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Abstract

We provide a brief primer for the idea behind formalising hierarchical causality in the context of complex systems. Here
actors are not simply agents. Actors instantiate causation classes. Agents implement local dynamics in given levels of

discrete.

organisation in a given system. Hierarchical causality then describes how actor-level roles constrain, select, and organise
agent-level behaviour across levels. The system then necessarily requires three additional structures. First, causation
classes to abstract a given form of causal influence that an actor instantiates. Second, aggregation operators to move
across the levels. Third, discrete event-time maps are required because the system comprises events, and the relation
between local event counts and any global clock must be specified. Our formulation here is purposefully simple and
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1. Introduction

Here the levels of organization are where things happen
and where agents are interacting components. Actors are
then carriers of top-down influence and are grouped into
causation classes which are kinds of top-down causal oper-
ation equivalence classes. This is so that sets of lower-level
realizations are treated as functionally the same. Here ac-
tors are a computational model used to characterize a spe-
cific type of top-down causation. Actors differ from agents
the way top-down causation differs from bottom-up inter-
acting components.

In summary, an agent is a local, interacting unit in the
system: trader, order, fund, node, borrower, or lattice ele-
ment. An actor is a role-bearing or control-bearing entity
that exemplifies a top-down causal mode. ! Think pre-
dictor, profiteer, investor, trader, regulator/ruler as spe-
cific causal-role archetypes [24], and not merely physical

n the original actor model, computation is organised as au-
tonomous entities that encapsulate state and interact solely through
asynchronous message passing and the creation of new actors [12, 11].
Here, we use the term more loosely to represent a causal equivalence
class — this is purposefully referring to the prior equivalence class as
a computational representation distinct from agents.
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persons. Causation classes are then the abstract form of
causal influence that the actor instantiates and is imple-
mented as this or that agent in some level in the hierarchy.
The causation classes are minimally described here as: al-
gorithmic structuring, fixed-goal control, adaptive selec-
tion, adaptive feedback, or adaptive-goal selection [3, 24].
The reason why agents are not enough is that if you
stay only at a given agent level, you can describe interac-
tions, but you miss why the same sort of agent behaves
differently across contexts. So the argument is basically
that agents provide the local mechanics; actors represent
organized causal roles; causation classes specify the kind of
top-down influence; the system outcome depends on all of
these interacting across levels. This implies the need for
aggregation operators that move across levels, and tran-
sition kernels that describe within-level dynamics. The
equivalence class structure allows lower-level realizations
to be treated as functionally the same from the higher-level
standpoint - these are what make higher-level causation
possible without needing one privileged micro-realization.
The aim of the primer is to try to more formally make
the distinction between top-down causation as constraints
on the system as opposed to bottom-up aggregation driven
emergence via mechanisms and algorithms. To then pro-
vide a simple toy-model with two levels: a lower level and
an upper level for illustrative purposes Appendix A. A
more sophisticated agent-based trading example can be
found when one introduces adaptive feed-back learning in
trading simulations [6]. More generally, one can expect to
formulate equivalence classes of agent-based models using
the language of discrete-time random walks, one for each
layer. Under appropriate scaling limits and continuous-
time random time changes, these may lead to coupled
reaction—diffusion descriptions, with cross-level coupling
entering through constraints or boundary conditions.

2. Background

Top-down causation is not new. The useful starting
point is the observation that complex systems have levels,
and that higher-level organisation can matter without re-
quiring a unique lower-level realisation. In this sense the
higher level does not replace the lower level. It constrains
it, selects among its admissible realisations, or changes
which lower-level dynamics are relevant. This is the main
idea we retain from the top-down causation literature [8,
3]. This is also what makes it quite distinct from much of
the prevailing complexity literature which is by-and-large
bottom-up and reductionist.

The important point is not the phrase “top-down”. It is
the existence of causal equivalence classes. A higher-level
state, function, or role may be realised by many lower-level
configurations. These lower-level configurations can be dif-
ferent as microstates and still be the same for the higher-
level causal question. This is why aggregation alone is not
enough. Aggregation produces a macro-description. Hier-

archical causality asks whether that macro-description also
carries a causal role for the lower-level transition structure.

There is also related work on causal abstraction and
causal emergence. Structural causal-model approaches ask
when two causal descriptions at different resolutions are
consistent under interventions [19, 4]. Causal-emergence
approaches ask when a macro-description can be causally
stronger, or less noisy, than a micro-description [13]. These
literatures are related — but what we are doing is a bit
narrower. We are not trying to replace structural causal-
ity, causal abstraction, or causal-emergence measures. We
want to use a discrete kernel schema to separate three
things that are often collapsed: aggregation across lev-
els, transition within levels, and actor-class constraints on
admissible transitions. The schema is also adjacent to con-
trolled Markov processes and constrained Markov decision
processes [18, 1]. The difference is that the actor instance
here is not primarily an optimiser over rewards or costs.
It is a role-bearing cross-level constraint that restricts ad-
missible lower-level kernels through an interface. In this
sense the framework borrows the language of admissible
controlled dynamics, but not the usual optimisation prob-
lem of Markov decision theory.

The approach here is really to pry these objects apart,
but is otherwise modest. 2 A hierarchical causal system is
not just a multiscale model. It is a multiscale model with
role-bearing actors and causation classes that act on the
lower-level dynamics through constraints, selection, feed-
back, or goal-directed kernel modification. The primer
tries to make this statement precise enough to be useful
but not to overly mathematise the idea itself.

3. Hierarchical Causality

The point here is to keep hierarchy, dynamics, con-
straint, and event time separate. If these are collapsed
into one mechanism then hierarchical causality becomes ei-
ther ordinary coarse-graining or ordinary agent dynamics.
Here for brevity we are working with finite or countable
state spaces, so that transition kernels can be written as
conditional probabilities and evaluated state by state. A
more general measurable-space version would replace these
probabilities by Markov kernels on measurable spaces [15].

Definition 1 (Hierarchical causal system). A discrete hi-
erarchical causal system is a tuple

v ={H,D,C,U},

with at least four elements. Here H denotes the structure
required to specify the hierarchy, D denotes the structure
required to specify the dynamics, C denotes the top-down
constraint structure, and U denotes the discrete event-time
maps used to relate local event counts to each other and,
when needed, to a global clock.

21 will very loosely draw on ideas from category theory [22].
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(ii)

(iii)

The hierarchy is the collection H that contains the
levels, configuration spaces, agent index sets, acces-
sible state spaces, and aggregation maps. Thus

H = {{XZ}£:0= {I€}£:O7 {SZ}ZL:O? {Hf}fgol} :

The index £ € {0, ..., L} labels levels of organisation,
with lower £ denoting the more microscopic descrip-
tion. Here I, denotes the set of level-specific sites,
agents, or components, and Sy denotes the accessible
state space at level £. For the present discrete for-
mulation Sy may be taken finite or countable; more
general measurable state spaces require Markov ker-
nels. A level state at operational event count ny is

Xé,ng = (:Cfvnl)ielz e Xy, $f,w € Sy.

Here X, is the level-f configuration space. When
every assignment of state values to level-f sites or
agents is admissible, Xy = @IZ ; otherwise X, C SEIZ
is the admissible configuration space. It is important
to notice that each level £ has its own sites, agents,
state spaces, and event counts, denoted here by Iy,
Se, and ng. Aggregation is given by

I, : Xy — XZ—H-

This map need not be an average. It may be a coarse-
graining, projection, threshold, classification, or other
map that makes a higher-level state from lower-level
realisations.

The dynamics are given by D, which contains the ad-
missible within-level transition structures. For each
level there is a class Ky of admissible discrete ker-
nels, and a realised kernel

Kf,ng € ’C€7

with transition probabilities written as Ky, (x) | x¢).

This is the bottom-up part of the system. Agents in-

teract locally, and higher-level regularities may emerge
through aggregation of these dynamics. The kernel is

indexed by the level-specific event count ng. The co-

ordination of event counts across levels is specified

separately by U.

The constraints are encapsulated in C, which con-
tains level-indeved actor sets { A, }L_,, causation classes
C, target subsystems, and interfaces. Here A, de-
notes the set of actors represented at level r. An
actor a € A, instantiates a causation class through

L
’y:UAr—>C.

r=0

The operative cross-level object is an actor instance

a = (a,r,¢e,l, Be,m), c=7(a), r>{,

(i)

(v)

(vi)

where By C I, is the lower-level target subsystem,
7 is the interface, channel, rule, signal, protocol, in-
centive, or admissibility test through which the higher-
level role is implemented, and c is the causation class.
When a target subsystem By is being constrained,
write K¢, g, for the relevant local, restricted, marginal,
or conditional kernel class on By. The corresponding
target-subsystem section of a realised kernel Ky, is
denoted by KP

Lng”
The actor instance induces a set-valued constraint
correspondence

,?_>£ . XT j ]Cl-,Bé'

For a higher-level state X, , admissibility of the
realised lower-level dynamics on the target subsystem
means

Kt

£,

€ DSHZ(XTJLT)'

Top-down causation is located here. It is not aggre-
gation and it is not the lower-level dynamics them-
selves. It is the constraint, selection, weighting, or
parameterisation of the target-subsystem transition
structure by a higher-level actor role through an in-
terface.

The time structure U contains discrete event-time
maps. We use the term discrete subordinator as a
non-decreasing map from a global event index to a
level-specific event count, not necessarily a Lévy sub-
ordinator. Fach level has its own operational event
count ng, and a global event index m € N coordinates
the levels through non-decreasing maps

Ny = Uz(m), UZ(O) =0.

Different levels may therefore update on different event
scales. If calendar time is later required, it may be in-
troduced by an additional non-decreasing time change
from event counts to calendar time. This is not part
of the basic discrete definition. How events happen
and are counted is typically determined bottom-up in
tandem with the constraints.

Aggregation equivalence is defined by:
wo~vye = T(we) = e(ye).
£

Aggregation equivalence may identify states that are
not causally equivalent.

Causal equivalence is actor-specific and is stronger
for the causal question being asked. For a fixed ac-
tor instance «, higher-level state x,, and lower-level
state xy, define the admissible outgoing target-subsystem
kernel sections

Dy (e) = {K" (- | we) : KP* € DY ()}



Here KBt( - | xy) is understood as the relevant lo-
cal, restricted, marginal, or conditional outgoing ker-
nel section on By. Then two lower-level states are
causally equivalent for a at x, when

o~ Yo = Dy (z0) =Dz (ye)-

Thus aggregation equivalence may identify states that
are not causally equivalent for the actor instance be-
ing considered.

The system is hierarchically causal when there exists at
least one actor instance o = (a,r,¢,l, Be,n), with r > ¢,
such that the realised lower-level kernel, through its target-
subsystem section, satisfies

K

L,ng

€ DSHE(XT,HT )7
and this restriction is not determined by aggregation alone.

Proposition 1 (Aggregation equivalence need not imply
causal equivalence). Let xy,ys € Xy satisfy

e(ze) = Me(ye).

If there exists an actor instance o and a higher-level state
z, such that

Dz, (xe) # Dg (ye),

then xy and ye are aggregation equivalent but not causally
equivalent for o at x,.

Proof. The equality TIp(xzs) = TIy(ys) gives aggregation
equivalence. The displayed inequality says that the ad-
missible outgoing kernel sections differ under the actor in-
stance a. Hence the two states are not causally equivalent
for a at z,. O

Remark 1. The actor is not a free-floating cross-level
force. It is represented at a higher level, often as an agent,
institution, rule system, coalition, or role-bearing structure
at that level. Its top-down role is expressed only through
the interface n and the induced constraint on admissible
lower-level kernels.

Remark 2. A kernel transformation is a special imple-
mentation of the constraint structure, not the definition
of top-down causation itself. In this special case one may
write a transformation from an unconstrained kernel to a
constrained kernel. But the more general object is in-fact
the admissible set of kernels selected by the higher-level
actor-class constraints.

Remark 3. This is close in spirit to the viability-kernel
idea from which some of this thinking is derived. Viability
theory studies evolutions that remain inside a constraint
set, and the viability kernel is the set of initial states from
which at least one viable evolution remains possible [2, 20].
Here the object is not yet a viability kernel over states. It
is a constraint correspondence over admissible transition
kernels. The analogy is useful because it keeps the top-
down component constraint-based rather than force-based.

Remark 4. The definition is intentionally discrete. Noth-
ing here requires continuous time. A continuous-time ver-
sion would require limits of the kernels and subordinators,
and is left to another day.

4. Structural Components

Definition 1 provides the basic idea of what one means
when one uses the terminology hierarchical causality in
the sense of accommodating top-down causation. Here I
briefly expand on some of the other terminology used for
clarity.

Definition 2 (Agent). An agent is a local state-bearing
component in one level of the hierarchy. At level ¢ and
event count ny the state of the i-th site, agent, or compo-
nent is written as :Efm € Sy, where i € I;. Agents carry
local dynamics through the realised kernel in D. They are
not, by themselves, top-down causes.

Definition 3 (Actor and actor instance). An actor is a
role-bearing entity represented at some level r. It is writ-
ten a € A,.. It may itself be an agent, institution, coali-
tion, rule system, or other state-bearing structure at level
r. The actor becomes a top-down causal object only as an
actor instance: o = (a,r,c,t, By,n), where ¢ = y(a) is the
causation class, ¢ < r is the target level, By C I, is the
target subsystem, and 7 is the interface through which the
constraint is implemented.

Definition 4 (Causation class). A causation class is an

abstract mode of top-down constraint. Here the main classes
are: algorithmic structuring, fixed-goal control, adaptive

selection, adaptive feedback, and adaptive-goal selection.

Formally, a class is used through the constraint block C':

if ¢ = v(a), then the actor instance o determines which

lower-level kernels remain admissible under the higher-level
state.

Definition 5 (Transition kernel). A transition kernel at
level € is a discrete one-step law Ky, € K¢, with transi-
tion probabilities written as Ky p,(z, | 7). It belongs to
the dynamics structure D. The kernel describes admissi-
ble within-level transitions. When top-down constraint is
active, the relevant target-subsystem section Kffw must lie
in DX (X o).

Definition 6 (Aggregation operator). An aggregation op-
erator is a map: Iy : Xy — Xpy1. It makes a higher-level
description from lower-level realisations. It need not be an
average. It may be a coarse-graining, projection, thresh-
old, classification, or other description map. Aggregation
can generate macro variables and macro regularities, but
aggregation alone is not top-down causation.

Definition 7 (Discrete subordination). A discrete subor-
dinator is a non-decreasing map Uy : N — N with U, (0) =
0. It links the global event index m to the operational event



count ng = Ug(m) at level €. This lets different levels up-
date at different event scales without introducing continu-
ous time.

Definition 8 (Aggregation and causal equivalence). Ag-
gregation equivalence is the equivalence relation induced by
Il,. Actor-specific causal equivalence is the corresponding
relation induced by the constrained admissible transition
structure in Definition 1. Hence aggregation equivalence
can hold while causal equivalence fails.

5. Equivalence

The formal schema gives two routes through the hier-
archy, this is shown visually in Figure 1. The first route is
descriptive: evolve at the lower level and then aggregate
up. The second route is constrained: use a higher-level ac-
tor instance to restrict the lower-level kernel, evolve under
that restriction, and only then aggregate. If these routes
carry the same information for the question being asked,
aggregation equivalence is enough. If not, the difference is
precisely where hierarchical causality matters [24].

The dashed arrow is not a new dynamics. It is a re-
striction on admissible lower-level kernels. Thus the con-
strained kernel must satisfy

Kffi@ € Ke,p, N D7y (X, ).

If this condition changes the lower-level transitions avail-
able to the target subsystem, and if the change is not de-
termined by aggregation alone, then the system carries
top-down causal structure.

The distinction can also be stated without a diagram.
Let x; be a lower-level state, and let K, be an uncon-
strained lower-level kernel. Aggregation gives the higher-
level description IIy(z,). Bottom-up emergence concerns
the behaviour of this aggregate under lower-level dynam-
ics. Top-down causation enters only when a higher-level
actor instance « restricts the relevant target-subsystem
section of the lower-level kernel to D&, ,(X,).

This is why aggregation equivalence is weaker than
causal equivalence. If xy and y, have the same aggregate
image, they are the same for a purely descriptive macro-
variable. They need not be the same for a top-down causal
question, because they may admit different constrained
transition sets under the same actor instance. This is the
non-commuting part of the hierarchy. Aggregating first
and then evolving need not give the same causal infor-
mation as constraining the lower-level dynamics and then
aggregating. In many ways this is the entire point of the
exercise.

6. Formal schema

In summary, the formal schema is ¥ = (H,D,C,U).

6.1. The Hierarchy

The hierarchy structure H fixes the level-indexed de-
scriptions. For each level ¢ there is a configuration space
Xy, an index set I, of sites, agents, or components, an
accessible state space Sy, and a state

Xg’w = (ace S Xg,

0
i,ne)ieje Ling € SZ'

Here X is the level-¢ configuration space. When every as-
signment of state values to level-£ sites or agents is admis-
sible, Xy = SZ{Z; otherwise X, C Sl{@ is the admissible con-
figuration space. The aggregation operator II; maps from
level £ to level £+ 1. It defines the descriptive macro-state.
It does not define the top-down constraint. Aggregation
equivalence x,~y, is the equivalence relation induced by

H given II,.

6.2. The Dynamics

The dynamics D fixes the within-level transition classes.
For each level there is a class of admissible kernels ;. A
realised kernel is K;,, € K;, with transition probabili-
ties Ky, (2} | 7). The lower-level dynamics can generate
higher-level regularities through aggregation. This is the
bottom-up direction. Here we have kept this discrete and
there is no continuous-time limit in the formal schema.
When a target subsystem By, C I, is being constrained, we
write Ky, g, for the relevant kernel class on that subsystem.
This may be a marginal, restricted, local, or conditional
kernel class, depending on the example.

6.3. The Constraints

The constraints C' are where top-down causation en-
ters. An actor instance is a = (a,r,¢, £, Bp,n), with ¢ =
~(a), and r > ¢ induces a correspondence

D?—M (X = KZ,BZ'

Thus the higher-level state does not determine the lower-
level state. It restricts the lower-level transition possibili-
ties. At event counts n,. and ny, admissibility on the target
subsystem means

KD

L,ng

€ Dg—)K(XTJLT)'

This is the formal constraint condition.

The interface n is deliberately broad. It may be a
rule, signal, protocol, incentive, admissibility test, bound-
ary condition, selection criterion, or feedback channel. It
is included so that the actor does not become a mysterious
cross-level force. The actor is represented at level r; the
interface implements the constraint on level /.

6.4. Time Emergence

The time structure coordinates event counts. A global
event index m € N is mapped to level-specific event counts
by ny, = Uy(m), with Up(0) = 0, where each Uy is non-
decreasing. A lot more could be said here but it lets one
level update more slowly or more irregularly than another.
It also lets a higher-level constraint be evaluated at n, =
U,(m) while a lower-level kernel acts at n, = Up(m).
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Non-commutation marks the gap between aggregation equivalence and causal equivalence.

Figure 1: Aggregation and constraint in a hierarchical causal system. The higher-level structure is shown above the lower-level dynamics.
The horizontal lower arrow is lower-level dynamics, labelled by the realised lower-level kernel Ky ,,. The vertical arrows are aggregation.
The dashed arrow is the top-down constraint induced by an actor instance a = (a, 7, ¢, ¢, By,n), acting on the target-subsystem kernel section

KP¢ | The diagram is not assumed to commute. When it fails to commute, aggregation equivalence is weaker than causal equivalence.

L,ny

6.5. Causal consistency

A minimal consistency condition is that the realised
lower-level kernel, understood locally on the target sub-
system where needed, is both dynamically admissible and
constraint admissible. For an actor instance « this means

KBt

£yme

€ Kﬂ,Bz N Dg—)e(XT/ﬂr)'

If this intersection is empty, the actor-state and the lower-
level dynamics are incompatible at that event. If it is
non-empty, top-down causation is represented by choos-
ing, selecting, or realising a kernel inside the constrained
admissible set.

The hierarchical causality argument is therefore not
that higher-level states cause lower-level states directly.
The claim is weaker and cleaner: higher-level actor in-
stances restrict the admissible lower-level transition struc-
ture, and this restriction is not determined by aggregation
alone.

7. Discussion

The point of the construction is modest. It separates
three operations that are often mixed together. Aggrega-
tion gives a higher-level description. Dynamics gives the
lower-level production of future states. Constraint gives
the top-down restriction of admissible lower-level transi-
tions. A hierarchical causal system needs all three, and it
also needs event-time bookkeeping so that levels need not
update on the same clock. The actor-instance notation is
useful. A higher-level actor is not assumed to act as a mys-
terious cross-level force. The actor is represented at a level,
and its causal role is expressed through an interface that
restricts a lower-level target subsystem. The main idea
here is to ensure that causal equivalence is not confused
with aggregation equivalence e.g. two lower-level states
may have the same aggregate description and still differ
causally because a higher-level actor instance may make

different lower-level kernels admissible. Top-down causa-
tion can start to look like interventions, so we contrast this
formulation with some of the existing formulations.

Structural causal models in the Pearl tradition give
the sharpest intervention language. Their core idea is
that causality is represented by structural assignments, di-
rected graphs, interventions, and counterfactuals; the cen-
tral question is what changes under an operation such as
do(X = z) [17]. This is stronger than the present frame-
work for identification, counterfactual analysis, and em-
pirical causal inference. For the present purpose, however,
structural causal models do not by themselves separate ag-
gregation, event-time coordination, actor interfaces, and
top-down restrictions on admissible lower-level kernels. In
short, Pearl gives intervention semantics; this framework is
basically a form of hierarchically constrained bookkeeping
— it is algorithmic by nature. The key issue still remains
how best to understand the aggregation which is related
to causal emergence.

The aggregation maps used here are also related to
coarse-graining in statistical physics and multiscale mod-
elling [9]. The important distinction is that coarse-graining
supplies a macro-description, while hierarchical causality
asks whether an actor instance restricts the admissible
lower-level transition structure. Aggregation is therefore
necessary for the hierarchy, but it is not itself the top-down
causal operation.

Hoel’s causal-emergence programme asks when a macro-
description can be more causally informative than a micro-
description. Its core idea is that coarse-graining may re-
duce degeneracy or noise, so that causal power can be
greater at the macro level than at the micro level [13].
This is close to our concern with aggregation, but it asks
a different question. Hoel gives a measure of macro causal
strength. The present framework instead asks whether a
higher-level actor instance restricts the admissible lower-
level transition structure. Hoel is stronger when the state
spaces, interventions, and transition probabilities are ex-



plicit enough for measurement. The present framework is
more directly suited to systems where the key causal object
is a rule, institution, protocol, or interface that constrains
local dynamics but is not naturally a single macro variable.
At the heart of this is really the role of abstraction.

Causal abstraction approaches ask when causal mod-
els at different resolutions are consistent. The core idea
is that a macro causal model should preserve the relevant
intervention structure of a micro causal model under an ab-
straction map [19, 4]. This is probably the closest formal
neighbour to the aggregation part of the present frame-
work. It is stronger in its treatment of consistency between
causal models. The difference is that our object is not
only an abstraction map from micro to macro variables.
It also contains actor instances, target subsystems, inter-
faces, and constraint correspondences. Causal abstraction
tells us when levels agree under intervention; this frame-
work says how higher-level roles can restrict admissible
lower-level kernels.

Controlled Markov processes and constrained Markov
decision processes form another nearby reference class [18,
1]. They also work with transition kernels, admissible con-
trols, and constraints on dynamic evolution. The differ-
ence is again one of purpose. In a constrained MDP the
central object is usually a controller or policy that op-
timises a reward or cost criterion subject to constraints.
Here the actor instance is not introduced as an optimiser.
It is a role-bearing structure represented at a higher level,
and its causal role is to restrict which lower-level kernels
are admissible through the interface 1. Thus the present
framework is closer to constrained-dynamics bookkeeping
than to stochastic optimal control. It may later be spe-
cialised into a controlled Markov model, but that is not
required by the definition.

It is for this reason that we have tried to follow the
Ellis-style top-down causation. Its core idea is that higher-
level organisation can matter causally through constraints,
information control, multiple realisability, and equivalence
classes [8, 3|. The strength of this approach is realism:
it speaks naturally about rules, biological functions, in-
stitutions, adaptive control, and organised contexts. Its
weakness is that the formal objects are often less explicit.
We think this realism is important. The present framework
should be read as a small descriptive discrete formalisation
of this intuition. The actor instance o = (a,r, ¢, ¢, By, n),
together with D¢ ,,, is a way of making the Ellis-style con-
straint story operational. The higher level is not treated as
a second physical force or as a magical intervention. The
action is in the restriction of lower-level dynamics.

It is here that I think viability theory is helpful because
it gives a mature language for constrained dynamics. Its
core idea is that a system evolves subject to admissibility
constraints, and the viability kernel identifies states from
which at least one viable evolution remains possible [2, 20].
This is useful because it keeps the language constraint-
based rather than force-based. But the present framework
is not computing a viability kernel. Its constraint object is

a correspondence over admissible lower-level kernels, not
primarily a set of viable initial states. Viability theory
is stronger when the constraint set and dynamics are ex-
plicit enough for computation. Our framework is more
schematic, but it includes actor roles, interfaces, and hier-
archical aggregation explicitly.

The present framework is deliberately narrower than
these alternatives. The approach is architectural rather
than ingredient-level. The ingredients themselves are fa-
miliar: aggregation, kernels, constraints, actors, and event-
time maps. The idea is to keep these objects separate and
to locate top-down causation specifically in actor-instance
restrictions on admissible lower-level kernels.

It is in this sense that a hierarchical causal system is
defined as ¥ = (H, D, C,U) (Definition 1); where H car-
ries aggregation, D carries lower-level dynamics, C' carries
actor-instance constraints, and U carries event-time coor-
dination. Its strength is that it keeps these pieces separate.
This can be considered weak or incomplete because we
have deliberately avoided specifying how to identify causal
effects from data, how to quantify macro causal strength,
how to prove abstraction consistency, or compute viability
kernels. This is by design because its realism lies in the
middle: it is not a full inference theory, but a modelling
grammar for systems in which higher-level rules, institu-
tions, protocols, or adaptive roles restrict what lower-level
dynamics are admissible.

8. Conclusion

The basic idea is simple. Bottom-up emergence is pro-
duced by lower-level dynamics and aggregation. Top-down
causation is represented by higher-level actor instances
constraining the admissible lower-level transition struc-
ture. The restriction must not be determined by aggre-
gation alone; and this is what prevents the construction
from collapsing into ordinary coarse-graining.

To show this we use Definition 1 to define a discrete
hierarchical causal system as ¥ = (H, D,C,U). The hier-
archy structure H carries levels and aggregation. The dy-
namics structure D carries within-level kernels. The con-
straint structure C carries actor instances and their restric-
tions on admissible lower-level kernels. The time structure
U carries discrete event-time subordination. This is then
made clear in Proposition 1, which although somewhat
trite and tautological makes a very serious point why in
systems with top-down causation aggregation equivalence
need not imply causal equivalence. A short example is
then provided in Appendix Appendix A.

Appendix A. Small discrete example

This example is deliberately simple. It is not a do-
main model. The idea is only to show the four elements
H,D,C,U working together.



Appendiz A.1. The Hierarchy

Let level 0 contain four binary agents,
Xon = (m?’n,xg’n,xg’n,xg,n) e {0, 1}4.
Let level 1 contain two block states,
X1k = (z%,kazé,k) €{0,1,2}?,
where the aggregation map is the pair of block sums
ITy(Xo,n) = (30(1),7; + atg’n, :cgm + 9591,71)-

Thus ] , is the number of active agents in the first block
and x% & is the number of active agents in the second block.
When the upper-level state is obtained by aggregation at
a common global event index m, one reads n = Up(m) and
k= U1 (m)

Appendiz A.2. The Dynamics

At each lower-level event one site is selected. Without
top-down constraint, the selected bit flips with probabil-
ity p. This defines a simple finite Markov kernel Ky , on
{0,1}*. The point is that the lower level has its own some-
what trivial admissible dynamics.

Appendiz A.3. The Constraints

Let level 1 contain an actor a with class ¢ = y(a) and
target subsystem By = {1,2}. The actor instance is

a=(a,1,¢,0,By,n).

The interface 7 is a block rule with site-level content: when
the first block has exactly one active site, only the first site
in that block may change. Thus, when 29, + 29, = 1,
admissible kernels assign probability zero to transitions
that flip the second site. The probability mass of forbidden
flips is assigned to the self-transition, or equivalently the
constrained kernel is understood as an admissible kernel
with zero probability on the forbidden transitions.

This makes the distinction between aggregation equiv-
alence and causal equivalence explicit. The two lower-level
states

(1,0,0,0) and (0,1,0,0)

have the same aggregate image
HO(XO,n) - (170)7

but the actor-induced admissible transitions differ because
the interface refers to the lower-level site structure inside
the block. Equivalently,

Kgy, € DY 0(X1.x)

means that the target-subsystem section of the lower-level
kernel is compatible not only with the aggregate block
count but also with the actor-instance rule acting through
the interface 7.

Appendiz A.4. Time Sampling

Let the lower level update at every global event,
Up(m) = m,
and let the higher level update every two lower-level events,
Ur(m) = [m/2].

The higher-level state therefore changes more slowly. The
constraint used by the lower-level kernel at event m is eval-
uated using Xy, (m)-

Appendiz A.5. What the example shows

The example shows the point of the construction. Two
lower-level states can have the same aggregate block count
and yet differ in the admissible next-step transitions once
an actor instance is active. Aggregation gives the de-
scription. The unconstrained bit-flip kernel gives bottom-
up dynamics. The actor instance restricts the admissible
lower-level kernel through an interface that can see struc-
ture hidden by aggregation. The discrete event-time maps
specify which event count is used at each level.

Appendix B. Simulation-domain example

This appendix is a requirements specification rather
than an implementation. The purpose is to give a bridge
from the small formal primer to a more serious simulation
study. The intended domain is an agent-based financial
market with a limit order book, ordinary trading agents,
adaptive learning agents, and higher-level actors such as
index rebalancers, regulators, circuit-breaker rules, and in-
stitutional execution schedules. The point is not to claim
that this is the only useful domain. It is just a compact
domain in which aggregation, local dynamics, actor con-
straints, and event-time maps can all be made explicit.

The important modelling choice is that the experiment
is constraint-driven. A higher-level actor is not repre-
sented as an additional force acting on lower-level agents.
It is represented as a role-bearing object whose interface
changes the set of admissible lower-level transition kernels.
Thus the simulation should test whether an actor instance

o = (a7 r,c, €7 Bf7 77)
induces a restriction

KBt

£,me

€ D’?‘é—)e (XTznr)

that has effects not recoverable from aggregation-equivalent
lower-level perturbations alone. This keeps the simulation
aligned with the constraint view of top-down causation
in Ellis-style and Auletta—Ellis—Jaeger-style accounts, and
with the broader constraint-based account of causation in
complex systems [8, 3, 14].



Appendiz B.1. Mapping to the schema

The simulation must instantiate the four pieces of the
hierarchical schema

U = (H,D,C,U).

For the market example this should be done as a con-
crete model specification, not just as a list of concepts.
The lower level contains the limit order book, outstanding
orders, agent inventories, private or latent signals, agent
policy states, and event-level order flow. The upper level
contains market observables and actor states. The aggre-
gation map, written here as G or Ily, maps lower-level con-
figurations into macro variables such as midprice, spread,
depth, realised volatility, signed volume, and order-flow
imbalance. The constraint block contains actor instances.
The time block records order-arrival time, learning-update
time, actor-event time, and any reporting clock.

A minimally useful implementation should therefore
specify the components in Table B.1. This table is part of
the requirements. It prevents the market simulator from
becoming only an informal agent-based model with a few
macro variables added after the fact. It is also close in
spirit to the ODD discipline for agent-based modelling,
where model description, design concepts, implementation
detail and replication conditions must be made explicit
enough for others to inspect the model rather than only
its outputs [10].

Appendiz B.2. Environment

The environment is a discrete event-time limit order
book. At each micro tick an order, cancellation, execution,
or learning update may occur. Trades execute when orders
cross, and the price is updated on execution. The simula-
tor must record at least the book state, executed trades,
cancellations, agent inventories, cash or wealth variables
where relevant, and the event type. The model should not
rely on a single global clock. It should record micro ticks
and macro actor epochs separately.

The lower-level agent classes should be explicit enough
to define the lower-level kernel. Table B.2 gives the min-
imum useful agent specification. The exact behavioural
rule can be simple, but the state variables and parameters
must be logged. Otherwise the intervention does not have
a well-defined target.

This table also clarifies the single-agent and many-
agent learning cases used later in the appendix. A single
adaptive strategist gives the simple learning-agent case. A
population of adaptive strategists gives the many-learning-
agent case. In both cases the learning state is part of the
lower-level state. It cannot be treated as a hidden imple-
mentation detail.

Appendiz B.3. Actors and constraint interfaces

Actors are first-class macro role bearers. They may
issue orders or change rules, but they are not merely large

lower-level agents. An actor matters hierarchically because
it instantiates a causation class and restricts admissible
lower-level kernels through an interface. Table B.3 gives
the minimum actor specification for the market domain.

The important requirement is that each actor interven-
tion must identify: the actor state, the target subsystem,
the interface, the constrained kernel family, and the pro-
posed micro translation. If any one of these is missing, the
experiment cannot distinguish actor-level constraint from
ordinary lower-level parameter perturbation.

Appendiz B.4. Aggregation

The aggregation operator must be explicit and logged
at the macro epoch. A useful minimal specification is

At - G(Mt) = {Pt7LtaVvt7Ft}7

where P, is a price variable such as the midprice after
matching, L; is a liquidity vector such as spread and depth
within a fixed number of ticks, V; is realised volatility over
a declared window, and F; is signed volume or order-flow
imbalance per unit event time. Table B.4 gives the re-
quired logging layer.

This logging layer is not administrative. It is part of the
causal design. The same aggregate flow profile can have
different effects if it is delivered with different timing, dif-
ferent liquidity state, or different learning-state exposure.
The clocks are therefore part of the object being tested,
not just implementation detail.

Appendiz B.5. Single and many learning-agents

The learning-agent part should be separated into two
cases.

First, a single learning-agent case can be treated as
a standard reinforcement-learning problem: one adaptive
trader interacts with a market environment, observes a
state or signal, chooses actions, receives rewards, and up-
dates a policy or value function [23]. In the market setting
this is not only a generic reinforcement-learning abstrac-
tion. It has already been used as a concrete stepping stone
in which a simple learning agent interacts with an agent-
based market model [7]. This case is useful as a baseline
because the environment is approximately stationary if the
other agents are fixed or non-learning. It also supplies
a clean intermediate case between a non-learning agent-
based market and the many-learning-agent formulation [6].

Second, the many-learning-agent case is different. If
many agents learn at the same time, the effective envi-
ronment of each learner changes as other learners adapt.
This is the usual multi-agent reinforcement-learning diffi-
culty: stability of the learning dynamics and adaptation
to other changing agents become part of the model rather
than nuisance details [5]. This is the setting closest to
many-learning-agent market simulations [6].

For hierarchical causality the distinction matters. In
the single-agent case an actor intervention may change the
agent’s experienced environment. In the many-agent case



Table B.1: Required model components for a hierarchical-causality market simulation. The table gives the concrete simulation object and its
role in the schema ¥ = (H, D,C,U).

Schema block

Simulation object

Minimum required content

Purpose in the experiment

H

Intervention harness

Diagnostics

Level descriptions and aggrega-
tion map G

Within-level market dynamics

Actor instances and interfaces

Event-time maps

Baseline, macro intervention and
micro translation ensembles

Outcome and information mea-

sures

Micro state M containing orders,
inventories, agent states, signals,
learning states; macro state A; =
G(M¢) containing price, liquidity,
volatility and flow variables

LOB matching engine, order sub-
mission, cancellation, execution,
inventory updates, signal updates,
and learning updates where appli-
cable

Rebalancer, regulator, circuit-
breaker, institutional-flow or
other role-bearing actor; tar-
get subsystem By; interface n;
admissible-kernel restriction
Micro tick count, actor-event
epoch, learning-update count,
macro logging epoch, and any
calendar-time index

Ey, En, Eu, matched seeds,
matched initial-condition distri-
butions, documented translation
rule

Price impact, spread, depth,
volatility, order-flow imbalance,
abstraction error, effective infor-
mation, transfer entropy and ro-
bustness checks

Fixes what is meant by aggregation,
and what macro description is being
tested

Defines the lower-level transition ker-
nels before actor constraints are ap-
plied

Locates top-down causation in con-
straint, selection or rule-governed ad-
missibility, not in an added force term

Prevents cross-scale timing from being
confused with causal influence

Supplies the paired counterfactual de-
sign

Tests whether macro actor constraints

are reducible to micro translations

Table B.2: Suggested lower-level agent classes and required state variables. These are agents in the lower-level dynamics, not actors in the

top-down sense.

Agent class

State variables to log

Parameters or controls

Behavioural role

Liquidity provider /
market maker
Fundamental trader

Noise trader

Adaptive strategist

Background
process

liquidity

Inventory, outstanding bid and ask
orders, cash or marked-to-market
wealth, recent fills

Inventory, cash, perceived funda-
mental value, signal history, active
orders

Inventory, cash, order direction
state if persistent, active orders

Inventory, cash, recent profit and
loss, observation state, action state,
policy or value estimates, explo-
ration state

Aggregate latent depth, cancel-
lation intensity, exogenous shock
state

Spread target, inventory aversion,
quote size distribution, cancella-
tion rate, quote refresh rule
Signal strength, noise level, risk
aversion, order-size rule, execu-
tion aggressiveness
Market-order arrival
buy/sell  probability,
size distribution
Learning rate, discount factor, ex-
ploration parameter, reward def-
inition, action set, policy-update
clock

Intensity = parameters,
state, shock distribution

rate,
order-

regime

Supplies depth near the touch and
absorbs order flow subject to inven-
tory risk

Trades when price deviates from a
noisy latent or perceived value

Supplies exogenous or weakly struc-
tured order flow

Learns an execution or aggressive-
ness policy from market feedback

Provides regime variation without
making every source of liquidity an
explicit strategic agent

an actor intervention may change the coupled learning pro-
cess itself. The requirements are therefore stricter when
learning is active. The simulation must log policy states,
reward definitions, update times, exploration parameters,
and whether learning is frozen or active during the inter-
vention window. If these are not logged, the lower-level
kernel is underspecified.

Appendiz B.6. Actor interventions

Each top-down experiment should be posed as a paired
intervention. For a given actor instance «, define a macro
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intervention Ip; by changing an actor rule or interface.
Examples include changing a rebalancer execution sched-
ule, changing a circuit-breaker threshold, or changing the
persistence of an institutional execution programme.

For every macro intervention there must be a corre-
sponding micro translation I,. The micro translation is
not assumed to be correct. It is a conservative attempt
to reproduce the same aggregate input by changing lower-
level parameters directly. For example, a rebalancer flow
can be translated into a sequence of market orders dis-
tributed across ordinary agents; a persistent institutional



Table B.3: Suggested actor classes and their constraint interfaces. These are higher-level actor instances in C, not ordinary lower-level agents

in D.

Actor

Candidate
class

causation Interface n

Target subsystem By

Example macro inter-
vention and micro trans-
lation

Index rebalancer

Regulator / circuit
breaker

Institutional-flow ac-
tor

Learning-governance
actor

Liquidity-regime ac-
tor

Fixed-goal control or al-
gorithmic structuring

Algorithmic structuring
or fixed-goal control

Fixed-goal control with
possible adaptive feed-
back

Adaptive feedback or

adaptive-goal selection

Adaptive
contextual constraint

Scheduled

capital

target weights, participation
rule, trade list

Price-move threshold,
back window, pause duration,
reopening rule

Parent-order schedule, partic-
ipation cap, urgency rule, in-
formation leakage rule

Reward shaping, risk limit,
constraint,

execution rule,

struments

look-

Order-flow process, exe-
cution agents, affected in-

Matching engine,
acceptance process, can-
cellation process

Change pro-rata execu-
tion to time-weighted
execution; translate by
injecting an aggregate-

equivalent  order  se-
quence across lower-level
agents

order Change threshold or

pause duration; trans-
late by throttling order
arrivals or cancellations

without invoking the
regulator rule
Order submission pro- Change persistence or
cess, liquidity-taking urgency of execution;
flow, liquidity-provision translate by changing
response order-arrival intensities

policy-

freeze rule, admissibility test nels

selection or Regime

volatility

state, activation threshold

classification

rule,
liquidity

Background
state,

Adaptive strategists and
their policy-update ker-

process  and
maker quoting kernels

or signed-volume profiles
Change reward or risk
constraint; translate
by changing lower-level
learner parameters while
holding the macro rule
absent

Change regime thresh-
old or activation win-
dow; translate by chang-
ing static liquidity pa-
rameters across agents

liquidity
market-

Table B.4: Aggregation and event-time logging requirements.

The aggregation map should be fixed before interventions are compared.

Object

Definition in the simulation

Logged at

Reason required

Price P

Liquidity L¢

Volatility V4

Flow F}

Micro clock ng
Macro clock ni

Learning clock np,

Midprice, transaction price, or de-
clared price statistic after match-
ing

Bid—ask spread, depth within g
ticks, queue imbalance, cancella-
tion rate

Realised volatility over a declared
rolling event window

Net signed volume, order-flow
imbalance, or participation-rate
measure

Count of order arrivals, cancella-
tions, executions or micro events
Count of actor evaluations, rebal-
ancing events or regulatory checks
Count of policy wupdates or
reward-update events

Micro ticks and macro epochs

Micro ticks and macro epochs

Macro epochs and reporting win-
dows

Micro ticks and macro epochs
Every event

Actor epochs

Learning updates

Primary price-impact and volatility
input

Tests whether actor constraints
change market resilience and local
admissible transitions

Captures regime dependence and
circuit-breaker triggers

Links actor schedules to lower-level
order-flow consequences

Defines lower-level transition order

Defines when constraints are evalu-
ated

Required when adaptive strategists
are active

flow can be translated into modified order-arrival inten-

sities; and a circuit-breaker effect can be translated into
lower-level throttling rules.
The paired protocol is then:

(i) run a baseline ensemble Ejy;

mation allowed by the experimental design;

(iv) run the micro-translation ensemble E,,;

(v) compare Eyr and E,, under matched seeds and matched

initial-condition distributions wherever possible.

The design should be biased against easy discovery of
top-down autonomy. The micro translation should be as
strong as possible without simply reintroducing the actor
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(if) run a macro actor-intervention ensemble Epy;

(ili) construct the micro translation I, using only infor-



rule under another name. Otherwise the experiment risks
finding autonomy only because the translation was weak.

Appendiz B.7. Primary intervention effect

The primary test is interventionist. For each observ-
able Y, such as price impact, volatility, spread, depth, re-
alised liquidity, drawdown, or order-flow imbalance, com-
pute

Ap(Y)=E[Y | Ep] - E[Y | Eo]

and
A,Y)=E[Y | E,] -E[Y | Eo].

The relevant object is not the existence of a macro effect
alone. The relevant object is the difference

Ap(Y) = ALY).

If this difference is stable across seeds, regimes, and micro
realisations, then the macro actor intervention is not be-
ing captured by the proposed micro translation. This is
the direct simulation analogue of the distinction between
aggregation equivalence and causal equivalence.

Uncertainty should be reported with bootstrap con-
fidence intervals or comparable resampling intervals, to-
gether with distributional two-sample diagnostics. The
experiment should report effect sizes, not only significance
labels.

Appendiz B.8. Abstraction error

The second diagnostic should test whether the cross-
level description approximately commutes. Causal ab-
straction work asks when causal models at different resolu-
tions preserve relevant intervention structure under an ab-
straction map [19, 4]. Here the same idea can be used op-
erationally, without adopting the whole structural-causal
formalism.

Let £(Yr) be the distribution of a macro observable
under the macro actor intervention and let £(Y},) be the
distribution under the micro translation after aggregation
through G. Define an abstraction error

<€aubs(Y) =d (ﬁ(YM)? [’(YH)) )

where d may be a total variation distance, Wasserstein
distance, energy distance, kernel two-sample statistic, or
another pre-declared distributional discrepancy.

The interpretation is simple. If the macro intervention
and the micro translation have matched aggregate inputs
but produce different outcome laws, then aggregation-first
and constraint-first descriptions are not equivalent for the
causal question. This is the non-commuting part of the
hierarchy made empirical.
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Appendiz B.9. Causal-emergence diagnostics

Hoel-style causal emergence provides a useful secondary
diagnostic.® Effective information asks whether interven-
tions at a given scale reduce uncertainty about future states,
and whether a macro description can carry more causal in-
formation than a micro description [13]. Recent surveys
of causal emergence also emphasise effective information
and related quantities as central measures for connecting
emergence and causality in complex systems [25].

In this simulation, effective information should not be
treated as the definition of hierarchical causality. The
primary object remains the actor-induced constraint on
admissible lower-level kernels. Effective information is in-
stead a diagnostic of whether the chosen macro description
is causally informative. A useful report is therefore

Ely — EI;L and Elnacro — Elnmicros

computed under clearly specified state partitions and in-
tervention distributions. These quantities should be re-
ported only with the discretisation, coarse-graining, and
intervention ensemble used to estimate them. Otherwise
the values are not comparable.

A strong result would combine three observations: the
macro actor intervention differs from the micro translation,
the abstraction error is non-negligible, and the macro de-
scription has higher effective information for the relevant
outcome. The last point strengthens the interpretation,
but it does not replace the paired intervention test.

Appendiz B.10. Directed information-flow

Directed information-flow measures, such as transfer
entropy, can be useful for timing and dependence diagnos-
tics. They can test whether actor signals, rule changes,
or macro event indicators carry predictive information for
later lower-level variables, and whether lower-level mar-
ket variables carry predictive information for later actor
states.

These measures should be treated cautiously. They
measure directed statistical dependence under a chosen
history, binning, and conditioning scheme. They do not
by themselves establish the constraint-based causal claim.
In the requirements specification their role is therefore di-
agnostic using Transfer Entropy (TE)*:

TE(A— M), TE(M — A),

3Here EI denotes effective information in the causal-emergence
sense of Hoel et al.: a scale-dependent diagnostic of how strongly
interventions at a chosen scale constrain possible past and future
states. It is used here only as a secondary diagnostic, not as the
definition of hierarchical causality itself [13].

4The phrase “directed information-flow” is used descriptively here.
Transfer entropy follows Schreiber time-series measure based on con-
ditional transition probabilities, while directed information in the
stricter information-theoretic sense is usually associated with Massey
formulation for causal/feedback channels. Both are diagnostics of di-
rectional dependence or information flow; neither replaces the paired
intervention test used here |21, 16].



where A denotes actor signals or actor states and M de-
notes selected micro or macro market variables. These
should be computed across the baseline, macro interven-
tion, and micro translation ensembles using the same esti-
mator and conditioning set.

Appendiz B.11. Robustness

Multiple realisability is central. The experiment should
not depend on one privileged micro implementation. For
each macro actor intervention, construct a family of micro
realisations

pER

that match the relevant aggregate profile but differ in agent
composition, liquidity provision, learning-agent mix, or
order-size distribution. Then report the stability of effects
across this family, for example

Var,er [Aum (Y p)]

and the corresponding distribution of abstraction errors.

The claim is strongest when the macro actor effect is
stable across many lower-level realisations, while the de-
tailed micro paths differ. That is the empirical analogue of
causal equivalence being stronger than aggregation equiv-
alence.

Appendiz B.12. Experimental design

A simulation study built from this appendix should
pre-specify:

the baseline ensemble and all random seed rules;
the actor interventions and their target subsystems;

the micro translations and the information used to
construct them;

the aggregation operator G and all macro observ-
ables;

the event clocks and synchronisation rules;
the learning-agent update rules, if learning is active;
the primary outcome variables;

the distributional distances and uncertainty proce-
dures;

the robustness regimes and micro-realisation fami-
lies;
all stopping rules and exclusion rules.

The required output is not a single simulated path.
It is an ensemble comparison with enough logging to re-

construct the lower-level kernels, actor states, aggregation
maps, and event-time alignment.
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Appendiz B.13. Interpretation rules

There are three broad outcomes.
If

Ay (Y) = ALY), cabs(Y) = 0,

and no macro-scale information advantage is found, then
the proposed actor intervention is practically reducible to
the micro translation for that design.

If

Au(Y) # AuY),

and the result is robust across micro realisations, then the
actor intervention has distinct constraint effects not cap-
tured by aggregation-equivalent micro perturbations. This
is the result most directly aligned with hierarchical causal-
ity as defined in this paper.

If the result depends strongly on liquidity regimes, learn-
ing activity, population composition, or event-time align-
ment, then the top-down effect is regime-dependent. This
is not a failure. It means that the actor constraint has a
domain of validity, and the task is to describe that domain
rather than erase it.

EabS(Y) > 0,

Appendiz B.14. Limitations

The main limitation is that the micro translation is
design-dependent. A weak translation can make the macro
actor look autonomous too easily. A translation that smug-
gles the actor rule back into the micro level can make the
comparison trivial. This is why the translation rule must
be documented and justified.

The second limitation is that information measures de-
pend on partitions, estimators, and intervention distribu-
tions. They should be reported as diagnostics, not as stan-
dalone proof.

The third limitation is external validity. A limit or-
der book simulator can test the internal coherence of the
hierarchical-causality claim, but it does not by itself prove
that the same actor constraints operate in empirical mar-
kets. The simulation is therefore a bridge from the primer
to an experimental programme, not the programme itself.
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