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ABSTRACT
This paper elaborates on the opportunity and idea of multi-agent
system (MAS) macro-programming, i.e., programming in terms of
macroscopic denotations of system goals, structure, or behaviour.
Indeed, macro-descriptions with explicit macro-to-micro mapping
can be a formidable way to harness the complexity of emergent col-
lective behaviour (for humans) and to provide a structure for guid-
ing optimisation, learning, and generative artificial intelligence (AI)
processes (for computers). Despite contributions about meso-level
(e.g., organisational), multi-level (e.g., holonic) and declarative (e.g.,
goal-oriented, normative) paradigms exist in the MAS literature,
research is fragmented and the topic arguably overlooked by both
the scientific and software engineering viewpoints. Recent survey
works on macro-programming spanning areas from sensor net-
works to swarm robotics suggest that a synthesis is possible, despite
the variety of methods, techniques, and abstractions. With refer-
ence to early and recent literature both within and outside the MAS
community, this paper motivates that multi-scale and especially
macroscopic descriptions are possible, useful, and timely—opening
up to research opportunities and community debate.
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1 INTRODUCTION
Effectively engineering the collective behaviour [16] of a collection
of interacting agents is a long-standing challenge [12, 13, 18, 57].
The essence of the issue lies in the combinatorial nature [54] and
complexity of the combined system-environment dynamics, nor-
mally leading to emergent phenomena [86]. The design activity tra-
ditionally focusses on individual agents’ behaviours and their coor-
dination/interaction [11, 43, 58]. However, this classical approach is
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subject to the forward, local-to-global, or micro-to-macro prediction
problem (foreseeing the overall behaviour and effects) [68, 78, 82],
generally addressed by bottom-up, try-and-error design and as-
sessed via (expensive) simulation of system behaviour in a (limited)
range of environments. Automatic approaches based on search, op-
timisation, and machine learning have also been proposed. For
instance, evolutionary [76] and multi-agent reinforcement learn-
ing (MARL) [39] have contributed by using supervisory signals
to search through the policy space, but tend to suffer from issues
like scalability, reward design, credit assignment, generalisability,
adaptation, explainability [51, 88].

Over time, language-based proposals emerged for addressing
the inverse, global-to-local or macro-to-micro problem, for
specific problems like swarm task allocation [78] or spatial self-
organisation [79]. Research of this kind has been quite fragmented
across fields. Recently, attempts to synthesis were proposed along
the umbrella term of “macro-programming” [17, 44] roughly
meaning “programming by a macroscopic perspective” (cf. Figure 1).

Macro-programming as a term and abstract notion was first
proposed in early 2000s for programming wireless sensor networks
(WSNs) while abstracting communication and data routing [56]. A
new wave then arose with the Internet of Things (IoT) [44] and
swarm robotics [13]. Interestingly, however, while related MAS
approaches like normative [21], organisational programming [40],
and holonic MASs [8, 31] have been investigated, the idea of macro-
programming has not really entered the MAS community.

To foster debate and research in the MAS community, this
paper aims to brush the long-term micro-macro link de-
sign challenge [68] up and frame the idea of MAS macro-
programming. Specifically, we provide an original discussion of
macro-programming under the lenses of MAS research, based on
related MAS literature [8, 21, 31, 40], recent advancements [4, 25,
34, 64], and recent attempts towards a synthesis [17, 18, 44]. To
promote future investigations, we put together a variety of recent
ideas and facilitators from multiple research communities (e.g.,
coarse-graining, downward causation, complexity magnifiers, etc.)
into the macro-programming framework, and discuss key research
opportunities and challenges for the MAS community.

2 A DISCUSSION OF MACRO-PROGRAMMING
UNDER THE LENSES OF MAS RESEARCH

This section provides an original discussion of MAS macro-
programming (Figure 1), inspired by work in [17, 44], offer-
ing a novel view on the long-term micro-macro challenge in
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Figure 1: The idea of macro-programming MASs by abstraction level (y-axis) and software phase (x-axis).

MASs [68, 71]. The key point is the use and combination of multi-
level descriptions, and especially macro-descriptions, for the engi-
neering of MASs. We use term “description” to broadly cover both
approximate representations of some system aspect or function-
ality (cf. prompts for generative AI (GenAI)/large language mod-
els (LLMs)), as well as formal specifications up to executable pro-
grams (macro-programs [17])—though we emphasise the latter.

Preliminaries: Scales, Scopes, and Levels. In MASs, it is common
to distinguish the micro level of individual agents with the macro
level of an agent society [83]. In general, many kinds of natural
and artificial systems are intrinsically multi-level (hierarchical) and
multi-scale. This is a result of using abstraction (removal of details)
when describing a system in terms of related entities—be it for
analysis or design. A scale denotes a granularity of observation (e.g.:
micro, meso, macro): at the micro scale, we can observe fine-grained
entities, whereas at the macro scale, we can only observe coarse-
grained entities. A scope denotes the extension of an observation
(e.g.: local, global): a local scope gathers close entities (cf. partial
observability, and neighbourhoods), whereas a global scope gathers
all entities. A level or layer refers to grouping abstractions by a uni-
dimensional, ordered perspective. E.g., a system model may stack
the physical, software, and logical levels. Often, levels are combined
with scale: so, e.g., the micro level includes micro-scale entities;
above, the meso level is stacked (e.g., groups of entities), with the
macro level at the top (cf. global, coarse-grained states).

Preliminaries: Goals and MAS Types. We are interested in the en-
gineering of artificial collective intelligence [16] by a computer sci-
ence perspective: i.e., defining the control logic of a group of sit-
uated agents in a way that it enables them to solve problems in
some environment beyond their individual capabilities. Multiple tax-
onomies of collective tasks [13, 32] and multi-agent systems [26, 42]

exist, suggesting ways to position and set the scope of macro-
programming. Regarding tasks, we consider complex, temporally
extended collective tasks of different nature • information-intensive
tasks [87], as in collaborative information processing, sociotechnical
systems, and federate learning; • spatiotemporal tasks, as in pattern
formation and collective transport, or •mixed tasks [13], with coor-
dination requirements (multiple agents are needed to solve the task).
Regarding the system to be macro-programmed, we assume it con-
sists ofmultiple (oftenmany), possibly heterogeneous agents (e.g., dif-
fering w.r.t. capabilities and computational model), whichmay inter-
act with arbitrary means (e.g., message-passing or stigmergy [36]).
Examples of existing and potential macro-applications may include
swarm-based search-and-rescue [24], smart city operations (e.g.,
waste management [41]), games (e.g., soccer [50]), and human-AI
collaborative workflows (e.g., software development [89]).

2.1 Macro-Programming for MASs
At the state of the art [17, 44], the idea is to consider macro-
programming as a “high-level” programming paradigm [80] where
programs (a.k.a. macro-programs) consist of denotations of teleolog-
ical, structural, and/or behavioural aspects of a collective (homoge-
neous) or composite (heterogeneous) [18] of entities and agents.

Consider Figure 1, which depicts the macro-programming idea
across two dimensions: levels (macro, meso, micro) and development
phases (analysis, implementation, execution). Analysis aims to de-
vise macro/global goals, using macro-abstractions which are based
on meso- and micro-abstractions and may include, e.g., fields (maps
from environment and agents to values) [45, 52, 79] and global
states (functions of environment state and agent’s states) [27]. De-
sign and implementation involves turning system-wide goals into
operational terms through a macro-program, which uses macro-
abstractions. So, e.g., the programmer can explicitly denote and
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manipulate an entire “swarm” of robots as a first-class program
entity (cf., Buzz [63]), which may be useful to specify missions
and team-wide tasking. Regarding this, an important remark is
that a centralised program does not necessarily entail a centralised
implementation: often, through local projection (e.g., by compila-
tion, or contextual interpretation), it is possible to devise the agent
controllers for decentralised execution. Also, one can define macro-
actions like “follow leader”, “uniformly cover that target area”, “scat-
ter to reduce the crowding level of agents”, and so on. Another
example is using a “field of movement vectors” to denote the col-
lective movement of a swarm [3]. The essential characteristics of
such instructions appear to be (i) declarativity (not specifying all
the details) and (ii) multi-directionality (affecting multiple agents).

Indeed, a macro-programming solution typically combines a
language for expressing macro-programs and some middleware to
provide meso- or multi-level services: their interplay addresses the
micro-macro link (via different approaches). During execution or
simulation, macro-outcomes – functions of the environment state
and agents’ micro-states (also called recombining factors in [54]) –
emerge from micro-level activity. It is key to observe that, through
the so-called downward causation [86], macroscopic outcomes in
turn affect micro-level states and behaviours (by so-called necessi-
tating factors in [54]), giving rise to a feedback loop [8, 25].

2.1.1 Why Macro- and Multi-Level Descriptions. The motivation
for using descriptions at multiple levels is that they fit different
purposes or needs. E.g., inmulti-level modelling and simulation [70],
the granularity of models can be used to (i) achieve the desired
accuracy vs. efficiency tradeoffs, by using a level of detail providing
an acceptable approximation, and (ii) support reusability of models.

For engineers, instead, more coarse-grained descriptions can (i)
promote understanding of system structures and intents [69], (ii)
enable methodologies like top-down design [20], and (iii) defer or
delegate the filling of implementation details at later stages and
to other components. Indeed, in traditional bottom-up approaches
focussing on individual agent behaviour, program and system dy-
namics comprehension are both undermined by the gap between
the specified micro-behaviour and the resulting macro-behaviour
(cf. emergence [86]). By a methodological viewpoint, focussing on
the macro level fosters designing solutions starting from the global
goals. Finally, by abstracting from lower-level details yet still provid-
ing a high-level guidance (hence constraining the behaviour space),
macro-descriptions could represent a powerful bridge towards au-
tomatic design [13, 30], implemented via techniques like machine
learning, optimisation, and program synthesis [33, 39, 76]—see [2]
as an example of preliminary evidence on this possibility.

2.1.2 On the Possibility of Macro-Descriptions. Two recent sur-
veys on macro-programming [17, 44] report on several proposals
within 2000s-2020s for programming WSNs, robot swarms, and
related systems abstracting from certain micro-level details (of-
ten, the message-passing logic used to collect and extract aggre-
gated information). Different research groups have proposed dis-
tinct approaches with the claim that they somewhat address the
macro-to-micro/global-to-local problem in specific settings or sub-
problems [78, 79]. E.g., the aggregate programming approach [19, 79]
has shown to enable macroscopic descriptions of self-organising

spatio-temporal behaviour (e.g., distributed data processing via in-
formation flows [81], and collective movement of agents [3]) for
connected and relatively dense groups of computing nodes.

2.1.3 The Micro-to-Macro Challenge: Operationalising Macro-
Descriptions. The crucial point is how macro-structures and macro-
actions are further implemented, i.e., mapped to local behaviours.
This pertains to the design of a macro-programming solution.
Though there is yet no comprehensive account on possible architec-
tures, proposals include local projection as in choreographies [55],
progressive refinement as in “domain objects” [14], delegation and
orchestration as in collaborative process models [67], contextual
interpretation as in aggregate programming [79], and contextual
adaptation as in context-role oriented programming [34].

The organisation of the implementation support in terms of one
or more languages (for specification) andmiddleware/runtime layers
(for execution), and what consequences arise from a given multi-
level language-middleware interplay on the programmer (e.g., in
terms of intelligibility and analysis/design ability) is the very centre
of any theory and principled practice (both currently missing) of
macro-programming. We detail on this challenge in Section 3.

2.1.4 Related Notions in MAS Research. According to [17], macro-
programming is founded on (i) micro-macro distinction (a corner-
stone of the MAS community), and (ii) macro-to-micro mapping,
i.e., emphasis is on inducing or deriving individual or local be-
haviour from macroscopic specifications. Thus, related work is at
the intersection of multi-level/collective/declarative approaches.

Various notions of multi-level descriptions have been proposed
in the MAS engineering literature [8, 31, 59, 62]. However, it is
key to distinguish what is the target of the layering: (i) Behaviour
abstraction: e.g., in [62], high-level abstract behaviours are denoted
by goal plans that may reuse other goals or lower-level action
plans (plans associated to no goals); here, the levels denote the
abstraction of individual goals/actions. (ii) Structure: the holonic
MAS paradigm [8, 31] considers holons, namely agents that can con-
tain and/or be part of other agents, hence representing whole-part
constructs and giving rise to hierarchical structures (holarchies)
where levels are explicitly and uniformly described. (iii) Operational
semantics: e.g., in [59], the authors propose a multi-level approach
to the formal semantics of agent societies, based on “count-as” re-
lations between actions at different levels, and aimed at allowing
“vertical modularity” (reuse of semantic models across levels).

Various notions of declarative or “global-level” descriptions have
also been proposed in theMAS engineering literature—e.g., the 2008
AAMAS paper by Yamins and Nagpal proposing“global-to-local
programming” [84] of pattern formation in spatial computers [9]:
this is actually the prelude of what became the already-mentioned
aggregate computing paradigm [79]. Such approach is quite effective
for expressing spatiotemporal self-organisation patterns, but seems
hardly applicable to composites or heterogeneous MASs in general.

Another class is given by declarative approaches [7, 15], often
logic-based, that specify what are the goals (rather than how they
should be pursued). This also connects to the normative MASs
paradigm [21], which aims to rule and constrain the behaviour of
the agents through norms fostering the proper functioning of the
whole MAS, especially in heterogeneous and open settings. Related
techniques generally focus on themeso-level but may also cover the
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macro-level (cf. global goals). In organisational approaches [40] and
organisational programming with languages like Moise+ [11], there
is support for the design of missions in terms of groups, roles, norms,
and global goals decomposed based on social schemes. Another
example is given by approaches that aim to specify the global collab-
orative logic of multiple agents (or parties): this includes interaction
protocols with language like Kiko [77] and choreographic program-
ming approaches [55]. Techniques where behaviours are gener-
ated or driven by (non-micro) norms [23] should be regarded as
macro-programming and integrated into the taxonomies of [17, 44],
distinguishing the levels of autonomy of individual agents.

3 RESEARCH DIRECTIONS
Operationalising the Scientific Discoveries on the Micro-Macro Link.
Themicro-macro link is studied inmany research areas. E.g., the the-
oretical framework of cellular automata [10] provides a long-term
record of studies about how local rules produce global behaviour.
Often, simplified settings are assumed to prove theorems (e.g., reach-
ability of desired states). However, rules are local and theorems tend
to break when relaxing the assumptions. Aggregate programming
adopts a computational model that is basically the same as cellular
automata (while relaxing the assumptions and allowing for environ-
mental changes, perturbations, etc.); still, quite surprisingly, there
are no exchanges between those research silos. Another inspiring
work is that on computational mechanics [66], which provides a
formal setting for studying how information is stored and trans-
mitted across scales. The notion of “computational closure” [66]
characterises processes that are self-contained w.r.t. information-
processing. This seems very much as a goal for macro-programs:
being “effective theories” for the desired collective behaviours. The
construct of complexity magnifiers [49] is also interesting, for it en-
ables simple means to control complex emergent behaviour. A key
research goal is connecting such measures and patterns to the realm
of programming languages, to enable formal analysis and principled
design. One key suggestion is to investigate on the bridge provided
by formal collective computation models [6, 29, 35, 38, 46].

Explicit Multi-Scale System Analysis and Design Methodologies. De-
spite contributions exist [8, 34, 79], more research work is needed
about addressing the micro-macro link in explicit terms. Also, there
is very limited methodological guidance for the analysis and
design of multi-scale systems (cf. [1] for collective MASs). By an
analysis perspective, whatmetrics can be used to denote “howmuch
macro” a program is, and the abstraction benefits? In general, how
to evaluate the effectiveness of macro-descriptions for the purpose
of supporting understanding and activities by human developer?
Though arguments exist [18], evidence-based software engineering
studies [60] addressing such questions are entirely missing. The
development of visual analytics (VA) [72, 90] tools to make sense
of multi-level relationships and effects is also desirable. Regarding
design, what micro-to-macro and macro-to-micro patterns are avail-
able and when to use them in scenarios differing by heterogeneity,
topology, knowledge representation (cf. symbolic vs. sub-symbolic),
agency (cf. deliberative vs. reactive)? A deep understanding of col-
lective and composite structures and dynamics [18, 53] and how they
affect the engineering process is especially worthy. It naturally leads
to the theme of hybrid and multi-paradigm MAS design [37, 61],

which is also an urgent and timely direction—especially in this era
where multiple types of agents and effective techniques for agent
design exist (cf. BDI-[11], RL-, swarm-, and GenAI/LLM-based).

Emergence Testing and Runtime Verification. How to effectively ver-
ify emergent behaviour [48]? Generally, the idea is to run multiple
simulations in multiple environment settings and dynamics. For
instance, swarms of different sizes and topologies, perturbations
of different kinds, and adversaries of different sophistication are
used to understand the working boundaries. The problem is that
simulations take time and resources, and the combinatorial nature
of the possible environments and system dynamics make the pa-
rameter or testing space explode. Techniques for search-based test
case generation [5] and smart sampling of the parameter space
could prove useful, but these should also be combined with param-
eterised model checking [47], runtime verification [28], or formal
proofs exploiting knowledge about the micro-macro link.

Macro-Programs for Guiding and Constraining Multi-Agent Learn-
ing. A key problem in MARL and evolutionary approaches with
many agents involved is the combinatorial explosion of the search
space [51]. Homogeneity can be exploited to induce more compact
system representations [74]. When not possible, techniques for
pruning the search space are key to support scalability. In this sense,
hybrid approaches that combine behavioural specifications and
learning/search algorithms may provide a viable strategy. The inter-
esting notion of “macro-action”, meant as a temporally-extended
sequence of actions to be run as a whole, was proposed in the con-
text of reinforcement learning a long time ago [65] and recently
investigated in MARL settings [75]. Intuitively, this represents a po-
tential bridge between macro-programming and MARL that must
be investigated, together with sketch-based synthesis [2, 33, 73].

Generative AI / LLM for Addressing the Micro-Macro Link. Can gen-
erative AI and LLMs help us solve the micro-macro link in any
way? Can they generate macro-programs for specific problems?
In [4], Aguzzi et al. use prompts to let a LLM learn aggregate pro-
gramming and then test its ability to solve collective computing
problems. It works, but with severe limitations emerging quickly
when rising the complexity or abstraction. Studies on the ability of
LLMs to carry outmulti-scale and multi-level reasoning [85]
may prove useful here.

4 WRAP-UP
This paper offers a vision for addressing the micro-macro link in
MASs using macro-abstractions and explicit multi-level designs.
The goal is to provoke debate and stimulate the MAS community
to integrate recent developments in “concrete” swarm- and macro-
programming [17, 44, 63, 78] with long-standing MAS approaches
(e.g., normative, holonic, choreographic) [8, 11, 31, 40, 55, 77] and
recent scientific advances on collective computation [6, 29, 35, 79],
emergence detection [10, 66, 86], and multi-agent AI [22, 39].
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