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Abstract—Large Complex Adaptive Systems (CAS) operate at
multiple scales — processing various information flows, encoded
at different granularities, over different substrates. Often, system
scales are interconnected by feedback cycles, with micro-scales
generating macro-scales, in turn influencing the micro-scales, and
so on. E.g. foraging ants (micro) contribute to a pheromone
trail (macro), which in turn guides their movement (micro)
and updates the trail (macro). As these processes take widely
different forms when occurring in different environments and
accomplishing different functions, they may be difficult to detect,
compare and transfer across CAS domains. We previously gener-
alised such diverse processes, defining them explicitly as a Multi-
Scale Feedback Systems (MSFS) design pattern. In this paper,
we propose a conceptual framework for categorising macro-
processes in MSFS. This helps identify and analyse micro-macro
feedback cycles across CAS domains; and engineer new CAS
with specific constraints. We illustrate these concepts via CAS
examples that fit the MSFS pattern via different variants. This
contribution extends the theoretical basis of MSFS for dealing
with the increasing complexity of modern environments.

Index Terms—Macro, micro, multi-scale, feedback, framework,
deployment types, design pattern, complex adaptive systems

I. INTRODUCTION

Large Complex Adaptive Systems (CAS) consist of numer-
ous interacting components, typically giving rise to multi-
scale phenomena, where micro-interactions lead to macro
formations [1], [2], [3]. Multi-scale systems take many forms,
including self-encapsulating structures (e.g. organisms made
of cells and of atoms); collective actions (e.g. ants foraging
via a shared pheromone trail); or hierarchical organisations
(e.g. reporting and decisions in human enterprises). Often,
such multi-scale phenomena are interconnected by feedback
loops, where macro processes feedback onto micro processes,
causing them to adapt (i.e. downward causation [4], [5]) and
in turn change the macro phenomena [6], [7], [8].

Multi-scale concepts have been adopted by scientists for
modelling and studying existing CAS; and by engineers for
developing new CAS. Common multi-scale system designs
include either multi-level (or layered) architectures [9]; or hi-
erarchies, featuring a tree-like topology and top-down control
authority [10], [11], [12]. Here, macro-entities are typically
centralised, symbolic, external representations of micro enti-
ties. Alternatively, several designs also consider decentralised
macro representations — e.g. bio-inspired design patterns such
as reaction-diffusion or gossiping [13]; aggregate computing
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[14]; or swarm systems [15]. Notably, these were mostly lim-
ited to two scales, generating a single micro-macro feedback.

We previously generalised such multi-scale phenomena
via a generic design pattern, Multi-Scale Feedback Systems
(MSFS) [16], where micro-macro feedback loops are inte-
grated recursively, forming multiple quasi-independent scales
that adapt to each other. We also highlighted design-driven
trade-offs between scale stability and adaptability, — e.g. [17]
showed the effect of inter-scale abstraction parameters and
delays on system behaviour and attractors.

Support for multiple scales allows addressing increasing
system size and complexity. Each scale in MSFS is a macro-
entity with respect to micro-entities at the underlying scale
that generated it — i.e. it is an abstract representation of the
collective state of the micro-entities. The abstract represen-
tation (macro-scale) is a description at a coarser information
grain relative to a detailed description of each micro-entity and
each interaction (micro-scale). To limit required coordination
resources, micro-entities can perceive their collective state via
the abstract representation, at the macro-scale, rather than via
a detailed representation at the micro-scale. They can adapt
accordingly forming a micro-macro feedback loop.

This approach helps to manage complexity in large systems
by relying on recursive simplifications of system representa-
tions (e.g. models). Typically, higher scales represent larger
system parts, or scopes, in less detail relative to lower scales
that cover narrower scopes in more detail. This does not mean
that higher scales are less complex than lower ones, as they
may include extra information sources that do not concern
lower scales (e.g. contextual learning and decisions). However,
higher scales do contain less information than they would if
they were to describe the entire low-scale system in detail.

While we consider MSFS as an essential conceptual pattern
for understanding or developing large CAS, we notice the
preponderance in existing solutions of hierarchical, multi-layer
or two-scale decentralised designs. Large natural CAS indicate
that the viable design space is much larger, with variants
featuring diverse qualitative properties (e.g. robustness vs.
performance). Hence, focusing on a narrow subset of variants
(e.g., prioritising performance, as in top-down hierarchies)
risks missing more suitable design opportunities for CAS with
different requirements (e.g. robustness, resilience).

Our key contribution is a novel conceptual framework for:
i) more thoroughly defining micro-macro abstractions and



feedback; which then helps ii) identifying and categorising
macro-phenomena that may occur in a wide variety of forms
and representations. We aim to go beyond common MSFS
designs, to include less intuitive macro-entity forms, e.g., ones
that may occur onto mobile substrates; or be included within
micro-entities; or encoded structurally (substrate-dependent)
or symbolically (substrate-transferable) [18], [19].

We neither claim nor aim to provide a “correct” or “optimal”
conceptual framework. Like with most complex concepts (e.g.
complexity, intelligence, life) the borders between conceptual
dimensions may become fuzzy in some cases, and may need
to be extended, refined or adapted to specific application
domains and environments. We consider proposed macro-types
as shareable intuitions, or collective agreements, about groups
of macro-information instances with similar properties.

The proposed contribution aims to extend the concept of
macro-phenomena so that it can be recognised within a wider
range of occurrences. This can help scientists and analysts of
existing CAS to detect various forms of macro phenomena;
and system engineers to rely on a broader design range for
CAS, to meet application-specific constraints.

II. CASE STUDIES

First, we provide a basic MSFS example for illustration
purposes, to help render conceptual notions more concrete.
Then, we employ three examples from our previous studies
[20] to show how the proposed conceptual framework (sec. V)
can be employed to analyse various macro-phenomena (sec.
VI). The case studies are summarised below.

A. llustrative example for Collective Averaging (CA)

This simple MSFS (Fig. 1) consists of 4 micro-entities with
initial states: 1, 2, 3, 4. They aim to coordinate to reach
the same state — e.g. their average: 2.5. Each micro-entity
can adapt by adding or removing A = 0.1 to their state, to
approach the collective state of the others. To estimate their
collective state, they can communicate with each other directly
or via other entities. All entities have limited resources, only
allowing operations between two numbers. Hence, they can
organise into a three-scale MSFS (Fig. 1): two mid-entities
average two micro-entities each; and a top-entity averages the
two mid-entities. The top average is sent as feedback to micro-
entities, which add or remove A to their state to approach their
perceived average. This forms a three-scale micro-macro cycle
that takes one step; the MSFS converges (to 2.5) in 15 steps.

While basic, this example corresponds to many equivalent
phenomena across diverse domains (e.g. related to entropy
maximisation; or collective synchronisation— see the Hierar-
chical Oscillators example below).

B. Our theoretical case studies

1) Hierarchical Oscillators (HO): a set of four chemical
oscillators, with substance concentrations varying in time, aim
to synchronise and feature the same concentrations at the same
time — similar to the CA example (II-A). They organise into
a three-scale MSFS: two mid-entities average concentrations
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Fig. 1. Example of three-scale feedback system for collective averaging (CA)—
performing micro-macro information abstraction in two-steps:
(a) scope-reduction (subset); and (b) information-merging (average)

of two oscillators each; and a top-entity averages the two
mid-aggregators’ averages. Unlike CA, feedback from the
top is sent back progressively, through the mid-entities, to
the oscillators. These latter adapt to approach the average
concentration of their mid-aggregator (cf. details in [16], [17]).

2) Robot Collective (RC): a set of mobile robots aim to
distribute across four rooms (grid layout) to best match the
number of items in each room. Robots observe the room
locations of items and other robots they encounter, as well
as the other robots’ aggregate observations. Internally, robots
represent collected information at three scales: sensory in-
formation (micro-scale); estimated robot&item counts (mid-
scale); and goal room (top-scale). The top scale provides
feedback to the robots (micro-scale), which move towards the
designated room (cf. details in [20]).

3) Collective Decisions (CD): a set of agents aims to
manage resources of two types in an environment, to ensure
sustainability. They need to collectively estimate the ongoing
resource distribution between the two types: if they over-
estimate a type, that resource type will decrease over time; and
if they sub-estimate it, the resource will increase over time.
The environment is sustainable if neither type disappears or
increases out of control. Typed resources (micro-scale) can
change their types based on feedback from the agents. Each
individual agent (mid-scale) samples the resource types in its
vicinity; and forms an individual opinion O;. Agents then
discuss their respective opinions O; and reach a consensus
Ocoi. This leads to a policy document (top-scale) engendering
environmental action. This latter provides (indirect) feedback
to resources, which change their types accordingly.

III. BACKGROUND AND PREVIOUS WORK
A. Information systems and substrates

In any system, component interactions imply some sort of
exchange of matter, energy or information. When material
or energy flows are perceived by a component, i.e. an agent
observer, which consequentially changes its knowledge or be-
haviour, we conceptualise these flows as information flows. An
observer’s perception does not imply consciousness, only the
ability to adapt to perceived information [21]. E.g. observers
may be organisms, cells, software or mechanical systems.
In this sense, all material and energy flows are potentially
informational, depending on their observers. The same applies
to all parts of a CAS (cf. informational structural realism [22]).



Still, information always requires a physical substrate [5],
to which it can be more or less coupled. E.g. gas pressure
(info) is strongly coupled to molecules (substrate); yet pressure
recordings (info) onto a sensor screen or a notebook (sub-
strates) only loosely depend on these substrates (cf. structural
vs. symbolic information [18], [19]). Extracting information
from a substrate requires energy (cf. ‘negentropy’ [23]).

B. Information scales and micro-macro feedback cycles

An information scale is a granularity of observation for a
targeted object [24]. This means that an object’s scale is the
granularity at which it is perceived by an observer. This may
differ from the granularity at which the observer represents the
object, based on its perception. Scales can be spatial, temporal,
or organisational — this offers a unifying concept for several
equivalent terms, e.g. abstraction level, layer [9] or lens [25];
blurred or coarse-grained [4] observations.

In CAS, interacting entities (micro-scale) may lead to ‘emer-
gent’ phenomena (macro-scale), that are simpler to describe
overall than all components and interactions [8], [26]. Hence,
an observer of the emergent macro-entity would perceive it at a
coarser granularity relative to the micro-entities that generated
it. In some cases, a macro-entity can feedback onto the micro-
entities, which adapt in consequence — cf. downward causation
[4]. This leads to the formation of a micro-macro feedback
cycle, where the micro-scale generates the macro-scale, which
represents an abstraction of the collective micro-states, and
in turn modifies the micro-scale. We can consider that the
macro-entity observes the micro-entities at a lower granularity
(micro-scale) than its own representation (macro-scale); and in
turn, the micro-entities observe the macro-entity at a coarser
granularity (macro-scale) than their representations (micro-
scale). Such micro-macro feedback cycle may also occur when
a macro-entity actively observes interacting micro-entities and
forms a model (macro-information, or abstract representation)
of these micro-entities; and consequently acts upon them,
leading to model changes and further action on micro-entities.

The key aspects of a micro-macro feedback cycle are: i)
a macro-entity encodes macro-information that is an abstrac-
tion of micro-information encoded by micro-entities, i.e., the
macro-entity contains less information than the collective of
micro-entities; and, ii) macro-entities feed macro-information
back onto micro-entities, which adapt accordingly.

The above process may repeat recursively at increasing
scales, as macro-scales become micro-scales for higher
macro-scales, thus leading to multi-scale feedback cycles
[16], [17]. Previously, we formalised these as a CAS design
pattern, MSFS [7], [16]; analysed its sensitivity to inter-scale
abstraction parameters [27], time delays [17] and adaptation
strategies [16]; and proposed specific measurements for their
information flows [20].

C. Previous macro-entity categories

In previous work, we identified different types of macro-
information, mostly considering the macro-substrate’s rela-

tion to the micro-substrate [7]: i) exogenous: macro-substrate
external to the micro-substrate; ii) micro-distributed: macro-
substrate internal to the micro-entities (each micro-entity form-
ing a macro-representation of other micro-entities); and iii)
composite: macro-substrate made-of the micro-entities (macro-
information consisting of the micro-substrate’s structure).

These categories suffice for distinguishing between frequent
macro-entity forms, while unifying related vocabulary from
the literature. Roughly, hierarchies and multi-level architec-
tures involve exogenous macro-types; decentralised collectives
with shared rules or norms correspond to micro-distributed
macro-types; and holonic, self-encapsulated designs in inert
matter or organisms feature composite macro-types [1].

Yet, these categories fail to distinguish between more sub-
tle macro categories, going beyond substrate differences. A
distributed macro-entity can also be exogenous to the micro-
entities — e.g. the set of individual agent models O; relative to
observed resources in the CD case (II-B3). Or, both exogenous
and endogenous macro-entities can be encoded via symbolic or
structural representations — e.g. structural substance concentra-
tion endogenous to oscillators (HO case, II-B1), or structural
concentration of a pheromone path exogenous to foraging ants.

To address these limitations, we further distinguished in
[20] between centralised and distributed macro-types (de-
pending on their substrate’s spatial coherence and flexibility);
and symbolic and structural macro-types (depending on their
information encoding). However, these categories still cannot
distinguish between various degrees of distribution, flexibility
and perception scope of macro-entities — e.g. there is no
difference between: macro-substrates that are statically or
dynamically networked, or mobile; complete or partial macro-
models of micro-entities; uniform or heterogeneous percep-
tions of macro-entities by similar observers. Such macro-
type variants may significantly impact the performance or
robustness of the resulting MSFS.

Via the current proposal, we aim to unify, reorganise and
extend previous work, to explicitly focus on the macro-type
issue and help identify its various forms more rigorously and
extensively. These forms may be further refined and extended
depending on each application and its constraints.

IV. CONCEPTUAL MICRO-MACRO FRAMEWORK

To characterise macro-types, we must first get a better
understanding of micro- and macro-entities, observers, objects
and scales; and their relations. We can then rely on these
concepts to differentiate macro-types (sec. V).

A. Macro-types, observers and objects

A macro-type is a categorisation of macro-information ac-
cording to several criteria, or comparison dimensions. Macro-
information is an abstraction of information from multiple
sources (in general, though it could be from a single source),
which we generally refer to as collective micro-information. In
practice, a macro-entity may merge information from micro-
entities, but also from other entities at the same or higher
representation scales; or from the environment.
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Fig. 2. An Agent (Ags,) plays a double role: Observer (Obs) and Object
(Obj). It specifies collected information via a Model (Md) at scale S;. It
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We refer to observed macro-information as a macro-object,
to emphasise its role as an observation target. A macro-object
is a representation of the collective states of micro-entities
from a lower observation scale. A macro-object’s macro-type
critically depends on an observer that perceives it— the macro-
type may change when perceived by a different observer.

B. Agents, models and scales

Agents are MSFS entities that perceive, process, store and
provide information. Externally, they play both the roles of
observers and objects (subsec. IV-E). An agent contains an
internal model, that represents an abstraction of its state,
other agents’ states and the environment (Fig. 2). An agent
at scale Ss: i) collects information from agents at different
scales (Ss—_, k>0 from the abstraction flow, and S, from
the feedback flow); ii) updates its model at scale Ss; and iii)
observers its model to decide, act and inform other agents.

An agent’s scale is given by the representation granularity
of its model. This is the scale at which the agent is perceived,
by itself or others. It is different from the scale at which the
agent perceives other objects from different scales. Namely,
an agent at scale S, that perceives a bottom-up information
flow (abstraction), represents its model at a granularity (Ss)
that is higher than the model granularity of perceived objects
(Ss—k, k>0). Conversely, an agent at scale S, that perceives a
top-down flow (feedback) represents its model at a granularity
(S,) that is lower than that of perceived objects (Ssyx, £>0).
In brief, an agent’s (representation) scale is higher than its
observation scale for the abstraction flow; and lower than its
observation scale for the feedback flow.

Agents typically have a goal, which they pursue via infor-
mation collection, processing and adaption. They may or may
not be aware of the goal, which may be encoded explicitly
as stand-alone information or included implicitly in the agent
behaviours. In a MSFS, some agents may hold an explicit
goal, and influence via feedback the other agents to adapt
collectively towards the goal. In our case-studies here, goals
are implicit in the agents’ behaviours; we also studied MSFS
case studies featuring explicit agent goals [16], [28].

C. Inter-scale information abstraction

Micro-macro abstraction intervenes when information
about the collective state of entities at a lower scale is
summarised into a shorter representation at a higher scale.
It implies information loss between scales — achievable in
two ways: (a) scope-reduction: diminishing the information
domain; (b) information-merging (‘coarse-graining’): increas-
ing the granularity of information representation. As MSFS
abstraction usually implies both, we only refer to information
granularity by default, when qualifying scales (while implicitly
also supposing scope-reduction; unless mentioned otherwise).

The information scope defines the set of micro-information
items representing the collective micro-state. It can be spatial
(e.g. physical area or virtual domain from which micro-
information is sampled), or temporal (e.g. a sampling rate
or gliding window). Scope-reduction of the collective micro-
state results in a partial scope, with less information, at
the same granularity. Information-merging aggregates micro-
information into macro-information with coarser granularity.

We illustrate these concepts via the collective averaging
example (II-A), Fig. 1. Consider the abstraction of micro-
information {1,2,3,4} (collective micro-state) to macro-
information {1.5} (the average model of the mid-entity on the
left). This abstraction involves two steps: (a) scope-reduction
of the collective micro-state {1,2,3,4} to a partial scope:
{1,2}; (b) information-merging from the partial scope into
its average: {1.5} (for the left mid-entity). We note that this
mid-average, {1.5}, contains less information than the original
micro-set {1, 2, 3,4}. The abstraction from the mid- to the top-
scale is similar, yet without scope-reduction. Micro-entities
receive the resulting top-average {2.5}, adapt their states to
{1.1,2.1,2.9, 3.9} to approach it, and the cycle restarts.

D. Types of micro-macro observers and objects
We distinguish two types of micro-objects (Fig. 3):

o Individual micro-object (u-obj): the perceivable state of
each micro-entity (e.g. {1}, {2}, {3}, {4}, separately);

o Collective micro-object (lc-0bj): the set of all micro-
objects over the whole micro-scope (e.g. {1,2,3,4}).

These micro-objects provide information sources for two types
of macro-objects, corresponding to the two abstraction ways:

e Macro-collective object (M ,1-0bj): the part of (o or-0bj
obtained via scope-reduction (a) (e.g. {1,2});

e Macro-model object (M pr,q4-0bj): the macro-information
obtained after information-merging (b) (e.g. {1.5}). This
becomes a micro-object (u-obj) for the next scale.

All objects represent the perceivable states of entities within
an observation scope, relative to an observer. This leads to
four observer types, one for each object type. As we focus on
macro-types, we only consider two macro-observers:

e Macro-collective observer (Mco-0bs): perceives a
partial-scope of the collective micro-state (Mg ;-0bj);

e Macro-model observer (Mps,q-0bs): perceives the
macro-model object (M ps,4-0bj).
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These macro-observers are present in each agent. Mgg-
obs performs the two micro-macro abstractions: (a) scope-
reduction, by only perceiving part of the pco-obj (i.e. M-
obj, at micro-scale) — via the abstraction flow; it may also
perceive other M¢,;-obj from higher scales — via the feedback
flow; and (b) information-merging, by aggregating micro-
information perceived from Mc4;-0bj into a coarser-grained
representation (i.e. Mps,4-0bj, at macro-scale). Mps,q-0bs
perceives the model (i.e. Mj;,4-0bj) and uses it for adaptation
or as a u-obj for other observers, at different scales. In prin-
ciple, the Mjs,q-0bs may also collect other information and
provide a further abstraction as p-obj for external observers;
yet we do not focus on this here. As a reference, we also define
a hypothetical external observer (Ext-Obs), able to perceive
the entire collective micro-state ((co;-0bj) — e.g. a scientist.

In summary, we have micro-objects (u-obj) forming a
collective (11c0;-0bj). An agent perceives part of this micro-
collective, via scope-reduction. We refer to this agent ob-
server as macro-collective observer (Mc,;-obs) and to the
partial view of the micro-collective as macro-collective object
(Mgoi-obj). Mcgo-obs further abstracts the Mcg-0bj, via
info-merging, forming a macro-model object (Mjps,q-0bj).
Another agent observer employs this model (Mj;,4-0bj) to
take decisions, act, and inform other agents. We refer to this
observer as the macro-model observer (Mj;,q4-0bs).

E. Agent roles and attributes

Externally, an agent plays a double role (Fig. 4): i) macro-
observer (Mco;-0bs) of partial micro-object sets (Mg o;-0bj);
and ii) micro-object (u-obj) as part of a set perceived by
macro-observers at another scale. Macro-observer roles can
be played actively (e.g. a robot collecting and modelling
the collective states of other robots); or passively (e.g. a
pheromone trail that receives molecule deposits from ants).

Fig. 4 highlights the main attributes characterising agents,
observers and objects (focusing on macro-observers and
macro-objects). These attributes constitute the basis for defin-
ing macro-types (sec. V).

Objects are represented at a scale (that is the same as
that of the agents they represent) and extend over a scope
(representation domain). Observers are characterised by a
sampling method for extracting information from the perceived
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Fig. 4. Overview of the main conceptual entities: agents playing the double
role of contributor (micro-role) and observer (macro-role) of macro-object(s)

macro-object — at the granularity given by the macro-object’s
representation and within the domain given by the macro-
object’s scope. Sampled observations are within an observed-
scope, which may be the same or smaller than the macro-
object’s scope (e.g. if a mid-manager in Fig. 1 only picked
one of two numbers in the partial observation scope).

All agents, observers and objects are encoded onto a sub-
strate, which they may or not share.

V. COMPARISON DIMENSIONS FOR MACRO-TYPES
A. Overview

We identify several dimensions that we consider relevant
for comparing different aspects of macro-entities (Table I). All
combinations of dimension values may be valid, yet analysing
the entire type space here is out of scope. All dimensions
concern a macro-entity, but only relative to micro-entities that
lead to it; and only as perceived by a specific observer.

Most dimensions characterise the substrate onto which in-
formation is encoded: does the macro-object rely on the same
substrate as its observer and micro-entities, or on different
substrates? Is the macro-object’s substrate monolithic, rigid
and static; or is it scattered, flexible and dynamic? We also
analyse the relation between the macro-information and its
substrate: is the macro-object highly dependent on its sub-
strate or can it be easily translated onto different substrates?
Finally, we consider two aspects that characterise the actual
observations, i.e., the observer’s relation to the macro-object:
are observations comprehending the entire macro-phenomena
or only parts of it? And in the latter case, are these parts co-
localised or dispersed? Will multiple observations from similar
observers be identical, equivalent or dissimilar enough to ensue
different consequences for the observer?

B. Relative substrates

The first set of macro-type dimensions relate to the substrate
upon which the macro-information is encoded. This macro-
information substrate (or macro-substrate) can be categorised
relative to the substrate of: i) the micro-entities that generate
the macro-object, i.e. substrate relative to micro; and ii) the
observer perceiving the macro-object, i.e. substrate relative
to observer. In both cases, the macro-substrate can be either
exogenous or endogenous with respect to the substrate of the
relative entity (micro-entities or macro-observer). Exogenous
means that the macro-substrate is external or different to the
substrate of the relative entity; and endogenous means that it
is internal to the relative entity or based on the same substrate.



TABLE I
MACRO-TYPES FOR MSFS

Macro

dimension Types Examples
Substrate Exogenous aggregators in HO
rela{tve Endogenous robot model in RC
to_micro
Substrate Exogenous Ext-Obs of a robot’s model in RC
relative 5 -
10 Observer Endogenous robot’s M Mo_d—obs of its model
in RC
Substrate Centralised collective opinion in CD
Distribution Distributed decision-makers’ models in CD

Tightly-coupled | individual models in CD and RC

é’fiﬁ;?’;; Loosely-coupled collective models in CD
Mobile collective models of robots in RC
Symbolic models in HO, RC, CD
Encoding robots’ space distribution in RC
Structural resources’ distribution in CD
pheromone path in AF
Scope Whole top-models in HO, RC, CD
Part mid-models in HO, RC, CD
Observed Whole models in HO
Scope Part mid-models in RC, CD
Uniform substance concentration in HO
/ equivalent ground-truth models in RC
Uniformity out-of-sync. oscillators, in HO

Heterogeneous partial robot models in RC

All four combinations of exogenous and endogenous macro-
substrate are possible, relative to its micro-substrate and
observer-substrate. E.g. in the HO case, macro-objects of
mid-aggregators are exogenous relative to both top-aggregator
observers and micro-oscillator objects. In CD, the agents’ O;
models are exogenous to the observed resources. Conversely,
in RC, robot models (macro-objects) are endogenous to the
robots, which play the double roles of macro-observers and
micro-objects. An external observer (Ext-obs) of the robots’
models is exogenous to these models.

We also consider the macro-object’s substrate continuity
within its definition domain (e.g. spatial, temporal, numeric
scope). We refer to this as the substrate distribution, which
may be centralised, when the substrate’s domain is continuous,
or distributed, when it contains gaps. E.g. the top-average
model in HO and the collective-model (O¢,;) in CD are
centralised; whereas the set of robot count-models in RC, or
set of O; models in CD are distributed.

Finally, we consider the substrate coupling, or flexibility
with respect to its constituent parts. The coupling strength
is a relational property that determines the extent to which
replacing a part implies changes in related parts (as in software
systems). In a tightly-coupled substrate, replacing a component
necessitates changes in its interrelated components; whereas
in a loosely-coupled substrate, components are less aware of
each-other’s changes. In mobile substrates, components con-
tinuously change locations, hence their interaction graph. E.g.,
all individual models in our case studies are tightly-coupled
to their substrates. Still, an oscillator’s concentration has a
loosely-coupled, or mobile molecular substrate (assuming the
substance is in liquid or gas state). Also, the entire set of
models of all robots (RC) has a mobile substrate as robots

move around. Other substrate dimensions and interpretations
are possible, e.g. correlation degree among substrate parts [29].

C. Information encoding

In addition to considering the macro-object’s substrate rel-
ative to its observer and micro-objects, we also consider the
macro-object’s information encoding onto its substrate [19].
The encoding can be structural, where information is repre-
sented by the actual substrate structure, and hence strongly
dependent on a particular substrate arrangement — e.g. the
concentration (macro-object) of molecules (micro-objects) in a
substance (HO). Alternatively, the encoding may be symbolic,
based on a conventional representation reproducible across
various substrates — e.g. aggregator models in HO may be
encoded onto a sensor’s screen, stored in memory or on paper.

D. Information scopes

The macro-object’s scope indicates whether it represents
the whole macro-phenomena issued from the micro-objects;
or only a part of it. In terms of our conceptual framework
(IV), a macro-object’s scope depends on whether it represents
the whole collective-scope of micro-objects (uco;-0bj) or
only part of it (Mce-0bj). The macro-object represents the
scope directly if it is a macro-collective object (M ;-0bj); or
indirectly, if it is a model (M 7,4-0bj, generated by a macro-
collective observer, M¢,;-obs). E.g. in HO, mid-aggregators
only represent a partial scope of all oscillators’ states; whereas
the top-aggregator represents (indirectly) the whole scope.

If an observer only perceives part of a macro phenomena,
we need another reference to determine what the correspond-
ing whole is. We do this by indicating: i) another observer
that perceives the whole phenomena; ii) the whole phenomena
that the macro-observer aims to model for adaptation; or iii)
the concatenation of overlapping partial scopes of similar
observers, resulting in a larger scope overall.

The macro-observer perceives an observed-scope, which
includes the subset of micro-objects that the observer samples
from the macro-object’s scope. This depends on the observer’s
sampling method, which may be: complete — leading to
a whole observed-scope; or scattered (e.g. probabilistic or
search-oriented) — leading to a partial observed-scope. Both
kinds of observed scope are relative to the macro-object’s
scope. E.g. In RC, robots sample their environment partially
as they move; and in CD, agents only probe their vicinity.

E. Uniformity relative to similar observers

We analyse a macro-object’s uniformity with respect to
multiple observations from similar observers — i.e. using an
equivalent sampling method; and featuring the same obser-
vation scale and scope as the macro-object. In this sense, a
macro-object may be uniform (or equivalent), meaning that
observations from similar observers would be sufficiently alike
to lead to the same behaviour. Otherwise, the macro-object
is considered heterogeneous. E.g., the concentration (macro-
object) of a substance at equilibrium appears uniform with



respect to multiple observations within different substance sub-
volumes (partial scope). In contrast, local agent observations
(partial scope) of environmental resources (CD case) are het-
erogeneous, as they may lead to different individual opinions
O; about resource adaptations. Yet, simultaneous readings of
the collective opinion O¢,; results in equivalent adaptations.
When a single observer of a macro-object is present, we can
assess uniformity by imagining that more were available.

VI. CONCEPTUAL ANALYSIS OF CASE STUDIES

A. Analysis overview

In each case study, we analyse the macro-types of several
macro-objects and their observers, to highlight how focusing
on different macro-objects from different perspectives can
change the corresponding macro-types. We proceed via the
following steps, providing: 1) an overview of the main agent
roles, interrelations and models, to help position each macro-
type analysis of observer-object pairs; 2) a detailed macro-
type analysis of each observer-object pair, with an additional
table summarising the macro-type dimensions of all analysed
pairs; and 3) a brief comparative review of all analysed macro-
types, highlighting the key points that differentiate the various
observer-object perspectives.

For the detailed analysis of each case study, we first focus on
the reference micro-collective object (Sp). Then, for each inter-
scale abstraction in the upward flow (S; — Ss41, s = 0..1),
we analyse: the macro-collective object obtained via scope-
reduction (a); and the macro-model object obtained via info-
merging (b). Finally, for the feedback flow, we analyse the
macro-model object at the top-scale (S2) perceived by a lower-
scale observer (S or Sp). This gives a common sequence of
macro-type analysis for the following observer-object pairs:

(0) pcor-objs, < Ext-obs: a reference macro-collective
object at Sy comprising the entire micro-collective state
lcol-0bjs,, viewed by an external observer (Ext-obs);

(1) Mcoi-objs, < Mcoi-obss,: a macro-collective object
at Sp, obtained via (a) scope-reduction from fic1-0bjs,,
by a macro-collective observer at S7; which then creates,
via (b) info-merging, the macro-model object at S1;

(2) Mhproa-objs, < Mproq-0bsg, : the macro-model object
at S, perceived by a macro-model observer at Sy;

(3) Mcoi-0objs, <= Mcoi-0bsg,: the set of all macro-model
objects at .Sp, perceived by a macro-collective observer
at Sz, (Mcgor-0bss,), which then creates the macro-
model object at So;

(4) Mproq-objs, < Mpsoq-0bss,: macro-model object at
So viewed by a macro-model observer at Ss;

(5) Mpsoa-0bjs, <= Mpr04-0bsg, /5,: macro-model object at
So, perceived by a lower-scale macro-collective observer
—e.g. Myroq-0bsg,, when feedback goes directly from
S2 to Sp; and Mjpsoq-0bjs, when it goes indirectly
through Sp. In this latter case, we have an extra case
(6): macro-model object at S, perceived by a macro-
collective observer at Sy (e.g. in HO analysis).
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Fig. 5. Hierarchical Oscillators (HO) — analysis-cases I1.(0)-(6)

In some case studies (e.g. HO), we also show how selecting
a micro-collective object reference at a different scale (for
analysis-case (0) above) changes the macro-type analysis.

B. Hierarchical Oscillators (HO)

1) Overview of agent roles and models: HO involves two
agent types (Fig. 5): oscillators at Sy; and aggregators at S;
and Sy (mid- and top-aggregators, respectively). Each oscilla-
tor exposes its concentration to its mid-aggregator parent and
changes its concentration based on feedback from this mid-
aggregator. Aggregators hold average-concentration models
(ac-models) based on the concentrations perceived from their
children. Mid-aggregators also integrate into their ac-modelg,
the feedback received from their top-aggregator, ac-modelg, .

We show how the generic analysis-cases above characterise
macro-types in the HO example: from oscillator concentrations
(S micro-reference) through averages (51, S2, macro-objects)
and back to concentrations (.S).

2) Macro-types analysis (Table 1I):

1. micro-object (1-obj): oscillator concentration;
micro-collective object (;.c,;-0bj): all oscillators;

1.(0) An external observer perceives the concentrations of
oscillators at Sy. These latter form the analysed macro-object.

Macro-object: set of concentrations in all oscillators;

Macro-observer: external observer Ext-obsg, of all oscil-
lator concentrations, via complete sampling;

Macro-type: the macro-substrate is the set of substances
of oscillators whose concentrations are observed. It is
endogenous relative to the micro-substrate, which consists of
the individual oscillator substances. It is exogenous relative to
the external observer. The macro-substrate is also distributed
and loosely-coupled across flexible oscillators. Information-
encoding is structural, as concentration is a property of the
substance substrate. The macro-object’s scope is whole, as it
includes all oscillator concentrations (in the pcoi-0bj). The
observed-scope is also whole, via complete sampling; and so
similar external observers perceive it in equivalent ways.

I.(1) A mid-aggregator observes the concentrations of two
(out of four) oscillators — same as above, with reduced scope.
It then averages these concentrations within an internal model.

Macro-object: concentrations of two oscillators;

Macro-observer: mid-aggregator, with complete sampling;

Macro-type: is the same as 1.(0), except that it has a part
scope (only two oscillators), which renders it heterogeneous



to similar observers if oscillators are out-of-sync (assumed in
Table II). Uniformity becomes equivalent when oscillators
synchronise (as observers perceive similar concentrations).

L.(2) A mid-aggregator observes its own model.
Macro-object: average concentrations in aggregator model;
Macro-observer: mid-aggregator observing its model;
Macro-type: is mostly opposite to 1.(1) as the model
(macro) is now exogenous to the oscillators (micro) and
endogenous to its mid-aggregator (observer). The model is
now centralised and tightly-coupled to its mid-aggregator.
It is symbolic in its encoding, as it no longer depends on
the substance substrate. Its scope remains partial relative
to the two oscillators; and its observed-scope whole (via
complete-sampling) — hence remaining heterogeneous for
similar observers until oscillators synchronise, as in L.(1).

1.(3) The top-aggregator observes the two mid-aggregator
models; and forms its own model (average).

Macro-object: mid-aggregators’ two average models

Macro-observer: top-aggregator, complete sampling

Macro-type: is mostly the same as 1.(2), except the
macro-substrate of the two average models is now distributed
and loosely-coupled (as mid-aggregators can be replaced);
and the scope extends to whole (indirectly covering all four
oscillators), giving equivalent uniformity.

1.(4) The top-aggregator observes its own model.
Macro-object: the top-aggregator’s internal model
Macro-observer: top-aggregator, via complete sampling
Macro-type: is mostly the same as 1.(2) — i.e., mid-
aggregator observing its average model — except the scope
becomes whole (all oscillators), giving equivalent uniformity.

L.(5) The mid-aggregator observes the top-aggregator’s
model (through the feedback information flow — top-down).

Macro-object: top-aggregator’s model

Macro-observer: mid-aggregator, via complete sampling

Macro-type: is as in 1.(4), except the mid-aggregator
(observer) is now exogenous to the top-model (object).

1.(6) An oscillator observes its mid-aggregator’s model
(through the feedback information flow — top-down).

Macro-object: mid-aggregator’s average model

Macro-observer: child oscillator, via complete sampling

Macro-type: is the same as I.(5), except uniformity be-
comes heterogeneous (as out-of-sync oscillators perceive dif-
ferent models from mid-aggregators, which merge their current
average with the top-aggregator’s average). Scope-wise, mid-
models merge both the whole scope of the top-model with the
partial scope of their child oscillators.

Next, we discuss three further analysis-cases (equivalent to
(0)-(2) above, not shown in Fig. 5) to illustrate how selecting
another reference micro-scale (Sp) may change macro-type
analysis. Here, the reference micro-scale Sy consists of
molecule agents that lead to substance concentration in

oscillators at Sy (in turn used in analysis-case 1.(0) above).

II. micro-object (1:-obj): molecule position in a substance;
micro-collective object (1.c,;-0bj): set of molecule positions
in all oscillators;

I1.(0) An external observer perceives the positions of all
molecules in all oscillator substances.

Macro-object: molecule positions in all oscillators;

Macro-observer: external observer, via complete sampling;

Macro-type: the macro-substrate is the set of molecules
of all substances — the same as the micro-substrate. As
in L.(0), the macro-substrate is endogenous to the micro-
substrate, exogenous to the external observer, distributed and
mobile (assuming a liquid or gas substance). The macro-
object’s encoding is structural, as positions are properties
of molecules. Both its scope and observed-scope are whole,
being the same as the micro-collective object. Hence, similar
observers perceive it in equivalent ways.

IL.(1) Mid-aggregator observes all molecules in an oscillator
Macro-object: molecule positions in one oscillator;
Macro-observer: mid-aggregator perceiving all molecule
positions in the oscillator, via complete sampling;
Macro-type: differs from that in II.(0) only by its part
scope, leading to heterogeneous observations from similar
observers (assuming these may perceive other oscillators).

I1.(2) Mid-aggregator observes an oscillator’s concentration

Macro-object: an oscillator’s molecule concentration;

Macro-observer: mid-aggregator perceiving the oscillator’s
concentration, via complete sampling;

Macro-type: is mostly the same as that of II.(1)— the macro-
substrate is still distributed and mobile, as it extends over mul-
tiple molecules. Yet, it is only heterogeneous if oscillators are
out-of-sync (assumed in Table II); and equivalent otherwise.

3) Notable analysis points: when observing substance con-
centrations (macro-objects) that are a property of substance
molecules (collective micro-state), then the macro-substrate
is always endogenous relative to the micro-substrate. When
observing concentration models (macro-objects) their sub-
strates are exogenous relative to substance molecules (micro-
substrate). The observer’s substrate is exogenous relative to
the observed macro-substrate when aggregators observe other
aggregators or oscillators; and endogenous, when aggregators
observe their own models. Concentration models (in aggre-
gators) have substrates that are centralised, tightly-coupled
and symbolic; whereas actual concentrations have molecular
substrates that are distributed, mobile (in liquids or gases)
and structurally encoded. The macro-scope is whole when
observing all oscillators, either at the lowest or the highest
scales; and partial when only observing some of the os-
cillators, at the mid-scale. Within this scope, the observed-
scope is always whole, as aggregators use a complete-sampling
method. Uniformity is equivalent only when the scope is



I. CollObj: substance concentration of all oscillators

L.(0) end exo dist | loose str whl | whl | eq
L(1) end exo dist | loose str prt whl | ht
L.(2) exo | endo | cntr | tight | sym | prt | whl | ht
L.(33) exo | endo | cntr | tight | sym | whl | whl | eq
1.(4) exo | endo | cntr | tight | sym | whl | whl | eq
L(5) exo exo cntr | tight | sym | whl | whl | eq
1.(6) exo exo cntr | tight | sym | prt | whl | ht
II. CollObj: molecule positions of all oscillators

IL(0) | end exo dist mob str whl | whl | eq
IL(1) | end exo dist mob str prt whl | ht
IL(2) | end exo dist mob str prt whl | ht
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Fig. 6. Robot Collective (RC) — analysis series 1.(0)-(5)

whole, including all oscillators; or when it is partial over
synchronised oscillators that feature similar states.

C. Robotic Collective (RC)

1) Overview of agent roles and models: RC feature a single
type of active entity: robots (Fig. 6). Items are passive and do
not perceive information. Each robot hosts three agents: i) a
micro-agent (Sp) that exposes its room location to observers
— thus contributing to the lowest-scale micro-collective object;
ii) a mid-agent (S1) perceiving the robot’s room location and
the locations of other robots&items that it encounters (over
a time-interval) forming a count-model; and, iii) a fop-agent
(S2) perceiving its count-model and the encountered robots’
count-models, forming a goal-model. This latter is seen by
robot micro-agents (Sp) , which move accordingly.

2) Macro-types analysis (Table III):

I. micro-object (u-obj): room location of robot or item;
micro-collective object (1.c;-0bj): set of room locations of
robots&items in all rooms;

1.(0) An external observer accurately perceives the locations
of all robots&items in all rooms.

Macro-object: room locations of all robots&items;

Macro-observer: external observer of all room locations of
robots&items, via complete sampling (e.g. video camera);

Macro-type: the macro-substrate is the set of all actual
robots&items. It is the same as the micro-substrate and hence
endogenous to it; while being exogenous to the external
observer. It is distributed (across robots&items); and partly
mobile (robots), partly loosely-coupled (replaceable items).
The encoding is structural, as locations are properties of
robots&items. Both the scope and observer-scope are whole,

giving equivalent uniformity for similar external observers.

L.(1) A robot observes the locations of robots&items that it
encounters while exploring the rooms.

Macro-object: room locations of all robots&items (1.0)

Macro-observer: a robot’s mid-agent sampling robot&item
locations as it moves across rooms; via scattered sampling.

Macro-type: is the same as in 1.(0), except for its partial
observed-scope (due to the robot’s random encounters),
making it heterogeneous to similar robot observers. We note
that the macro-object’s scope is still whole, as the robot
could, in principle, encounter all robots&items.

L.(2) A robot observes its count-model, formed from per-
ceived locations, cf. 1.(1).

Macro-object: a robot’s count-model (room distribution) of
robots&items it encountered;

Macro-observer: a robot’s mid-agent perceiving its count-
model, via complete sampling;

Macro-type: the macro-substrate is the robot hosting
the count-model. Hence, it is still endogenous, as in 1.(1),
relative to the micro-substrate, which consists of all robots
in the collective. It becomes endogenous relative to the
robot mid-agent observer, which holds the count-model. It
also becomes centralised and tightly-coupled (within the
robot); and uses symbolic encoding. The scope is partial
(only modelling encountered robots&items), with whole
observed-scope (entire count-model) and hence heterogeneous
to different robot mid-agent observers.

1.(3) A robot observers the count-models of other robots,
during their encounters.

Macro-object: the set of count-models of all robots

Macro-observer: a robot’s top-agent sampling other robots’
count-models as it encounters them; scattered sampling.

Macro-type: is mostly the same as I.(1) — as it covers
the same partial observer-scope relative to the whole scope
of the collective micro-state; except at the higher-scale of
count-models rather than individual robot&item locations. It
differs from I.(1) in that the encoding becomes symbolic and
the substrate-coupling is fully mobile (only including robots).

1.(4) A robot observing its goal-model (abstraction flow).

Macro-object: a robot’s goal-model;

Macro-observer: a robot’s top-agent, perceiving its goal-
model, via complete sampling;

Macro-type: is the same as 1.(2) as it is a refined version
of the robot’s count-model, based on the others’ count models.

L.(5) A robot observing its goal-model, via the top-down
feedback flow; for deciding which room to move to next.

Macro-object: a robot’s goal-model;

Macro-observer: a robot’s micro-agent, perceiving the top-
agent’s goal-model; via complete sampling;
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Fig. 7. Collective Decisions (CD) — analysis series 1.(0)-(5)

Macro-type: is the same as 1.(4) as it is the same macro-
object (goal-model) perceived by an internal observer (micro-
agent rather than top-agent); via complete sampling.

3) Notable analysis points: macro-substrates are exogenous
when a robot sees the locations of other robots&items; and
endogenous when the robot sees its own models. The macro-
object’s observation scope is always whole, as robots have,
in principle, access to all other robots&items. Yet, the actual
observed-scope is always partial, as robots only perceive a
subset of robots&items via scattered-sampling. These scopes
propagate through all scales, from observations of actual
locations observations (micro-agents), to abstractions of these
via count-models (mid-agents) and goal-models (top-agents).
Finally, the encoding is structural when observing actual
locations; and symbolic when observing models.

D. Collective Decisions (CD)

1) Overview of agent roles and models: CD features three
kinds of agent (Fig. 7). Res-agents (Sp) are resources in the
environment, exposing their types to observers (i-agents) and
changing their types depending on the collective-opinion O
(of the col-agent). Individual-agents (i-agents, S;) observe
local resource-agents and form an individual-opinion model
(O;-model). A collective-agent (col-agent, S3) observes the
set of O;-models and forms a collective-opinion model (O.;-
model), which is then seen by resource-agents.

2) Macro-types analysis (Table IV):

1. micro-object (u-obj): types of res-agents;
micro-collective object (1.c,-0bj): set of res-agent types
in the entire environment;

1.(0) An external observer perceives all typed resources (res-
agents) in the environment.

Macro-object: all typed res-agents in the environment;

Macro-observer: external observer; complete sampling;

Macro-type: the macro-substrate onto which the resource
types are encoded consists in the actual resources. It is
the same as the micro-substrate and hence endogenous to
it; while being exogenous to the external observer. The
macro-substrate is distributed and loosely-coupled across
replaceable resources (res-agents). Information-encoding is
structural, as observed types are properties of resources.
The scope is whole (including all res-agents), with whole
observed-scope (external observer’s complete sampling),
giving equivalent views for similar external observers.

L.(1) An individual agent (i-agent) observes the types of
resources in its neighbouring environment.

Macro-object: typed res-agents in an i-agent’s vicinity;

Macro-observer: i-agent observing res-agent types in its
vicinity; scattered sampling;

Macro-type: is almost the same as I1.(0), as only the
observer changes from external to i-agent. The difference is
that both the scope and observed-scope become partial (only
including the i-agent’s vicinity, sampled randomly); hence
leading to heterogeneous observations from similar i-agents.

L.(2) An individual agent (i-agent) observes its own model
(O;-model), formed from previous resource type observations.
Macro-object: O;-model of dominant res-agent type;
Macro-observer: i-agent perceiving its O;-model;
Macro-type: is mostly opposite to 1.(1), except for its
scope, which remains partial. The O;-model is an exogenous,
centralised, tightly-coupled, symbolic representation of the
observed set of res-agent types in 1.(1); and is endogenous to
the i-agent observer, which sees it with whole observed-scope.

I.(3) The top-scale collective agent (col-agent) observes all
individual models (O;-model) of individual agents.
Macro-object: the set of O; models of all i-agents;
Macro-observer: col-agent, with complete sampling;
Macro-type: the macro-substrate (i-agents) is exogenous
relative to its micro-substrate (res-agents) and the observer
(col-agent); distributed and loosely-coupled (over changeable
i-agents). Information is encoded symbolically. The scope
is whole, if assuming that overlapping O; models cover the
entire environment; and partial otherwise. As the observed-
scope is whole, similar col-agents would perceive equivalent
models if the scope were whole; and heterogeneous otherwise.

1.(4) The col-agent observes its O.,;-model (abstract flow).

Macro-object: col-agent’s O.,;-model;

Macro-observer: col-agent; complete sampling;

Macro-type: is the same as 1.(2) (i.e. i-agent viewing its
O;-model), as O, is a higher-scale representation of the
O; set. Its scope takes the value of the O;-models set 1.(3):
whole if i-agents cover the environment and partial otherwise;
giving equivalent or heterogeneous perspectives, respectively.

1.(5) Resources (res-agents) perceive the actions issued by
the col-agent, based on its O.,;-model (feedback flow).
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Macro-object: col-agent’s O,,;-model, as in 1.(4);

Macro-observer: res-agent; complete sampling;

Macro-type: is the same as 1.(4), as only the observer
changes (from col-agent to res-agent). Hence, the substrate
becomes exogenous relative to the observer.

3) Notable analysis points: the macro-substrate is always
exogenous when agents of different types observe each other
(i.e. col-agents observe i-agents, which in turn observe res-
agents, which finally observe the col-agent). Conversely, the
substrate is always endogenous when an agent observes its
own model (i.e. col-agent observing its O.,-model and i-
agents their respective O;-models). The substrate is distributed
and loosely-coupled when an agent observes several other
agents (e.g. col-agent observing i-agents, i-agents observing
resources); and centralised and tightly-coupled when observ-
ing a single entity (e.g. agents observing their own model,
or res-agents observing the col-agent model). The encoding
is structural when observing resources types (encoded di-
rectly onto resources) and symbolic when observing models
(substrate-agnostic). The scope is partial when i-agents can
only observe their local environment. At higher scales (col-
agent), it may become whole if the overlapping partial scopes
of i-agents cover the entire environment. The observed-scope
is always whole except when i-agents only observe the partial
resources in their vicinity. Uniformity is equivalent only when
both scope and observed scope are whole.

VII. DISCUSSION

A. Cross case-study analysis

Across each case study, we analysed the macro-types of
several macro-objects, generated at increasing representation
scales from micro-agents at the lowest scale (abstraction flow).
We then analysed the macro-object at the top-scale observed
by agents at lower scales (feedback flow). These examples
concretely highlighted different types of macro-entities and
how they could be integrated within an MSFS. E.g., macro-
collective objects at Sy were structural, distributed and mobile
(or loosely-coupled); whereas their macro-models at So; were
symbolic, centralised and tightly-coupled. Intermediate macro-
models at Sy covered partial scopes individually, and whole
scopes collectively. Collective macro-models at S; were also
distributed and loosely-coupled. Individual macro-models at
51 featured either whole or partial observed-scopes.

While our case studies featured several common macro-type
characteristics, these may differ in other MSFS. E.g., micro-
collective objects (Sp) could also be symbolic and distributed
(e.g. sensors); or centralised and tightly-coupled (e.g. large
models) with macro-observers perceiving different parts. Also,
macro-models could be structural and loosely-coupled — e.g.
in HO, an oscillator’s substance concentration (X) viewed as
a model by the other substance (Y'), which adapts to it (cf.
causal emergence [8]). Or, macro-models could be distributed
and only partially perceived by observers (e.g. in RC, a
robot perceiving some of the other robots’ models). Generally,
scope-reduction engenders heterogeneous observations, unless
all objects in the whole collective scope are equivalent (e.g.
uniform substance concentration, or synchronised oscillators).

In exemplified cases, uniformity was a combined property
of the macro-object’s scope and observed-scope. If both scopes
were whole then the macro-object was equivalent; otherwise
it was heterogeneous. This would differ in the presence of
observation errors or delays, which may lead to heterogeneous
observations of objects with whole scopes. Also, partial-scope
observers may use sampling-methods that give equivalent
observations (e.g. picking the maximum value in a sub-set).
When the observer’s scope and sampling-method leads to
heterogeneous models, this may engender different adaptations
(e.g. in RC or CD, a ‘perfect’ external observer would propose
different adaptations relative to robots or i-agents with partial
views). In future work, we will also consider observers with
different perception capabilities, meaning that they would view
the same entity as different objects [21].

Several analysis cases fit two dimension categories, either:
1) at the same time (e.g. in RC, the substrates of robots&items
models are both mobile and loosely-coupled); or ii) depend-
ing on the system state when observed (e.g. HO observers
view different concentration models as heterogeneous when
oscillators are out-of-sync and equivalent when in-sync; in
CD, the O,,;; model covers the whole scope or only a part,
depending on the combined coverage of the i-agents’ partial
scopes). Such cases may require more refined categorisation
if differentiating them becomes important. When top-agents
only cover a partial scope, micro-agents only adapt based on
top-models that represent part of their collective state. More
precise measures can be used to determine the extent of a
scope’s partial coverage relative to the whole scope.

Importantly, the conceptual macro-type framework did not
explicitly include time aspects, which are essential in most
MSFS (e.g. [17]). E.g., decreasing an observer’s sampling
frequency leads to scope-reduction; varying observation
delays may increase model heterogeneity across observers;
history-windows of various sizes may impact model accuracy
(e.g. in case of random sampling, or for predictive models).

B. Assumptions and Practical Applicability

The proposed conceptual framework applies to any system
implementing the MSFS pattern — i.e., where micro-entities
coordinate their actions by sharing abstract information about



their collective state. Specifically, this framework: helps to
assess the macro-types of such collective state abstractions,
applies to MSFS systems with heterogeneous macro-types,
and can be extended or refined to handle the specificity of
particular application domains — e.g. extending the binary
scope options (‘partial’ or ‘whole’) to more gradual ‘coverage’
percentages; or expressing a dimension’s dependence on the
system’s state or context. Assessing MSFS’ abstraction quality,
relative to its usage for adaptation, is out of this paper’s scope
and was the focus of a specific contribution [20].

In principle, categorising macro-types along the proposed
dimensions will allow to characterise the resulting micro-
macro feedback cycles in a qualitative manner — e.g. dis-
tributed, loosely-coupled versions may be more robust and
adaptive, but slower, more imprecise and complicated than
centralised ones; exogenous versions may encourage speciali-
sation yet raise trust concerns; whole observation scopes with
equivalent uniformity may provide more precise information
yet at the cost of higher resource consumption and delays,
while only providing benefits if paired with a correspondingly
fast and accurate adaptation strategy. We started correlating
macro-type dimensions with systemic qualities in previous
work, e.g. [16], [17], [20]; to be completed by future research.

To select specific macro-type variants, system engineers
should match such type-specific qualitative properties with the
targeted system’s constraints and requirements. Providing an
explicit methodology for system design and evaluation based
on such principles will be pursued in future work.

VIII. CONCLUSIONS AND FUTURE WORK

We proposed a conceptual framework to help discern var-
ious types of macro-entities in MSFS. First, we pinpointed
key concepts relevant to micro- and macro-entities, and their
relations (sec. IV) — i.e. agents; observer and object roles;
collective information sources and models; and micro-macro
abstraction processes based on scope-reduction and info-
merging. Then, we relied on this conceptual basis to specify
a multi-dimensional space for categorising macro-object types
(sec. V) — based on their substrates, information encoding,
scopes and uniformity; relative to their micro-information
sources and/or to their macro-observers.

We illustrated the applicability of this conceptual macro-
type framework via three MSFS case studies, showing its
ability to distinguish between diverse macro-types. Exempli-
fied cases covered a wide range of combinations of macro-
type dimensions, without being exhaustive. We provided a
high-level comparison of analysed case studies, and illustrated
further cases not covered by these in the discussion (sec. VII).

In future work we will investigate less common cases to
identify the conditions for their occurrence, or reasons for their
impossibility. We will extend the framework to explicitly in-
clude time-related dimensions, e.g. observation frequency and
delays. This proposal offers a conceptual basis for detecting
and analysing micro-macro cycles in large CAS; and to help
deal with the increasing complexity of modern environments.
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