, known for its high abstraction complexity, strong scalability, and robust approach to general
distributed systems.

3.2.1 Aggregate Computing. A recent instantiation of macroprogramming is aggregate comput-
ing [11], which builds on computational fields [43]—By manipulating these fields through macro-
level operations, developers specify system-wide behavior while low-level local computations are
derived automatically (see Figure 3 for an overview).

Aggregate computing offers several advantages for IoT applications. In particular, the behavior
scales naturally with the number of devices because the primary abstraction is the field, which
inherently abstracts from device count. Furthermore, this paradigm identifies several key properties,
such as self-stabilization [55] and eventual consistency [12], that demonstrate the system’s robustness
in the face of reaching a stable state despite transient faults. Moreover, aggregate computing is
proven to be space-time universal, meaning that any computable function can be expressed in this
paradigm [11].

Another key feature of the paradigm is its deployment independence [56], namely, the ability
to express the same functional behavior in several architectural styles, ranging from centralized
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to edge-cloud to fully distributed. This capability is supported by recent discoveries in pulverized
architectures [23, 24], which affirm that such independence is inherent to deployment.

Aggregate computing follows a layered approach, with the core constructs rooted in field calcu-
lus [7], then introducing self-organizing building blocks [16] that enable the expression of complex
collective behaviors in a composable way. Field calculus [7] which serves as a foundational model
for aggregate computing, providing a set of core constructs for expressing field manipulations. For a
full understanding of the field calculus, we refer the reader to the original work [7]. In the following,
we will introduce the key building blocks of field calculus via examples leveraging ScaFi [16], a
Scala-based library for aggregate computing as well as its computational model to understand how
the global stance of aggregate computing is achieved.

Computational Model. In this model, a set of devices is deployed in a spatial environment, where
each device is equipped with sensors, actuators, and communication capabilities. Each device
uses its local state along with information received from its neighbors to compute its next state.
The aggregate computation paradigm follows a self-organizing, round-based evaluation process,
where devices continually execute the macroprogram, update their state, and propagate relevant
information, thereby enabling emergent, collective behavior.

Each evaluation round comprises three principal phases: context acquisition, program evaluation,
and environment update. In the first phase, each device collects its local context, which consists of
messages received from neighboring devices, its previous state, and data obtained from onboard
sensors. Utilizing this context, the device evaluates the macroprogram—a stateful function that
processes the input context and produces an export. This export encapsulates the data that the
device intends to share with its neighbors in the subsequent round. In the environment update
phase, the device updates its internal state, transmits the export to its neighbors, and performs
necessary actions on its actuators (e.g., activating a light).

This iterative round-based evaluation continues until the system achieves the global objective
specified by the macroprogram. Moreover, this continuous evaluation process exhibits resilience to
transient faults, ensuring that the system eventually converges to a stable state where no further
changes occur.

Field Calculus in a Nutshell. Field calculus APIs provide fundamental constructs for manipulating
computational fields, enabling field creation, transformation, and aggregation. Different implemen-
tations like FCCP [6] or Protelis [48] expose these constructs through varied conventions. As shown
in Table 1, the core field calculus operators are as follows. sense retrieves a named sensor’s data to
build a field (for example, temperature readings); rep models temporal evolution by maintaining
and updating local state across rounds; nbr allows a device to access the value of an expression as
evaluated at each neighbor; foldhood aggregates those neighbor-accessed values using a binary
operator (e.g., sum, min, max); and conditional logic is provided by branch, which partitions the
network into non-communicating regions, and mux, which simply selects between two values
without creating partitions. Spatio-temporal abstractions typically combine these operators. For
instance, nesting foldhood within rep can create fields that converge to global properties over time.
For example, the following code computes the maximum perceived temperature of the system:

1 rep(Double.NegativeInfinity) { temp => maxHood { nbr(sense("temperature")) } }

3.2.2 Self-Organizing Building Blocks. Building on the core constructs, aggregate computing
provides self-stabilizing building blocks that guarantee convergence to stable configurations despite
network perturbations. As shown in Table 2, aggregate computing relies on three fundamental
self-stabilizing building blocks: gradient cast (G) propagates values outward from source nodes by
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Table 1. Field Calculus API with Signatures and Semantics

API Signature Semantics

sense sense[A](name: String):A Retrieves data from a named sensor
rep rep[A](init: A)(evolve: (A)=> A):A Creates temporal evolution with initial

value and evolution function
nbr nbr[A](expr: => A): A Accesses values from neighboring devices
foldhood foldhood[A](init: A)(acc: (A,A)=>

A)(exp: => A):A
Aggregates values from neighbors using
a binary operation

min,max,avg/Hood − Specific variations of foldhood for min/-
max/average operations

branch branch[A](cnd: => Boolean)(th: =>
A)(el: => A):A

Partitions the system based on a condition
(creates non-communicating parts)

mux mux[A](cnd: => Boolean)(th: A)(el:
A):A

Selects between two values based on a con-
dition (without partitioning)

Table 2. Summary of Self-Stabilizing Building Blocks in ScaFi

Building Block Signature Purpose

Gradient Cast (G) G[A](source:Boolean,local:A,accumulation:A=>A,metric:()=>Double):A Creates a potential field from source
nodes and propagates values outward

Collect Cast (C) C[A](potential:Double,aggregation:(A,A)=>A,local:A,Null:A):A Aggregates values from nodes to-
wards a sink following a potential field

Sparse Choice (S) S[A](influenceArea:Double,metric:()=>Double):Boolean Partitions the system into regions
with leader nodes

combining neighbor metrics with a user-defined accumulation function; collect cast (C) follows
these gradients to aggregate local values toward one or more sink nodes; and sparse choice (S)
partitions the network into non-overlapping regions by electing leader nodes within specified
influence zones. These building blocks address limitations in naive implementations like the max
temperature example, which converges to the maximum temperature ever reported rather than
adapting to changes. Moreover, these operators enable composition of complex self-stabilizing
patterns:

1 val leader = S(2.0, nbrRange)
2 val potential = G(leader , 0.0, _ + nbrRange (), nbrRange)
3 val globalTemperature = C(potential , _ + _, sense("temperature"), 0)
4 val nodes = C(potential , _ + _, 1, 0)
5 G(leader , globalTemperature / nodes , value => value , nbrRange)

This composition first uses S to elect leader nodes, effectively partitioning the network into regions
where each leader has an influence area defined by a radius of 2.0 distance units (using nbrRange

as the metric). Then, G creates a potential field (i.e., a field or distance with respect to a source
zone) originating from each leader, establishing paths within these regions. Following this, two C

operations are used: one sums the sense("temperature") from all devices within each leader’s region
(following the potential), and the other counts the number of nodes in each region. The division of
these two collected values yields the average temperature for each leader’s region. This average
temperature is then broadcast by each leader to all nodes within its respective region using the
final G operation.

ACM Trans. Internet Things, Vol. 6, No. 4, Article 26. Publication date: November 2025.
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3.3 Large Language Models—Primer
This section introduces the concept of LLMs from a user perspective, providing an overview of their
capabilities and applications, though readers seeking more in-depth technical discussion should
consult comprehensive overviews available in the literature [44]. In the literature, a language model
is defined as a statistical framework that assigns probabilities to word sequences by predicting the
subsequent word based on the preceding context. Over time, language models have progressed
from simple n-gram approaches to sophisticated neural network-based architectures. In particular,
transformer-based models [54] have revolutionized natural language processing by enabling the
creation of large-scale models with billions of parameters, thanks to their self-attention mechanism
that captures long-range dependencies in text data and their parallelizable architecture that accel-
erates training. The term “large” in LLMs refers to both the model’s extensive parameter count
(billions of weights) and the vast datasets (trillions of examples) used for training. These models are
typically trained through self-supervised learning, where they learn to predict subsequent words
based solely on preceding context. This approach represents a middle ground between unsupervised
and supervised learning, as the model generates its own supervision signal from input data without
requiring explicit human-provided labels.

Once trained on massive corpora of text data, these models emerge as versatile foundational
systems capable of understanding and generating human-like text across diverse domains. These
foundation models serve as versatile starting points that can be either fine-tuned for specific
downstream tasks or leveraged directly through in-context learning techniques (more later). Indeed,
despite variations in specific architectures (e.g., mixture of experts), these advanced models share
the core principle, namely the use of a prompt (i.e., a user-defined input sequence) to guide the
generation of task-specific text. In this instrumentation, LLMs demonstrate remarkable versatility
across a wide range of tasks [36]. This adaptability is achieved through prompt engineering [17],
which involves the careful design of prompts to direct the model toward desired outputs. When
a model is provided with a prompt that consists solely of a sequence of instructions or ideas, it
performs zero-shot [49] learning (or role-playing), adapting its responses based only on the provided
context. Conversely, including examples or detailed instructions within the prompt enables in-
context or few-shot learning [57], allowing the model to effectively “learn” new tasks from the
input.

3.4 Large Language Models for IoT Systems
The adaptability of LLMs to diverse contexts has prompted extensive research into their integration
with IoT systems. Recent studies have explored multiple directions [60], including leveraging LLMs
for sensor data analysis, automated code generation for IoT devices, and high-level reasoning
and planning for IoT ecosystems [42]. Several researchers have investigated the fundamental
components required for effective deployment of generative models in IoT environments, coining
the term “Generative IoT” to describe this emerging paradigm [60]. This convergence aims to
address challenges in scalability, contextual understanding, and human-machine interaction within
distributed systems. Notable frameworks in this domain include CASIT [64], which provides
a mechanism for translating sensorial data into textual representations, enabling collaboration
between multiple LLMs for analyzing environmental data and responding to user queries. Similarly,
LLMind [18] integrates various AI models to facilitate cooperation among IoT devices, with the
LLM acting as an orchestrator that mediates communication between physical devices and human
operators, thereby enhancing the system’s capability to execute complex tasks in heterogeneous
environments.

Despite these advances, current LLM integration approaches for IoT systems face several critical
limitations, including tendency toward hallucinations and constrained reasoning capabilities
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Table 3. Legend: H = High; M = Medium; L = Low; P = Platform-Dependent; ✓= Yes / High; ∼ = Partial /
Medium; ×= No / Low

Paradigm Abstraction Complexity Scalability Robustness Perspective Expressiveness Universality Primary Domain

Aggregate Computing [11] H H ✓ Global DSL ✓ General
Buzz [13] M M ∼ Local DSL × Swarm Robotics
PyoT [8] M P ∼ Data Framework × General IoT
Kairos [27] M M × Data Framework × Wireless Sensor Networks
DDFlow [14] H H ∼ Data DSL × Data/Stream
Warble [50] M P ∼ Local Framework × Smart IoT
SmartSociety [53] H M ∼ Global DSL × Collective Adaptive Systems
Regiment [45] M M × Global DSL × Wireless Sensor Networks
TinyDB [41] H M × Data DSL × Wireless Sensor Networks

regarding spatio-temporal dynamics. An alternative approach to direct orchestration involves
leveraging LLMs for code generation in IoT contexts. Recent research [66] has investigated the
capacity of LLMs to generate macroprogramming code for IoT systems leveraging PyoT [8],
strategically reducing the reasoning burden on generative models by employing high-level
abstractions to guide the code synthesis process.

3.5 Motivation
This article aims to explore the convergence of two significant technological trends: on one hand,
the emergence of versatile large language models with unprecedented capabilities, and on the other
hand, a paradigm shift toward collective system programming rather than focusing on individual
devices. Our work is motivated by recent promising applications combining macroprogramming
approaches and LLMs, and recent language-based approaches [2], which demonstrate the potential
for addressing the complexity of distributed IoT systems through higher-level abstractions.

To effectively harness LLMs for this paradigm shift, a robust and expressive macroprogramming
foundation is essential. Among the various paradigms (as summarized in Table 3), we selected
aggregate computing [11] as the foundational approach for this research. This paradigm offers
a compelling global-to-local perspective, allowing LLMs to specify system-wide behaviors
through operations on computational fields. This top-down approach is crucial for managing
complexity and is well-suited for translation from high-level, natural language specifications that
an LLM can process. Furthermore, its provides strong theoretical underpinnings and practical
advantages: it exhibits high scalability and inherent robustness (including self-stabilization
properties [55]), and supports deployment independence [56]. Critically, the paradigm is proven
to be space-time universal [11] (Table 3, Universality: ✓). This universality is paramount, as it
positions this paradigm not merely as one option among many, but as a potential lingua franca
for macroprogramming—a foundational model capable of expressing a vast range of collective
behaviors and potentially underpinning or relating to other macroprogramming concepts. This
makes it an ideal, generalizable target for LLM-based code generation.

4 Methods
In this article, we present a pipeline that leverages prompt engineering and in-context learning
(or few-shot learning) to enable LLMs to automatically generate macroprogramming code for IoT
systems, specifically targeting the aggregate computing paradigm. To provide a concrete test bed,
we adopt ScaFi [16], a Scala-based DSL that offers a direct mapping to field-calculus operators and
self-stabilizing building blocks. ScaFi’s close alignment with the theoretical model, along with its
seamless integration with large-scale simulation environments such as Alchemist [47], makes it an
ideal platform for validating LLM-generated collective programs and ensuring that the intended
spatio-temporal and convergence properties of aggregate computing are preserved.
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Our approach supplies the LLM with a carefully curated set of illustrative examples and then
prompts it to synthesize code for new tasks, guiding the model to recall or rediscover the core
abstractions of aggregate computing (e.g., rep, nbr, foldhood).

The solution is divided into two main phases: an adaptation phase, where we create an adapted
version of an LLM capable of generating code in our reference language, and a deployment phase,
where practitioners unfamiliar with specialized programming paradigms can develop CASs using
natural language specifications.

4.1 Adapatation Phase
As illustrated on the left side of Figure 4, the first phase involves transferring domain knowledge
from human experts to the LLM agent. This knowledge extraction and formalization process
consists of three key stages, BoK definition, Test case definition, and Co-design phase. Finally, a clear
input-output mapping is established to facilitate the LLM’s understanding of the task at hand.

Definition of the BoK:. This stage involves creating a concise operational manual to help LLMs
understand (or recall from their training dataset) the principal abstractions. The BoK is structured as
a progressive sequence of executable examples that introduce ScaFi’s API elements incrementally,
starting with basic operators like rep and sense, then advancing to spatial operators like nbr and
foldhood, and finally to self-organizing building blocks. Each example demonstrates concrete
API usage rather than abstract concepts, allowing the LLM to learn from code patterns and their
applications in increasing complexity. The general structure for each example is as follows:

# SCENARIO_DESCRIPTION #
# API_INTRODUCTION #
# API_USAGE #

For example, the BoK entry for temporal evolution is structured as follows:

# Temporal Evolution allows devices to maintain and update state over time #

# The rep construct allows stateful computation:
def rep[A](init: => A)(evolve: A => A): A
- init: The initial value
- evolve: Function that takes the current value and returns the next value

# Example: Creating a counter that increases by 1 each round
def main(): Int = rep(0)(_ + 1)
When executed repeatedly:
Round 1: 0
Round 2: 1
Round 3: 2

For the complete BoK, please refer to the public repository.2

Test case Definition. Each test case is structured to evaluate the LLM’s capability to generate
correct aggregate computing code and is composed of four main components:

—Test description: A natural language description of the expected behavior of the program
(e.g., “Compute the average temperature of the system”), which serves as the prompt provided

2https://github.com/nicolasfara/experiments-2025-acm-iot-ac-llm
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Fig. 4. The proposed pipeline to co-generate an LLM agent which is able to generate code which understands
collective abstraction and can be used to program IoT systems.

to the LLM for code generation. These descriptions are deliberately crafted with varying
levels of complexity to test different aspects of spatio-temporal reasoning.

—Ground Truth: A reference program that correctly implements the expected behavior, devel-
oped by aggregate computing experts. This serves as the baseline for functional correctness
and is used to verify the assertions when testing the generated code.

— Initial State: The configuration used to initialize the simulation environment, represented
as a network graph where nodes correspond to devices and edges represent communication
links. Each node is assigned specific properties (e.g., position coordinates, sensor values,
device IDs) that are necessary for the test execution.

—Assertions: A set of programmatic conditions that verify whether the generated code ex-
hibits the correct behavior. These assertions check both local properties (e.g., specific node
values) and emergent global properties (e.g., convergence patterns, collective behavior). For
spatio-temporal tests, assertions verify the system behavior after sufficient rounds to achieve
stabilization.

Co-design phase: In this phase, human experts iteratively refine the BoK based on the LLM’s
performance on test cases. After running a test, experts analyze the generated code to identify
specific misunderstandings or missing concepts. They then update the BoK by adding targeted
explanations, clarifications, or examples that address these gaps. This process is repeated: the
updated BoK is provided to the LLM, new code is generated, and further adjustments are made as
needed. While some automation is possible (e.g., using text-based differentiability systems [62]),
expert oversight is essential to ensure that the BoK provides the right level of abstraction and does
not simply give away the solution.

For the co-design phase, we crafted a template to guide the interaction between the human
expert and the LLM. The template is as follows:

Knowledge: # BOK #
Given the knowledge,
Task: # PROMPT_DESCRIPTION #
Generated code: # CODE_GENERATED #
Expected code: # TEST_CASE #

What concepts were misunderstood?
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Where the PROMPT_DESCRIPTION is the description of the task to be solved, the CODE_GENERATED
is the code generated by the LLM, that is not correct, and the TEST_CASE is the expected code.
Through several iterations of this phase, the BoK is progressively refined until the prompt reliably
enables the LLM to generate correct and effective programs automatically.

Input and Output Decoding. To ensure reproducibility and methodological rigor, we implemented
a standardized input/output protocol for the LLM-based code generation process. The protocol
consists of a structured prompt template that combines the BoK, task description, and precise
output formatting requirements (also known as structured output). The global prompt template
follows this structure:

You are an expert in Aggregate Computing and the ScaFi programming language.
I will give you a programming task, and you should provide a solution in ScaFi.

Body of Knowledge:
{BOK}

TASK:
{TASK_DESCRIPTION}

FORMAT REQUIREMENTS:
- Return ONLY a single ScaFi function with signature "def main(): Any"
- Do not include explanations, comments, or additional text
- Ensure the code is syntactically valid and correctly implements the requested behavior

Your answer:

This template ensures consistent interaction with the LLM agent across all experiments. The
{BOK} placeholder is populated with the appropriate knowledge level (none, basic, or with building
blocks) during execution. The {TASK_DESCRIPTION} contains the natural language specification of
the desired collective behavior.

The rigorous output requirements are essential for automated processing of LLM responses. By
enforcing a standardized output format (def main(): Any), we reduce parsing ambiguities and
enable direct compilation without intermediate processing steps.

4.2 Deployment and Operationalization Phase
The deployment phase constitutes the operationalization of the co-designed LLM agent for practical
application. In contrast to black-box orchestration approaches described in related literature, our
methodology maintains complete transparency of the generated programs, enabling verification
and analysis of emergent system behaviors. During this phase, domain practitioners provide
natural language specifications of desired collective behavior, which the LLM agent translates
into executable aggregate computing code. The generated code undergoes a multi-stage validation
pipeline:

(1) Static analysis: The ScaFi compiler is used to check for syntactic correctness and type safety.
(2) Dynamic verification: The code is executed in a controlled simulation environment to

validate its functional properties and emergent behaviors.
(3) Deployment and monitoring: The validated code is deployed to physical infrastructure,

where it is instrumented for runtime monitoring to ensure correct operation and to detect
potential issues during real-world execution. This step includes continuous observation and,
if necessary, intervention to maintain system reliability.
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This workflow ensures that generated programs exhibit both theoretical correctness and practical
reliability in real-world distributed environments.

5 Evaluation
5.1 Setup
To exercise the approach proposed in Section 4, we set up a pipeline meant to test with different
BoKs and LLMs the capability of generating code for IoT systems using aggregate computing. The
pipeline provides a class meant to test a single program given a BoK, an LLM, a prompt describing
the expected behavior, and a test-suite to evaluate the generated code. The test-suite is adapted from
the ScaFi library,3 which already provides utilities for verifying the correctness of ScaFi programs.
Additionally, the ScaFi codebase provides a set of unit tests that are used to evaluate the LLMs
generated code. Each test provides a baseline implementation of the expected behavior, acting as a
control group to compare the generated code, and verify the correctness of the assertions. Each
test is executed 20 times to ensure the stability of the results. The generated results are collected
and analyzed to evaluate the performance of the LLMs in generating code for this IoT domain. The
experiments are released as open-source software,4 and permanent access is provided through
Zenodo [22] with a permissive license for reproducibility and further research.

5.1.1 Real-World Application Evaluation. To validate our approach in a practical context, we
conducted an empirical evaluation using the highest-performing LLM model (Gemini 2.5 Pro) to
generate code for the crowding detection scenario described in Section 2. Specifically, we utilized
mobility data collected from a city marathon dataset [11, 63].

The generated program was deployed in a controlled simulation environment using Al-
chemist [47], a simulation platform designed for evaluating pervasive computing and large-scale
IoT scenarios. The simulation was configured with a network of mobile nodes representing event
participants with wearable/mobile devices (∼ 300), incorporating realistic movement patterns and
Bluetooth signal propagation characteristics.

We evaluated the system’s performance against three critical functional requirements: (1) quali-
tative in identifying crowded areas based on device density and proximity metrics, (2) effective
propagation of alert signals within spatially-bounded affected regions, and (3) robustness to dynamic
network topology changes induced by participant mobility.

5.1.2 Testing Framework. The testing framework is implemented in Scala 3 since it seamlessly
integrates with the ScaFi library. We setup the AbstractScafiTest class to provide a common
interface for the test cases. This class requires:

—A list of BoK files to provide with the LLM;
—The file containing the prompt to be used to generate the code with the LLM;
—The list of LLMs implementations to be tested; and
—The number of iterations should be run for each combination of BoK and LLM.

Additionally, when implementing a test case, the baselineWorkingProgram method must provide
the expected behavior of the program, acting as a baseline to validate the test; the programTests
method must provide the assertions meant to verify the correctness of the LLM generated code,
namely the assertions to ensure the program correctness.

Once all the test cases are implemented (11 in total), the testing framework, executes all the
test cases and collects the results. In particular, for each BoK and LLM combination, an API call

3https://github.com/scafi/scafi
4https://github.com/nicolasfara/experiments-2025-acm-iot-ac-llm
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Fig. 5. Pictorial representation of the testing workflow.

is performed to the LLM API to generate the code. The generated output is collected and via a
predefined template is compiled and executed. In the case a compilation error occurs, it is collected
the BoK and LLM used, the produced code, and the error message marking the test as failed. In the
case the code compiles and runs, the test suite is executed, and based on the test outcome, the test
is marked as passed or failed.

With this setup, three possible outcomes can occur:

— Success if the code compiles and the test suite passes;
— Error if the generated code does not compile or an unexpected runtime error occurs; and
— TestFail if the code compiles but the test suite fails.

All produced outcomes are then collected and stored to conduct a meaningful analysis of the results.
The Figure 5 provides a representation of the described testing workflow.

5.1.3 Prompts and BoKs. In the Table 4, we provide the list of implemented test cases, their
respective prompts, and the type of test they represent. The test cases are divided into three main
categories:

— Temporal or Spatial. Use of either temporal or spatial interactions;
— Spatio-temporal. Combination of both temporal and spatial interactions; and
— Building Blocks. Use of self-stabilizing building blocks.

This division provides a categorization of test cases based on their computational complexity and
the aggregate computing abstraction they employ. Following the core principles of aggregate
computing discussed in Section 3.2.1, we progressively increase complexity from simple temporal
or spatial operators to their combination in spatio-temporal patterns, and finally to compositions
of self-organizing building blocks.

The gradient computation establishes a potential field from a source node, producing the visual
pattern shown in Figure 6(a). When obstacles are introduced (Figure 6(b)), the gradient must
adapt to route around these impediments, requiring a more sophisticated understanding of spatial
constraints and field propagation. Building upon gradient computations, the channel test cases
(Figure 6(c) and 6(d)) create a path connecting source and destination nodes—an abstraction that
exemplifies the composition of simpler field operations to achieve higher-level spatial structures.

Finally, the most complex test case involves area-wise temperature monitoring (Figure 6(e)),
which requires partitioning the network into zones, computing aggregate properties within each
zone, and distributing alerts when conditions exceed thresholds (see Section 3 for more details).
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Table 4. List of Test Cases with their Respective Prompts and Types

Test Case Prompt Type

Count Down Evolve backwards a value from 1000 to 0 Temporal
Neighbors Count Count neighbors Spatial
Neighbors Count Excluding Self Count neighbors excluding self Spatial
Gather Neighbors IDs Gather a list IDs of their neighbors Spatial
Calculate Min Distance Neighbors Calculate the min distance ONLY from

neighbors
Spatial

Collect Max ID Compute the max ID in the whole network Spatio-temporal
Calculate Gradient Compute the euclidean distance from the

source using a sensor named ``source''
Spatio-temporal

Calculate Gradient (Obstacles) Compute the euclidean distance from the
source using a sensor named ``source'' and
it should avoid any obstacles in the path
(namely, boolean sensors called
``obstacle'').

Spatio-temporal

Create Channel Create a channel from the source node
called `source' to the destination node
called `destination'

Building blocks

Create Channel (Obstacles) Create a channel from the source node
called `source' to the destination node
called `destination' and it should avoid
any obstacles in the path (namely, boolean
sensors called `obstacle'). It should
return true if the channel was successfully
created, and false otherwise.

Building blocks

Area-wise Alarm for Temperature Above 30 Compute several areas where it is computed
the area-wise temperature and send back (in
broadcast) within the area an alarm to the
area when the temperature is above 30
degrees.

Building blocks

The background colors indicate the type of test case: temporal or spatial (green), spatio-temporal (orange), and building
blocks (red).

5.2 Metrics
To evaluate the performance of LLMs in code generation tasks, we employ two metrics: pass@k
and compile@k which are defined as follows: The former quantifies the probability that at least
one successful solution exists among k independent generations for a given problem. This metric,
established in the literature for evaluating code generation models [39], is formally defined as

pass@k = 1 −
(𝑛−𝑐𝑘 )
(𝑛𝑘)

, (1)

where 𝑛 is the total number of attempts (20 in our case), and 𝑐 is the number of successful solutions.
This metric captures the likelihood of generating at least one correct solution within k attempts,
providing a more comprehensive assessment of model performance than a simple success rate. As a
complementary measure, we introduce compile@k, which follows the same statistical formulation
but focuses on syntactic correctness rather than functional correctness:

compile@k = 1 −
(𝑛−𝑑𝑘 )
(𝑛𝑘)

, (2)
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(a) Gradient Computation (b) Gradient with Obstacles (c) Channel

(d) Channel with Obstacles (e) Area-wise Alarm for
Temperature Above 30 de-
grees

Fig. 6. Screenshots of the program generated by the LLM under a simulated scenario with Alchemist [47]. In
(a) and (b), the colors are proportional to the distance from the source node, where the red shadow indicates
the source node (bottom left). In (b) and (d), the square gray nodes represent obstacles. In (c) and (d), the
yellow nodes indicate if a node is part of the channel. Finally, in (e), the red nodes indicate the area where the
temperature is above 30 degrees.

where 𝑑 is the number of solutions that successfully compile. This metric evaluates the model’s
ability to generate syntactically valid code, complementing the functional correctness measured by
pass@k.

In our evaluation, we report results for k ∈ {1, 5, 10} to characterize performance across different
generation budgets.

5.3 Results
Detailed metrics for all models across these knowledge levels are reported in Table 5 where the
pass@k and compile@k metrics for each model are presented, giving a comprehensive overview of
their performance.

5.3.1 Overview. Figure 7 illustrates the outcomes distributed across the test cases for each model.
The top-performing model, Gemini 2.5 Pro, successfully generates code that both compiles and
passes tests more than 50% of the time, while Claude 3.7 Sonnet (second performing model) achieves
a pass rate of around 41%.

In general, a compilation error occurs in 20–30% of the cases, except for Mistral 8b, which has a
significantly higher failure rate of around 60%. The overall trend indicates that larger models tend
to perform better, except for Llama 3.1 405B, which does not perform as well as its parameters count
might suggest. This may indicate that some models were trained on more aggregate computing
data than others, therefore more effectively activating their latent capabilities.
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Table 5. Pass@k (p@k) and Compile@k (c@k) Metrics by Model and Knowledge Level

No Knowledge Basic Knowledge Knowledge+BB
Model p@1 p@5 p@10 c@1 c@5 c@10 p@1 p@5 p@10 c@1 c@5 c@10 p@1 p@5 p@10 c@1 c@5 c@10
Gemini 2.5 Pro 0.27† 0.47† 0.50† 0.39† 0.72† 0.77† 0.66† 0.73‡ 0.73∗ 0.86† 0.96∗ 0.99∗ 0.64† 0.79‡ 0.84‡ 0.91† 1.00† 1.00†

Claude 3.7B Sonnet 0.02‡ 0.10‡ 0.17‡ 0.15∗ 0.45∗ 0.62∗ 0.62‡ 0.75† 0.80† 0.83‡ 0.99† 1.00† 0.59∗ 0.74∗ 0.79∗ 0.90‡ 0.98‡ 1.00‡

Gemini 2.0 Flash Exp 0.01 0.04 0.07 0.01 0.04 0.07 0.60∗ 0.68∗ 0.71 0.75 0.90 0.91 0.60‡ 0.80† 0.86† 0.88∗ 0.93∗ 0.95
Llama 3.1 405B Instruct 0.00 0.00 0.00 0.07 0.26 0.36 0.36 0.58 0.66 0.70 0.89 0.91 0.42 0.64 0.73 0.70 0.90 0.97
Llama 3.3 70B Instruct 0.00 0.00 0.00 0.01 0.06 0.11 0.48 0.67 0.75‡ 0.75 0.91 0.97 0.45 0.58 0.61 0.59 0.75 0.80
GPT-4.1 Mini 0.02∗ 0.08∗ 0.13∗ 0.08 0.30 0.45 0.49 0.58 0.61 0.83∗ 0.96‡ 0.99‡ 0.50 0.59 0.61 0.75 0.87 0.94
Codestral 0.00 0.00 0.00 0.11 0.29 0.41 0.30 0.49 0.57 0.51 0.86 0.93 0.42 0.59 0.68 0.65 0.90 0.95
Qwen 2.5 Coder 32B Instruct 0.00 0.00 0.00 0.04 0.14 0.21 0.39 0.55 0.61 0.59 0.86 0.93 0.34 0.51 0.58 0.56 0.84 0.93
Mistral 3.1 24B Instruct 0.00 0.00 0.00 0.04 0.09 0.09 0.42 0.52 0.57 0.62 0.83 0.90 0.41 0.54 0.59 0.54 0.74 0.83
Llama 4 Maverick 0.00 0.00 0.00 0.00 0.02 0.05 0.52 0.55 0.55 0.77 0.87 0.90 0.39 0.45 0.50 0.68 0.76 0.80
Llama 4 Scout 0.00 0.00 0.00 0.00 0.00 0.00 0.30 0.46 0.50 0.63 0.89 0.97 0.29 0.46 0.54 0.63 0.93 0.98∗
Gemini 1.5 Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.55 0.55 0.55 0.62 0.64 0.64 0.45 0.45 0.45 0.72 0.79 0.81
Gemma 3.27B Instruct 0.00 0.00 0.00 0.00 0.00 0.00 0.27 0.27 0.27 0.65 0.77 0.82 0.38 0.49 0.57 0.50 0.67 0.75
Gemma 3.12B Instruct 0.00 0.00 0.00 0.02 0.10 0.15 0.38 0.45 0.45 0.62 0.82 0.86 0.30 0.36 0.36 0.55 0.78 0.86
Gemma 3.4B Instruct 0.00 0.00 0.00 0.35‡ 0.65‡ 0.75‡ 0.14 0.18 0.18 0.69 0.81 0.82 0.09 0.09 0.09 0.76 0.90 0.91
Mistral 8B 0.00 0.00 0.00 0.10 0.30 0.42 0.00 0.00 0.00 0.55 0.84 0.90 0.00 0.02 0.05 0.55 0.84 0.90
†1st, ‡2nd, and ∗3rd best performance per metric and knowledge level.
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Fig. 7. Distribution of errors across different test cases.

Figure 8 illustrate the impact of the BoK on model performance. The introduction of a BoK leads
to a significant performance improvement across all models (as indicated by the rising black average
line in the figure). Unexpectedly, the addition of building blocks does not consistently yield further
improvements for all models. Some larger models like Claude 3.7 Sonnet show minimal gains or
even slight decreases when moving from basic knowledge to building blocks. Smaller models like
Llama 4 Maverick also demonstrate decreased performance when building blocks are introduced.
This behavior may be attributed to the dual nature of building blocks: while they provide powerful
abstractions, they also introduce additional complexity that some models struggle to effectively
leverage. The semantic gap between understanding basic operators and comprehending their
composition into higher-level patterns appears to affect different architecture families differently.

The co-design process (cf. Section 4.1) for the BoK with building blocks on average improves the
pass@10 metric, with the most significant gains observed in the Gemini models, which show an
increase of approximately 20% in pass@10 when using building blocks. Such improvements are
observed because the BoK is refined based on the co-design process involving the Gemini models
(the most successful ones), which effectively tailors the knowledge representation to align with
these models’ reasoning patterns.
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Fig. 8. Analysis of error patterns and knowledge impact on model performance.

5.3.2 Performance Without Body of Knowledge (BoK). As shown in Table 5 (columns “No Knowl-
edge”), the performance in this scenario was generally poor across most models. The pass@10
metric was particularly low, with most models achieving a pass@10 of 0.00, even with big models
like Llama 3.1 405B Instruct, Codestral and Llama 3.3 70B Instruct. This indicates that the mod-
els struggled to generate even syntactically correct code for the given tasks without any prior
knowledge.

The Gemini 2.5 Pro model stood out with a pass@10 of 0.50 and compile@10 of 0.77, indicating
some latent capability. Claude 3.7 Sonnet and GPT-4.1 Mini also showed marginal success, with
pass@10 values of 0.17 and 0.13, respectively. However, for most models like Llama 4 Scout and Gem-
ini 1.5 Flash, even achieving syntactically correct code was a challenge, with a compile@10 of 0.00.

The “No Knowledge” heatmap in Figure 9 reveals a stark pattern across all models. The majority
of cells are colored dark purple, indicating a pass@10 of 0.00, with only a few scattered successes in
the top left corner of the heatmap, where the best-performing models are located. Even though the
top-performing model achieves good results on simpler tasks like “Count Down” and “Neighbors
Ex Self” (pass@10 of 1.00), it struggles with more complex tasks like “Channel with Obstacles”
and “SCR Temp” (pass@10 of 0.00). These scattered successes suggest some latent knowledge of
basic ScaFi operators exists within certain models’ training data. However, this knowledge appears
fragmented and inconsistent, insufficient for reliable code generation without explicit guidance.

5.3.3 Performance with Minimal Body of Knowledge (Basic BoK). Providing a Basic BoK led
to a marked improvement in performance for almost all models, as reported in Table 5 (columns
“Basic Knowledge”). The average pass@10 across models increased significantly: Claude 3.7 Sonnet
(0.80 pass@10), Gemini 2.5 Pro (0.73 pass@10), and Llama 3.3 70B Instruct (0.75 pass@10) emerged
as strong performers. Compile rates also saw substantial gains; for example, GPT-4.1 Mini went
from a compile@10 of 0.45 (No Knowledge) to 0.99 with the Basic BoK. This indicates that even a
concise BoK helps LLMs grasp the syntactic structure of the target language. The “Basic Knowledge”
heatmap in Figure 9 shows a general brightening of cells compared with the “No Knowledge”
heatmap.

Models like Gemini 2.5 Pro, Claude 3.7 Sonnet, and Gemini 2.0 Flash Exp now successfully tackled
a wider range of basic temporal (“Count Down”) and spatial (“Neighbors”, “Gather IDs”) tasks with
high pass@10 scores (often 1.00). Performance on simpler spatio-temporal tasks like “Collect Max
ID” and “Gradient” also improved. For instance, Gemini 2.5 Pro achieved 1.00 on “Max ID” and
”Gradient” (without obstacles).
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Fig. 9. Comparison of LLMs performance with different knowledge levels.

However, some tasks remained challenging, particularly for more complex spatio-temporal tasks
(e.g., “Gradient+Obs”) and tasks implicitly requiring building-block-like patterns (e.g., “Channel”,
“SCR Temp”), where pass@10 scores were still low or zero for many models. This suggests that
while the Basic BoK helps with fundamental operators, it is not sufficient for guiding LLMs toward
composing more elaborate, robust, and self-organizing behaviors. Figure 10, particularly the “Basic
Knowledge” plots, further illustrates that while the “Basic” and “Spatio-Temporal” test categories
showed improvement, the “BB” (Building Blocks) category likely remained challenging.

5.3.4 Performance with Enhanced Body of Knowledge (BoK with Building Blocks). As detailed
in Table 5 (columns “Knowledge+BB”), this enhanced BoK generally led to further improvements,
particularly for the more complex tasks. Gemini 2.5 Pro maintained its strong performance with
a pass@10 of 0.84 and a compile@10 of 1.00. Gemini 2.0 Flash Exp also showed notable gains,
reaching a pass@10 of 0.86. Claude 3.7 Sonnet achieved a pass@10 of 0.79. The compile rates for
top models approached or reached 1.00, indicating high syntactic confidence.

Figure 8 shows that for several top-performing models (e.g., Gemini 2.5 Pro, Gemini 2.0 Flash
Exp), the pass@10 increased with the “Knowledge with Building Blocks”. The average pass@10
also saw an uptick. The most significant impact of the enhanced BoK is visible in the “Knowledge
with Building Blocks” heatmap in Figure 9. Models now demonstrate a markedly improved ability
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Fig. 10. Comparison of LLMs performance across different test groups.

to solve tasks that were previously unfeasible. For instance, Gemini 2.5 Pro achieves a pass@10 of
0.76 on “Channel+Obs” and 0.70 on “SCR Temp” (Area-wise Alarm).

However, adding the advanced Building Blocks (BB) knowledge did not uniformly improve
results. As reported in Table 5 and visible in Figures 8 and 9, several models actually saw performance
drops:

— Llama 3.3 70B Instruct: pass@10 dropped from 0.75 (Basic BoK) to 0.61 (BoK+BB), and
compile@10 dropped from 0.97 to 0.80.

— Llama 4 Maverick: pass@10 dropped from 0.55 to 0.50, while compile@10 dropped from
0.90 to 0.80.

—Claude 3.7 Sonnet: remained almost unchanged (pass@10 from 0.80 to 0.79).
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Fig. 11. Visualization of crowd detection algorithm applied to the real-case marathon simulation in Alchemist.
Red nodes indicate highly crowded areas, while blue nodes represent areas with lower crowd density. The
panels show the temporal evolution from left to right. Crowded zones dynamically shift over time as device
density changes across different areas of the marathon route.

1 val DENSITY_THRESHOLD_COUNT = 50
2 val localNeighboringDeviceCount = foldhoodPlus (0)(_ + _)(nbr (1))
3 val isLocallyOvercrowded = localNeighboringDeviceCount >= DENSITY_THRESHOLD_COUNT
4 val distanceToNearestCrowdedArea = G[Double ](
5 source = isLocallyOvercrowded ,
6 field = 0.0,
7 acc = pathDistanceSoFar => pathDistanceSoFar + nbrRange (),
8 metric = nbrRange
9 )

10 distanceToNearestCrowdedArea

Listing 1. Distance to the nearest overcrowded area

Fig. 12. Aggregate computing snippet to compute the distance to the nearest overcrowded area.

This phenomenon suggests three key challenges:

(1) Increased Reasoning Complexity: models may over-apply high-level abstractions even when
simpler foldhood/nbr patterns suffice, leading to convoluted or incorrect code.

(2) Cognitive Overload or Interference: a richer BoK can expand the decision space, making it
harder for the LLM to select the optimal construct.

(3) Misinterpretation of Applicability: LLMs still struggle to discern when a building block is
truly the most parsimonious solution versus composing behavior from core field-calculus
operators.

In summary, while self-organizing building blocks can unlock solutions to complex compositional
problems for some models (see the uplift in the “BB” category of Figure 10), they can also introduce
new errors or degrade performance on tasks the models previously handled well.

Real-World Scenario. Given the crowding detection scenario described in Section 2 as a prompt,
our LLM, equipped with a BoK that includes self-organizing building blocks and corrections,
generated the aggregate computing code snippet shown in Figure 12. Analyzing the generated code,
we can see that it effectively implements the two key components of the crowd detection algorithm.
First, it establishes a local detection system using spatial operators (foldhoodPlus) to identify areas
where device concentration exceeds a predefined threshold. Second, it employs the gradient cast
building block (G) to propagate information about crowded areas throughout the network, creating
a potential field that quantifies proximity to congested zones.

In our Alchemist simulation using the city-marathon dataset, we observed that this implemen-
tation successfully fulfilled all three evaluation criteria (see Figure 11): (1) accurate identification
of high-density areas through local neighborhood assessment (see the red nodes in the figure),
(2) efficient propagation of crowding information through spatial gradients (see the variation of the
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color over time), and (3) adaptive response to dynamic topology changes as participants moved
throughout the event area (see the evolution of the snapshots).

5.4 Discussion
RQ1: Are state-of-the-art LLMs capable of generating macro-code without a BoK? Our experimen-
tal results indicate that state-of-the-art LLMs, despite their sophisticated reasoning capabilities,
demonstrate significant limitations in generating valid aggregate computing code without a BoK.
Quantitatively, the absence of a structured BoK leads to a high percentage of non-compiling code,
with even the most advanced LLMs (e.g., Claude) achieving only a c@1 of 15%. However, consider-
ing the Calculate Gradient case, the successful attempts produce code similar to the one provide as
follows:

1 rep(Double.PositiveInfinity) { d =>
2 mux(sense[Boolean ]("source")) { 0.0 } {
3 minHoodPlus(nbr(d) + nbrRange ())
4 }
5 }

This suggests some foundational knowledge of aggregate computing exists within the LLMs’ training
data, while however, highlight the fact that the limited exposure to examples during pre-training
makes it difficult for the models to consistently access and apply this knowledge. These findings
demonstrate the necessity of a well-structured BoK to effectively guide LLMs in generating reliable
aggregate computing code.The BoK serves as a crucial mechanism to both activate and contextualize
the models’ latent domain knowledge.

RQ2: Are prompt engineering techniques sufficient to convey the abstractions of a macro paradigm?
To evaluate the effectiveness of prompt engineering in conveying macroprogramming abstractions,
we analyzed performance across three dimensions: temporal (RQ2.1), spatial (RQ2.2), and spatio-
temporal (RQ2.3) abstractions. Our analysis indicates that the effectiveness of prompt engineering
varies significantly across these dimensions. For temporal abstractions (RQ2.1), results show high
efficacy with p@10 approaching 100% for basic patterns such as counting or state evolution.
Instead, spatial abstractions (RQ2.2) demonstrate reasonable effectiveness (∼ 80% p@10), though
edge cases reveal limitations. Consider this attempted solution for computing minimum neighbor
distance:

1 val distances = foldhoodPlus(List.empty[(Double , ID)])(_ ++ _)(List(nbrRange () ->
nbr(mid())))

2 distances.minBy(_._1)._1

This implementation, while conceptually sound, fails due to operational details—specifically using
foldhoodPlus without handling empty list cases. This demonstrates that LLMs can grasp spatial
concepts but may miss subtle implementation requirements.

For spatio-temporal abstractions (RQ2.3), prompt engineering exhibits significant limitations,
with p@10 dropping to 45% for Gemini 2.5 Pro and 25% for smaller models. Consider this flawed
gradient implementation (Gemini 2.0 Flash):

1 rep[Option[Double ]](if (sense[Boolean ]("source")) Some (0.0) else None) { distance =>
2 mux(distance.isDefined && !sense[Boolean ]("obstacle")) {
3 minHood(nbr(distance).map(_ + nbrRange ()))
4 } { distance }
5 }. getOrElse(Double.PositiveInfinity)
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Here, the model fundamentally misunderstands nbr as returning a collection rather than accessing
a single neighbor value, demonstrating semantic misconceptions despite syntactic correctness.
Another common error involves confusing branch and mux:

1 rep(Double.MaxValue) { dist =>
2 branch(sense[Boolean ]("source")) { 0.0 } { minHood(nbr(dist) + nbrRange ()) }
3 }

This error reflects a misunderstanding of fundamental semantics—mux performs value selection
while branch creates isolated computational domains.

Model size significantly impacts performance, with larger models generally demonstrating better
comprehension of abstractions. The Gemini 2.5 Pro and Claude 3.7 Sonnet models achieved
the highest success rates across all abstraction types. However, even large models struggled with
complex spatio-temporal tasks requiring composition of multiple operators.

These quantitative results (see Section 5.3) show that introducing building blocks into the BoK
enables LLMs—especially the top-performing models—to solve more complex macroprogramming
tasks that require higher-level composition and collective reasoning. While this effect is most
pronounced for the Gemini family, the overall trend confirms that richer abstractions can bridge the
gap between natural language specifications and executable collective code. However, as previously
discussed, this benefit is not uniform across all models: some smaller or less capable models may
experience diminished performance, likely due to increased abstraction complexity exceeding their
reasoning capacity.
RQ3: Given RQ2, are these LLMs able to generate novel/unseen solutions to macroprogramming

problems using at least one macroprogramming language? For our third research question, we
primarily examine solutions adopting building blocks, where the higher abstraction level provides
greater potential for novel approaches. When analyzing the generated code for Gemini 2.5 pro, and
we identified several instances where the LLM have created innovative solutions that diverged
from conventional aggregate computing patterns taught in the BoK. One particularly interesting
example appeared in the Create Channel task with obstacles:

1 val obstacleDetected: Boolean = sense[Boolean ]("obstacle")
2 val destination: Boolean = sense[Boolean ]("destination")
3 val source: Boolean = sense[Boolean ]("source")
4 val metric = () => if (obstacleDetected) Double.PositiveInfinity else nbrRange ()
5 val potential = G[Double ](source , 0.0, _ + nbrRange (), metric)
6 C[Double , Boolean ](potential , _ || _, destination , false)

This has two main novelty points:
(1) The use of the C (collect-cast) operator to create the channel, which represents an innovative

approach not explicitly taught in the BoK. Traditionally, channels are created using gradient-
based path formation, but the model discovered that collect-cast can elegantly propagate
boolean values along the shortest path between source and destination nodes.

(2) The implementation of obstacle avoidance through metric manipulation (setting
Double.PositiveInfinity for obstacle nodes) rather than using branch operators. This approach
demonstrates sophisticated spatial reasoning where the model treats obstacles as regions
with infinite distance, naturally forcing the gradient (and resulting channel) to route around
them.

The most significant finding emerged from the temperature analysis task, which required
both spatio-temporal reasoning and composition of multiple behaviors to correctly identify
areas with temperatures exceeding a predefined threshold. The model generated the following
solution:
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1 val isLeader = S(2, nbrRange)
2 val temperature = sense[Double ]("temperature")
3 val potential = G(isLeader , 0.0, _ + nbrRange (), nbrRange)
4 val areaTemperature = C[Double , Double ](potential , _ + _, temperature , 0.0)
5 val areaSize = C[Double , Int](potential , _ + _, 1, 0)
6 val averageTemperature = if (areaSize > 0) areaTemperature / areaSize else 0.0
7 val alarm = averageTemperature > 30.0
8 G(isLeader , alarm , (a:Boolean) => a, nbrRange)

This solution demonstrates the model’s ability to independently discover and implement the Self-
organizing Coordinated Regions (SCR) pattern—a fundamental design pattern in aggregate
computing [46]. The variable naming conventions (isLeader, potential, areaTemperature) indicate the
model’s semantic understanding of core aggregate computing concepts: (1) leader election through
the sparse choice operator, (2) potential field generation to define areas of influence, and (3) data
aggregation and processing within these defined regions. Without the building blocks provided
in the enhanced BoK, the abstraction gap is too high for the models to bridge it, resulting in
solutions that either failed to compile or exhibited incorrect behavior. With the introduction
of these higher-level abstractions, the models were able to reason effectively about collective
spatial behaviors and compose multiple operations to achieve the desired outcome. These results
qualitatively demonstrate that LLMs can generate novel, functionally correct solutions to complex
macroprogramming problemswhen providedwith appropriate abstractions that reduce the semantic
distance between natural language specifications and executable code. The building blocks act as
conceptual bridges that enable LLMs to translate high-level spatial and temporal concepts into
concrete implementations.

6 Threats to Validity
Several factors could influence the interpretation and generalizability of our findings.

External Validity: Our results are based on a specific set of LLMs and the aggregate computing
paradigm implemented in ScaFi. While we tested diverse models (mitigating LLM specificity) and
aggregate offers space-time universality [4] (justifying paradigm choice), findings may not directly
transfer to untested LLMs or entirely different macroprogramming paradigms. The representative-
ness of our 11 test cases and the specific design of our BoK also constitute limitations; however,
test cases were systematically categorized by complexity, and the BoK’s progressive structure and
content are transparently provided for scrutiny.

Construct Validity: Operationalizing “understanding” of abstractions (RQ2) through pass@k is a
practical proxy, which we supplemented with qualitative analysis of generated code to gain deeper
insights beyond functional correctness. Similarly, assessing “novelty” (RQ3) can be subjective, but
we grounded it by comparing generated solutions to BoK content and known aggregate computing
patterns. LLMoutputs are sensitive to prompt engineering; we addressed this by using a standardized
template and fixed formatting requirements, though inherent LLM sensitivity remains. The metrics
pass@k and compile@k primarily capture functional and syntactic correctness, not necessarily code
quality or efficiency, a gap partially bridged by our qualitative review.

Internal Validity: Attributing performance changes solely to BoK content is challenging. While
improvements with BoK introduction are clear, disentangling the effects of specific content (e.g.,
building blocks) from increased context length or example density is difficult. However, instances
where adding building blocks decreased performance for some models suggest content complexity,
not just quantity, is influential. Whether LLMs “learn” from the BoK or use it to better retrieve
pre-existing knowledge is an open interpretability challenge in LLM research.
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Conclusion Validity and Reliability: LLMs are stochastic; we mitigated this by conducting 20
repetitions per test and using pass@k metrics. For API-based LLMs, unannounced model updates
could affect long-term reproducibility, though we specified model versions where possible and our
evaluation framework is open. The co-design of the BoK and qualitative analyses involve human
judgment; this was mitigated by collaborative author input and making artifacts publicly available.
There is a potential risk that the BoK was implicitly tuned to the test cases during the co-design
phase, which we acknowledge as a limitation, though the aim was to capture fundamental AC
concepts.

LLM Trustworthiness and Hallucinations: A significant inherent challenge with LLMs is their
propensity to “hallucinate”—generating outputs that are plausible-sounding but factually incorrect,
inconsistent, or nonsensical. In the context of code generation, this can manifest as syntactically
valid but semantically flawed code, misapplication of operators (e.g., confusing mux with branch
despite BoK entries), or the invention of non-existent API features. Such hallucinations directly
threaten the trustworthiness of the generated code and the validity of our evaluation. While our
methodology, employing unit tests, a structured BoK, and iterative refinement via the human-
in-the-loop co-design process, aims to mitigate these risks by grounding the LLM’s output, it
cannot entirely eliminate them. The “pass@k” metric itself can be influenced if a hallucinated
solution coincidentally passes tests. Future work could explore more robust grounding techniques
or verifiable reasoning steps to further enhance the reliability of LLM-generated macroprograms.

Applicability in Real-World or Industrial Environments: While our evaluation demonstrates the
potential of LLMs to generate aggregate computing code and its applicability in simulated IoT
scenarios, deployment in real-world industrial environments requires additional considerations.
Production systems demand robust safety mechanisms, including runtime monitoring, fallback
strategies, and dynamic validation to handle unexpected conditions that may not be captured in
simulation. Although aggregate computing may also support runtime monitoring [5] through its
field-based abstractions, enabling human operators to define safety checks that halt execution when
necessary, our current approach focuses primarily on code generation and correctness validation.
Future work should explore integration frameworks that ensure generated programs meet industrial
reliability standards and can be safely deployed in mission-critical IoT systems.

7 Conclusion
In this article, we have addressed the challenge of programming IoT systems by proposing a
language-based approach that leverages LLMs to generate aggregate computing code. Our work
is motivated by the recent convergence of two significant technological trends: the emergence
of sophisticated LLMs with unprecedented reasoning capabilities, and a paradigm shift toward
collective system programming rather than individual device programming.

Our co-design approach demonstrates how LLMs can effectively generate code for IoT sys-
tems using aggregate computing, a macroprogramming paradigm that abstracts the complexity
of distributed systems. This approach offers several significant advantages for IoT development.
First, it abstracts complexity by focusing on collective behavior rather than individual devices,
enabling developers to specify system-wide properties in natural language. Second, the generated
code inherits the self-stabilization, resilience to transient faults, and scalability properties of the
aggregate computing paradigm. Finally, our approach lowers the expertise barrier by making macro-
programming more accessible, thereby bridging the gap between high-level system requirements
and executable distributed code.

Our experimental evaluation reveals insights into LLMs’ capabilities for macroprogramming.
The models demonstrate a strong understanding of basic temporal and spatial operators, whereas
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spatio-temporal operators and higher-order composition pose greater challenges. The results
demonstrate that the introduction of building blocks through the co-design process yields mixed
but generally positive outcomes across different model families. While top-performing models like
Gemini 2.5 Pro and Gemini 2.0 Flash Exp show substantial improvements (approximately
15% increase in pass@10), some models experience performance degradation when faced with
increased abstraction complexity. Most notably, our findings indicate that LLMs can generate
novel solutions that diverge from conventional patterns taught in the BoK, such as innovative
use of collect-cast operators for channel creation and independent discovery of the SCR pattern.
These results suggest that appropriate abstractions serve as conceptual bridges, enabling effective
translation from natural language specifications to executable collective code.

Future research directions include: investigating automated prompt optimization techniques such
as textgrad [62] to systematically enhance knowledge transfer between human experts and LLMs;
exploring synergistic approaches that combine in-context learning with fine-tuning methodologies
to improve performance in IoT code generation; developing domain-specific prompt optimizations
tailored to various IoT application domains (e.g., smart cities, precision agriculture, industrial
IoT); explore further validation checks to mitigate the risk of hallucinations in generated code
before deployment of the generated code in real-world scenarios; and leveraging a LLM as a
judge framework to automatically evaluate the correctness of generated code against a set of
predefined criteria, such as functional correctness, performance, and resource efficiency. Through
these advancements, we aim at furthering bridge the gap between natural language requirements
and robust distributed systems implementations, making macroprogramming accessible to a broader
audience of developers and domain experts.
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