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Abstract

Traditional ideas about cognitive evolution often treat learning and instinct as zero-sum substitutes,
where increased plasticity necessarily displaces hard-wired routines. We challenge this "substitution-
only" view using economic concepts and by considering evolutionary implications of “behavioural
hypercycles”: i.e., teams of modular component behaviours coordinated toward a functional task.
This shows that, while intermediate brain sizes can indeed favour the substitution of instinct for
flexible learning, larger nervous systems trigger a sort of "Income Effect" which changes the optimal
allocation between how growing neural resources are dedicated between learning and instinct.
Rather than displacing one another, sophisticated learning and extensive instinctive repertoires can
evolve as adaptive complements under identifiable conditions. We further show that this trade-off is
likely level-specific: evolution preferentially canalizes reusable, high-burden primitives (i.e.,
genetically assimilating behavioural components that are especially costly or difficult to learn) while
leaving task-specific links plastic (e.g., subject to goal-directed control). Our analysis suggests that
hypercyclic organization is a fundamental principle of complex agency, where instinct provides the
reliable scaffold that makes sophisticated learning affordable. Our model is consistent with several
lines of evidence (behavioural, genetical, neurological), likely applies broadly to any animals capable
of complex behaviour, and points to a range of empirically testable predictions.

Keywords: instinct; ethology; adaptation; hypercycle; baldwin effect; instrumental learning;
pavlovian learning; behavioural sequences; exaptation; rotten kid theorem; habits; subsumption
architecture

1. Introduction

The smartest moves are not always made by the cleverest creatures. Aesop’s fable of the fox and
the hedgehog juxtaposes two modes of problem-solving: one imaginative and wide-ranging, the
other single-minded and instinctive. As Stephen Jay Gould (2003) put it, these represent alternative
tendencies to “diversify and colour” versus “intensify and cover.” In nature, such cognitive styles
may be seen as spanning a continuum between the flexible and reflective at one extreme and the fixed
and rigid on the other (Dennett, 1984). Both can produce strikingly sophisticated behaviour.
Caddisfly larvae, for instance, construct underwater shelters by binding grains of sand, plant
fragments, or shell pieces with silk that hardens on contact with water. These larvae sort and arrange
materials selectively according to size and weight, using inherited motor routines refined by
evolution rather than organized by imaginative planning. Interestingly, as Dawkins (1982) observed,
if we saw a more intelligent animal such as a dolphin or chimpanzee performing such underwater
engineering, we would marvel at its ingenuity. Yet the caddisfly achieves all this and more with a
nervous system whose total weight is a fraction of a milligram. Something similar can be said for orb-
weaving spiders, which execute hundreds of geometrically precise movements to spin complex webs,
or for mason bees, potter wasps, and termites whose nests similarly embody intricate architectural
acumen without insight (Gould & Gould, 2007). These examples show that behavioural complexity
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need not imply intelligence: remarkable organization can emerge from instinctive programs evolved
(somehow) by blind selection acting on genetic variation.

Dawkins went onto suppose that this means we should perhaps be more impressed by the
caddisfly than by any dolphin making such moves, because the caddisfly’s performance must be
explained by evolution alone. An implication is that there is a greater burden on adaptationist
reasoning to explain such instinctive feats than the behaviour of a generally intelligent organism. For
the dolphin, nearly any specific act of problem-solving may be explicable under its general cognitive
capacities. Once the deferred question as to how the dolphin evolved to be so clever in the first place
is answered, that explanation can subsume any specific expressions of this cleverness. But for the
caddisfly, no such shortcut exists. The aims of this paper are to consider how complex and adaptive
behaviours may have evolved in animals like the caddisfly and what this mechanism suggests about
the relationship between instinct, learning, and intelligence across taxa more generally.

1.1. The Baldwin Effect

An idea relevant to how learning can influence the evolution of instinct is the Baldwin effect. To
illustrate, imagine some environmental challenge, such as the presence of a nutritious nut or shellfish
being abundant but difficult for other animals to handle effectively for consumption (i.e., crack open
its hard external shell to expose the edible insides). Some individuals in this environment may learn
a “Good Trick”: a behaviour such as by dropping the shell from a great height or placing it on a flat
rock and hammering it with a sharp stone (Dennett, 1995). Suppose that consuming the nuts yields a
high fitness benefit to any animal learning the behaviour, and that the habitat is sufficiently stable so
that it continues to feature as an important food source over many generations. If there is genetic
variation in acquiring this technique, selection may then favour genetic variants biasing individuals
towards learning it more rapidly, such as by selection favouring alleles that happen to code the brains
of individuals in ways that (somehow) make them more likely to pick up and move the nut, more
likely to play with stones, etc., thus making rediscovery of the Good Trick that bit more probable over
successive generations. By favouring such variants as they arise, selection can progressively reduce
the environmental input required to acquire the behaviour (genetic assimilation), eventually
rendering it instinctive.

An interesting implication of this is that traits may evolve more rapidly than would otherwise
occur without learning (Dennett, 1995; Maynard Smith, 1987). This is because the probability of an
individual initially being born with precisely the necessary genetic configuration to innately know
the Good Trick is vastly different from the likelihood that there may be additive genetic variation
influencing how readily the behaviour is learned. Yet the former is what would be required if the
capacity for learning did not exist. In the selective landscape metaphor, a genotype completely
encoding the Good Trick is like an isolated telegraph pole that selection cannot climb, whereas
learning can enable adaptation by exposing to selection infinitesimal approximations of that “ideal”
genotype, enabling the adaptation to evolve it more like climbing a gentle hill towards its summit
(Dennett, 1995) with modelling confirming that even basic reinforcement learning can greatly
accelerate subsequent adaptation (Hinton & Nowlan, 1987).

There is of course an alternative path selection might take to genetic assimilation. It may simply
favour enhancing learning capacity itself. That is, rather than encode this specific Good Trick
(intensify and cover), the species may evolve a progressively greater capacity for generally learning
Good Tricks (diversify and colour). As thus told, it is tempting to suppose that this presents a sort of
fork in the road, where some lineages evolve down a path towards robotic repertoires while others
towards flexible and greater learning capabilities. Which path is taken has been suggested to hinge
on the degree to which characteristics of the environmental challenge remain consistent across
generations, with highly stable environments favouring genetic assimilation and fluctuations across
generations and throughout a species range promoting plasticity (Stephens, 1991). We demonstrate
below that these paths are not as mutually exclusive as they might appear but may in fact become
intertwined and converge in high-capacity systems.
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1.2. The Structure of Behaviour

To understand this, we must examine the structure of the behaviours in question. Many complex
instincts and learned behaviours share key structural properties. Namely, instincts are often
characterized by the following common motif: a sequence of functionally linked behaviours that
unfold in a fixed order once triggered by the detection of a specific stimulus (Thorpe, 1956). A wasp
preparing a nest may perform an invariant pattern of digging, provisioning, and sealing. A spider
laying out its web follows a highly stereotyped trajectory, modulated only by spatial cues. A greylag
goose that begins to retrieve a displaced egg continues the motion to completion even if the egg is
removed mid-sequence. Each case shows an apparently hard-wired algorithm for solving a recurring
ecological problem. The interesting thing about this structure is that it mirrors patterns long familiar
to animal trainers and psychologists, where sequences of several distinct actions can be “chained”
together through conditioned reinforcement. Consequences of the completion of each learned
response or behavioural step becomes the discriminative cue for the next in the series, with the initial
link in the chain being prompted by an environmental stimulus and the terminal behaviour typically
being followed by a food reward or some other external source of reinforcement (Skinner, 1938).
Textbook examples of chains can include a pigeon pecking, turning, and pulling a string to receive
grain, or a rat pressing a lever and then climbing a ladder to reach food, or pulling a chain to then
access a lever which can then be pressed to earn a reward.

Denoting each distinct behavioural component in such a sequence as R;, we can compare
instinct to a sequential behaviour chain that can be entirely learned, that is, conditioned by “chaining”
procedures (Hull, 1942).

Sign Stimulus —» R; = R, = R; = Ry = R; » Consummatory Act/Stimulus

S5 R >S5 ->R, >S5 ->R;>5,>R; >S5~ R; > 05

Where S; represents a stimulus that R;,; is conditioned to be triggered by, which itself is either
contingent on execution of R;_; (except S; which is usually controlled by the environment?), and
05 represents the reinforcement delivered upon completion of the chain (usually food). The most
commonly used method of chaining is “backward chaining”. This means initially training the animal
to perform, say S5 = R; = O5 only (e.g., Jerome et al., 2007). When this is fully learned, descriptively
what also occurs is that S5 becomes a conditioned or learned source of reinforcement by association
with 0s. This means perception of S; itself becomes capable of reinforcing other associations, at
which point the animal is then trained S; - R, = S5 = Rs; = 05, which is then repeated (and so on,
and so forth).

The resemblance raises the question as to whether the two forms share a common underlying
logic or evolutionary pathway via the Baldwin effect. If a species has already evolved various,
individually simple behaviours, complex adaptive behaviour can conceivably arise from the linking
of simpler units into ordered sequences if the combination is successful in unlocking greater or new
sources of reinforcement. As with learned chains guided by experimenters in the lab, reinforcement
could link behaviours together in nature to form functional sequences. Assuming that reinforcement
is sufficiently aligned with positive effects on Darwinian fitness, then, when learning repeatedly
produces such a behaviour combination, genetic variants supporting its efficient execution may be
favoured, gradually embedding once-plastic routines into inherited architecture. In other words, we
may consider if complex instincts, such as any conforming to the “fixed action” motif mentioned
above, have evolved via the Baldwin effect. Crucially, this could occur in species that need not be
capable of generating similar behaviours based on insight or goal-directed processes. To evolve an
instinct via chaining and genetic assimilation requires that the ancestors (1) had basic associative

1 However, note that some sorts of stimuli important for this sort of learning might even be internal feedback signals
produced by the very performance of that behaviour--the sort of “fractional anticipatory goal-responses” of Hullian
terminology (Amsel, 1994). For instance, even perception of one’s skeletal responses can feedback as stimuli into

conditioned associations (McNaughton, 1989).
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conditioning capacities (e.g., stimulus-response learning); (2) were already capable of individually
much simpler behaviours; and (3) would at least occasionally execute such behaviours in novel or
challenging situations where serendipitous success would unlock strong sources of reinforcement
(these sources presumed here to correspond with positive outcomes on Darwinian fitness).

1.3. Aims and Premises

This sort of “complementarity” between simpler behavioural components has been described as
a “behavioural hypercycle”. The term “hypercycle” was originally introduced by Eigen and Schuster
(1977, 1979) to describe self-reinforcing catalytic networks among molecular replicators. Roy (2017),
extended this logic to behavioural and cultural evolution, arguing that behaviours can similarly form
and stabilize as autocatalytic systems. This idea can be illustrated by rewriting the above expressions
of behaviour to compare with the classic enzymatic hypercycle as in Figure 12. This conceptually
shows how learned behavioural chains can, through iterative feedback between performance,
learning, and selection, evolve into instinctive sequences. If

(1) behaviours, whether separately evolved or acquired, can be combined by learning into higher
order combinations to unlock new benefits, and

(2) the challenge is recurring, then evolution may lead to the genetic assimilation of the
combination,

then such arrangements mean that the total amount of information embodied by the hypercycle
and replicated across generations may thereby exceed limits on how complicated a behaviour can
otherwise evolve (for further description of this “error catastrophe” problem in the case of behaviour
see Appendix A).

(a) Enzymatic

NN N Y

S i=2E,-PNS;,»E,->PNS32FE;-P,NS, - E,—»P, NS5 = Exs— Ps

T TN N N N

SR, -0,NS;,->R,-0,NS3-R; -0;NS5, - R, =-0,NS5 = Rz = O

Figure 1. Diagrammatic representation of hypercycles. (a) shows a simple hypercycle for five autocatalytic
enzyme reactions. The products of each reaction include consequences that increase their own replication.
Products also include consequences that enhance the replication of another autocatalytic reaction in the chain
(represented by dashed causal arrows). The loop is closed because the products of the fifth reaction feedback
to enhance the replication of the first. (b) shows a behavioural hypercycle consisting of five stimulus-responses.
The products of the fifth behaviour include primary reinforcement that acts to make products of the fourth

reaction become secondary reinforcers. Secondary reinforcement thus cascades backwards through the chain,

2 We have used the N symbol here because it captures the requirement that some aspects of the effects
caused by each behaviour in the chain must overlap with the perceptual stimuli necessary to stimulate the

next.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.0359.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 April 2026 d0i:10.20944/preprints202604.0359.v1

5 of 33

eventually promoting the replication of the first stimulus-response. This iterative reinforcement thus closes the
loop (Modified from Figure 3 in Roy, 2017).

What makes this hypercyclic organisation special? By definition, each component in a successful
and stable hypercycle must be a specialist. For reasons eminently explored by economic theory,
greater efficiencies may be discovered through dividing up a task into specialists (E.g., Roy 1951).
This means that teaming up in this way is at least theoretically likelier to produce more reward
(higher fitness payoffs) that the sum of its parts otherwise deployed. This principle of specialization
and division of labour naturally leads to each component further adjusting, whether by practice
effects, coevolving, or both, to achieve still higher efficiencies. The same process would be further
augmented by duplication and subsequent further specialization of behavioural components
(although potentially counteracted by “hold up” or “coordination costs”).

When put in these terms, instinct and learning can be expected to have complementary
(mutually reinforcing) roles in the evolution of one another, with learning ability facilitating the
evolution of more instincts by discovery and subsequent genetic assimilation, which in turn may
maintain selection for learning ability. This departs from the traditional view of alternative paths,
such as evolving to become better at learning instead of relying on instinct, which treat learning and
instinct as “substitutes”. This means that it is by no means clear that an advanced capacity for flexible
behaviour and learning should be negatively correlated with the number of instincts in an animal’s
repertoire and raises the question of whether they might even positively covary in important ways.
To help clarify the conditions under which instincts emerge and derive implications for
understanding learning and behaviour, the model developed in the next section translates this
qualitative idea into a set of dynamical relationships between behavioural performance and
evolutionary change.

2. The Model

We develop a minimal population-genetic model of a multi-step behavioural hypercycle to show
how the Baldwin effect can drive genetic assimilation. We consider behaviour as composed of
discrete elements or acts that can be linked into chains. Within an individual’s lifetime, reinforcement
strengthens associations between acts that lead to reward, thereby increasing the likelihood that
successful sequences will be repeated. Across generations, individuals differ genetically in their
predispositions to perform or to learn particular elements of these sequences. When learning yields
fitness-enhancing outcomes, selection favours alleles that increase the probability or ease of
producing those successful sequences, effectively “hardwiring” portions of what was once learned.

The model thus tracks three coupled processes: (1) behavioural performance, determining the
immediate success of sequences; (2) associative learning, which modifies the transition probabilities
between behavioural elements; and (3) selection, which alters the population distribution of
genotypes that bias learning or performance. Together, these processes form a feedback system akin
to the behavioural hypercycle depicted in Figure 1, in which learning catalyses the evolution of
instincts and inherited predispositions, in turn, guide the formation of new learned behaviours, as
illustrated in Figure 2a.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.0359.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 April 2026 d0i:10.20944/preprints202604.0359.v1

6 of 33

(a) (b)
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Selection (s)

Selection for Learning Ability (-)
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Innate steps (m)

Figure 2. Feedback between learning and genetic assimilation in a behavioural hypercycle. (a) Conceptual
flow diagram of the Baldwin-effect dynamics. Learning ability (q) and innate encoding (m) increase the
probability of completing the behavioural sequence and thus fitness (black arrows denote within-lifetime
effects). Fitness feeds back through natural selection to alter both traits across generations (grey arrows). Because
additional innate steps reduce the marginal value of learning, selection on q declines as m increases, creating
negative evolutionary feedback between learning and instinct. (b) Selection coefficient s for an allele that adds
one additional innate step as a function of the number of already innate steps (m). The horizontal line marks
s =0. Regions above the line favor assimilation, whereas regions below favor learning. Curves illustrate
different learning abilities (q); their intersections with s =0 (labelled m") indicate candidate evolutionary

equilibria.

To keep the model simple, think of the hypercycle as a task made up of an ordered sequence of
N steps. Completing all steps successfully yields a fitness bonus B — such as better access to food
or mates. For clarity, baseline fitness is normalized to 1 and left implicit, meaning that all fitness
expressions are measured relative to this baseline. Each step can be either innately encoded or learned
during life. We assume one genetic locus per step, with two possible alleles: (1) an innate allele, which
hardwires the step, and (2), a non-innate allele, which leaves the step to be learned during an
individual’s lifetime. For tractability, we assume that the probability of learning each step is
independent of the others. This is a conservative assumption, since we suspect that relaxing it would
strengthen the complementarity between steps in the hypercycle and hence increase assimilation
pressure.

In this and subsequent sections, we let q represent learning ability, which we model as the
probability of successfully learning any given non-innate component of the hypercycle. We assume
q(a polygenic or developmental trait) adapts quasi-continuously between rare fixation events of
innate steps. All learned steps share this learning probability. Relying on learning comes with two
kinds of expenses. There is the per-step learning cost £(g), which is independent of outcome and
rises with g, reflecting energy, risks, time and other resources spent on each learning attempt. The
other type of cost comes from physiological maintenance M(q), such as building brain tissue, which
grows convexly with increases in g, representing the expense of maintaining neural or cognitive
machinery to support learning?.

3 For tractability we assume that learning and encoding costs are additive across steps and that learning
success probabilities are independent. This deliberately removes interference among components. Such effects

would primarily rescale marginal costs or benefits and therefore shift quantitative thresholds without altering
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Obviously, if m of the total N steps are innate, all the remaining (N — m) steps must be learned

to complete the chain. Thus, the total learning cost is
learning cost = £(q)(N —m) + M(q).

To the extent that behavioural steps do not require learning, they avoid this cost. But we will
assume even fully innate steps also incur costs of their own, such as a genetic/developmental cost g
per innate allele, such that the total cost of an instinctive behaviour is

Instinct cost = gm.

An individual succeeds only if every step is either innately encoded or successfully learned.

With m innate steps, the probability of producing the complete hypercycle is
P(complete) = gN ™™

The expected fitness of an individual with learning ability ¢ and m innate steps is the baseline
fitness for any ordinary individual in the population plus the benefit of successfully “cracking the
nut” (i.e., executing the full chain or Good Trick correctly) minus the three types of costs of knowing
the Good Trick (learning, neural, and genetic costs), is measured as

W(gm)=1+Bq"™—t(q)(N—m)—M(q) — gm.
To see how selection acts on learning ability, we take the partial derivative of fitness with respect

to g while holding m constant:

aW ’ ’
2q =~ BV =m) "= (N —m)E(q) — M (q).

This captures the balance between the marginal benefit and marginal costs of improved learning
ability on fitness. The benefit term is the marginal improvement in the probability of succeeding in
producing the hypercycle, scaled by B(N —m)qN-™"1
learning (N —m) €(¢q) and physiological costs M'(q).

What level of learning ability should then be adaptive? We treat learning ability as adjusting to

. Costs marginally increase in per-step

its local fitness optimum between rare assimilation events (a standard separation-of-timescales
assumption). A singular point q* then satisfies
BN —m) g™ = (N =m) £(q") + M (q").

As m increases (more steps become innate), both N —m and q"~™1 shrink. Hence optimal
learning ability q* declines as more steps become innate. Intuitively, there is less for learning to do
once many steps become genetically specified.

Now consider genetic assimilation. Suppose the resident population has m innate steps and
learning ability q. A rare mutant arises that makes one additional step innate, raising the number of
innate steps to m + 1. Learning ability is assumed not to change initially. The resident fitness is

Wes =1+ Bq"™ - Uq)(N —m) — M(q) — gm,

while the mutant fitness is:

Wit = 1+ B gV~ —4(q)(N = (m + 1)) = M(q) — g(m + 1).

The selection coefficient is the difference:

5 = Winut — Wees
s=B(q"" "D —g"m) + t(q) - g
Factor the difference:
qN—(m+1) _ qN—m — qN—m—1(1 _ q)
Thus, the selection coefficient simplifies to
s=Bq" 11 -q)+t(q) - g

This result isolates three forces: (1) the reliability gain (the benefit from the least reliably learned
steps becoming innate); (2) the saved learning cost; and (3) genetic cost. As illustrated in Figure 2b, a
new innate allele spreads when

Bq" ™ 1(1—q)+t(q) > g.

the qualitative regimes identified below. If anything, realistic interference in learning would further favour

genetic assimilation, making our results conservative.
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The first term is the marginal benefit of improving the success probability (B ¢ ¥V"™"1(1 — q)).
This is larger when g is low (learning is difficult), and when many steps are already innate (so the

residual learned chain is shorter and g V=1

is larger). The remaining terms are marginal increases
in per-step and maintenance costs: £(q) represents per-step learning cost saved and g is the genetic
cost of encoding a step innately that the marginal benefits from genetically assimilating the step must
overcome. As m increases, the exponent N —m — 1 decreases: the marginal probability gain rises

(because gV ™!

increases as the residual chain shortens). Because optimal learning ability gq* also
falls with rising m, learning becomes less effective. This can boost the gain from assimilation.

Because both the marginal value of learning and the payoff to assimilation depend on how many
steps are already innate, feedback may generate non-linear dynamics and multiple locally stable
equilibria: that is, these interacting forces create threshold effects. Depending on costs and benefits,
the system can settle in one of three plausible regimes. One is a learner-dominated equilibrium,
characterised by high learning ability q* and where few, if any steps become innate. This occurs
when learning is cheap and innate encoding is costly. Another is an assimilation-dominated
equilibrium, with low learning ability maintained while many (or all) steps become instinctive. This
occurs when learning is expensive, slow, or physiologically burdensome. Finally, there is an
intermediate equilibrium, with partial assimilation and moderate learning ability. This occurs when
neither purely learned nor purely innate strategies are globally optimal.

Because the marginal payoff to adding an innate step depends nonlinearly on how many steps
are already innate, and on how this feeds back into optimal learning ability, the evolutionary
trajectory is typically path dependent. Early fixation (or loss) of one or two steps can steer the system
toward vastly different equilibria: once a species starts down the path of "intensifying and covering"
(instinct), for instance, the marginal value of "diversifying and colouring" (learning) drops so sharply
that they may be unlikely to pivot back.

For concreteness and to make these Evolutionarily Stable scenarios explicit, we adopt the simple

cost functions £(q) = aq and M(q) = bq® (with a,b > 0). The stationarity condition Z—V: =0 then

reduces to
B(N —m)q"-""1 = (N —m)a + 2bq,
which, after multiplication by q is
B(N —m)g"~™ — (N — m)aq — 2bq? = 0.

This is a polynomial, and gq* is the rootin [0, 1]. Closed-form solutions exist for small cases (e.g.,
N—-m=1 gives q" = %; if N—m=2 gives q" = ﬁ, subject to feasibility), while higher-order
cases require numerical solutions. This explicit form makes transparent how neural investment costs
(a,b), task reward B, and remaining learned steps N —m determine the ESS learning ability and
thus the balance between learning and genetic assimilation. For small residual chain-lengths k = N —

*

m this gives a clear intuition: when only one step remains, q* increases linearly with B and is

bounded by cost parameter. When two steps remain, a simple rational expression arises. For larger

k, the marginal benefit term Bkq*~!

is highly nonlinear, making the ESS sensitive to k (i.e., how
many steps remain requiring learning). This captures the basic insight that, as more steps become
innate, selection for learning ability shifts in important ways. This helps us handle how to expect
evolution to proceed once creatures discover new behavioural hypercycles. Parameters a, b, N,m
shape q* and so may be useful for predicting when the Good Trick should become instinctive and
when learning capacity should remain more crucial.

This model shows how learning ability and instinct interact in a feedback loop shaped by costs,
benefits, and task complexity. When learning is cheap and effective, evolution favours flexible
learners; when learning is costly or unreliable, genetic assimilation dominates. Intermediate cases
produce mixed strategies. Crucially, the trajectory is path-dependent: early changes in the balance
between innate and learned steps can lock populations into very different evolutionary outcomes. By
formalizing these dynamics, we gain a clearer picture of when behavioural hypercycles remain plastic
and when they crystallize into instinct.
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2.1. Heterogeneous Steps and Greedy Assimilation

We now extend the model by introducing heterogeneity among steps and exploring how these
shape the evolutionary dynamics of their ordering. In Eigen’s original hypercycle concept, each
quasi-species produces a unique product that catalyses the replication of the next quasi-species in a
strict sequence. If all quasi-species were identical and interchangeable, the system would collapse
into a single autocatalytic entity, losing the mutually reinforcing complementarity that makes
hypercycles stable. The advantage of a hypercycle lies in each component playing a distinct,
indispensable role in a precise order.

Behavioural hypercycles work similarly: they require a sequence of heterogeneous steps
completed to earn a fitness benefit. The current set of innate steps m has size | m |, with the
remaining steps learned anew each lifetime. For each step i, learning success probability when non-
innate is q; (equal or variable across steps). The learning cost saved when a step is innate is c;, which
may depend on investment in the coevolutionary model but here is treated as given*. The genetic cost
of an innate allele at step iis g;.

If the set of innate steps is m, the probability of completing the entire chain is

pew = [a
i¢gm
then the expected fitness is

W(m)=1+B-P(m)—Zci—Zgi.

i¢m iem
Consider now a rare mutant that makes an additional step k & m innate (changing the set

to m = m U {k}), the change in expected fitness is
1
k
The first term is the marginal increase in completion probability, multiplied by the fitness

benefit B. This depends on the product of non-innate learning probabilities for all remaining non-
innate steps except step k. This term is larger when gy, is small (the step k is harder to learn). The
second term is simply the saved learning cost. The third is the genetic cost that the mutant must
overcome to spread.

Let us now compare two steps that are candidates for genetic assimilation, j,k & m. Step j is

favored to be assimilated before step k if
AW; > AW,

1 1 —g) —(¢—g;
(__ 1) _ (__ 1) S (ck — gi) (C; 91)
q; A B-P(m)

This condition explicitly shows that assimilation order depends on learning difficulty (left side)

which rearranges to

and differences in net cost (right side), scaled by the current state given by P(m) and B. That is, steps
that are harder to learn and have higher learning costs offer higher marginal gains when made innate
and so become assimilated earlier. High genetic costs oppose assimilation, delaying or preventing
fixation of the mutant. But as more steps become innate, these change the landscape for the remaining
steps, making the relative importance of cost differences become less important. The process of
evolving instincts may then snowball. Because each fixation increases P(m), the marginal term for
the remaining steps rises, potentially converting previously neutral steps into favourable ones.

4 For simplicity we treat learning difficulty (qy) and genetic encoding costs (g)) as independent across steps.
Correlation between these quantities would primarily rescale marginal gains AW, and thus alter the ordering or
speed of assimilation rather than the qualitative dynamics. Positive correlation would dampen assimilation by
offsetting the benefits of hard-to-learn steps with higher encoding costs, whereas negative correlation would

accelerate the snowballing pattern. The greedy, path-dependent structure of the process remains unchanged.
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If assimilation proceeds iteratively along these lines, it may be well approximated by a greedy
algorithm5:
1. Start with no innate steps (m = @)
Compute AW, for eachstep k & m
If all AW, < 0, stop (no further assimilation is favoured)
Otherwise, fix the next step with the greatest positive AW, (assimilate it), updating m

SRR

Repeat step 2 until no steps remain beneficial or all are innate

This process, as depicted in Figure 3, likely accelerates assimilation because each fixation
raises P(m), increasing the marginal term for remaining steps. The greedy approach, which picks the
step with the largest immediate advantage, is biologically plausible and computationally efficient
compared to evaluating all subsets, though global optimality is not guaranteed in cases with strong
non-linearities or complementarity effects among steps. We note that the greediness is appropriate
here given that Natural Selection is inherently “myopic” in that it climbs the steepest local gradient.
By treating assimilation as a “greedy” algorithm, we model evolution as a process that prioritizes
fixing the most expensive chokepoints in the hypercycle first.

(a) Initial Candidates (b) After Fixation of Step 4

'y I

AW,
B

threshold

Step (k) Step (k)

Figure 3. Greedy assimilation of heterogeneous behavioural steps. Each bar shows the marginal fitness gain

AW, from genetically assimilating a currently learned step k, computed from

AW, = BP(m) (qi - 1) + ¢, — gi. Bars above the horizontal dashed line (AW}, = 0) represent steps for which
k

innate encoding is selectively favoured. At any moment, selection fixes the step with the largest positive
marginal gain (highlighted), approximating a greedy algorithm. Panel A: initial set of candidates with
heterogeneous learning difficulties and costs; the hardest and most costly step yields the greatest benefit and is
assimilated first. Panel B: after fixation of that step, the baseline completion probability P(m) rises, increasing
the marginal benefit of assimilating each remaining step and shifting all bars upward. Previously neutral or
weakly deleterious steps may therefore become favourable, illustrating how assimilation can accelerate and
produce path-dependent “snowball” dynamics. This visualization emphasizes that heterogeneous steps

compete by marginal value rather than evolving simultaneously.

5 Greedy fixation need not be globally optimal when there are strong superadditive complementarities among
particular pairs of steps; however, natural selection’s local, gradient-climbing nature makes the greedy

approximation biologically apt in many contexts.
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If learning ability q itself evolves, the invasion conditions become dynamic. Higher population-
level learning ability raises the baseline P(m) and diminishes marginal gains from fixing more steps
and so slowing assimilation. Conversely, early fixation of challenging steps can reduce selection to
maintain high learning ability, creating positive feedback that accelerates further assimilation. The
interplay between heterogeneous learning probabilities, per-step learning costs, and genetic costs can
produce complex, path-dependent evolutionary trajectories®.

Heterogeneity among steps introduces a rich structure to assimilation dynamics. Steps that are
hardest to learn and most costly to acquire tend to be assimilated first, but genetic costs and evolving
learning ability can reverse or delay this pattern. Because each assimilation changes the payoff
landscape, the sequence of fixation is path-dependent, perhaps producing snowball or cascading
effects. This framework explains why behavioural hypercycles rarely evolve in a uniform or
predictable order. It may also help explain why early events can lock populations into distinct
evolutionary paths.

2.2. Learning and Instincts as Substitutes and Complements

In previous sections, we showed how a Good Trick implemented as a behavioural hypercycle
can evolve either to remain learned or to become innate. We also saw that the capacity for learning
(summarized by a per-step success probability g) coevolves with the degree of genetic assimilation.
Here we examine a deeper question: Does evolving a larger brain that learns more effectively
necessarily reduce the evolution of instinct? Or can improved learning capacity facilitate more
instinctive modules?

We define the following variables: K as total behavioural “brain capital,” reflecting the overall
size or capacity of the nervous system, q(K) per-module learning success probability, increasing
with K with diminishing returns, §(K): innate economies-of-scale bonus, capturing integrative
efficiencies from encoding multiple innate modules; non-decreasing in K, §(K) as the genetic or
developmental cost of innately encoding a module, typically decreasing with K, y as the residual
cost or inefficiency associated with learned modules, and, finally, M(K) as total number of
behavioural modules available, increasing linearly with K for simplicity. We model each
behavioural module as either innate or learned (for simplicity, we normalize the base learned payoff
to 1.). The net payoffs per module are:

m(K) = By + B(K) — 6(K) (innate)
m,(K) = q(K)(1 - y) (learned)

A module is genetically encoded when m;(K) > m; (K). Thus, the total number of innate modules

is
M (K) = M(K) * Lz, (0)>m, (50}

This structure highlights two opposing forces. One is a “substitution effect”: As learning
becomes more reliable with increasing K, q(K)rises, increasing m and reducing the evolutionary
advantage of innate encoding. The other is an “income (capacity) effect”: Larger brains host more
modules, gain greater innate integration bonuses B(K), and face reduced innate costs J(K), making
innate encoding more advantageous. We can define the payoff gap as

A(K) = m;(K) — . (K).

% Note that this formulation treats learning probabilities g; as fixed. A realistic extension would incorporate that genetic
assimilation of some steps frees cognitive capacity (attention, memory, practice time), potentially increasing ¢q; for
remaining learned steps — a form of learning-instinct complementarity via automaticity. This positive feedback would
accelerate subsequent assimilations and potentially alter optimal ordering, making hard-to-learn steps even more urgent

early targets.
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Instincts reappear at high brain capital if and only if A(K) crosses zero twice, producing a U-
shaped relationship between brain capital and reliance on innate behavioural modules. This happens
when the derivative of the payoff gap changes in sign:

LA = ()~ my (0] = B (K) — 8 (K) — g (K)(1 — 7).

As depicted in Figure 4a, if A(K) is non-monotonic (positive at small K, negative at intermediate
K, and positive again at large K) then instincts re-emerge in large-brained organisms. Initially,
learning improves rapidly (¢'(K) is large), making learned strategies dominant. Later, as learning
gains plateau, innate advantages grow faster from economies of scale and reduced genetic costs. That
is, this pattern requires that ¢'(K)(1 —y) initially exceeds B'(K) — &§'(K), but that this inequality
reverses at higher K (i.e., learning efficacy initially improves faster than innate economies of scale,
but that innate advantages eventually dominate as brain size increases).

(a) Instinct Advantage (b) Behavioural Mix
4 Instinct Learning Instinct T . .
Dominated ; Dominated i Dominated lnSt'r.‘Ct i Learning i Mixed
i H Dominated Dominated

w
o

X £

< ()
o
0]
—
o

Small Intermediate Larger Small Intermediate Large -
Brain Size (K) Brain Size (K)

Figure 4. Brain size, instinct advantage, and behavioural repertoire.

(a) Shows the payoff gap A(K), representing the “instinct advantage” of genetically encoding a behavioural
module relative to learning it. Horizontal dashed line marks A(K)=0, where innate and learned strategies are
equally favoured. Regions of small, intermediate, and large brain size are indicated by vertical dotted lines.
Positive A(K) indicates modules for which innate encoding is selectively favoured, while negative A(K) indicates
modules dominated by learning. The U-shaped curve illustrates that instincts may dominate in small brains,
give way to learning in intermediate brains, and re-emerge in large brains due to economies of scale and reduced
genetic costs and as the payoff gap rises. (b) Realized behavioural repertoire across brain sizes. Black curve
shows the number of innate modules, grey curve the number of learned modules. Vertical dotted lines mark the
same small, intermediate, and large brain regions as in Panel A. In small brains, innate modules dominate; in
intermediate brains, learning dominates; in large brains, both innate and learned modules coexist, reflecting the

complementary effects of increased brain capacity and selective advantage of certain innate modules.

In other words, the key analytical condition is that the relative rates of change of the innate
payoff components and learning efficacy determine the three regimes. Intermediate brains (where
learning dominates) occur when the rate of increase of learning effectiveness q(K) initially exceeds
the rates of increase in innate economies of scale §(K) and decrease in innate costs §(K). Large
brains (where instincts re-emerge) arise when, at higher brain capital, the rates of increase in innate
benefits §(K) and reductions in genetic cost 6(K) surpass the rate of increase in learning efficacy.
This could happen when learning efficacy q(K) exhibits diminishing returns with increasing K,
while innate advantages S(K) and §(K) continue to scale or improve. Thus, the balance of these
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opposing rate-of-change trajectories governs evolutionary outcomes, perhaps producing the form of
behavioural complexity observed across species.

In sum, learning and instinct are not simple substitutes and can function as complements over
evolutionary time. As brain size grows, learning may initially displace instincts, but beyond a
threshold, innate encoding becomes advantageous again due to economies of scale and reduced costs.
This motivates the empirical prediction that large-brained organisms should exhibit both expanded
learning capacity and expanded instinctive repertoires. How learning and instincts may be combined
by such organisms is considered in the next section, which explores how changes in brain capital alter
the distribution of assimilation across levels.

2.3. Compositional Structure and Differential Genetic Assimilation

The previous sections treated behaviour as a linear sequence of steps that could be acquired
either through learning or genetic assimilation. In nature, however, complex behaviour is rarely a
single indivisible sequence. Instead, adaptive solutions are built from reusable behavioural elements
(motor acts, perceptual routines, or response patterns/schemas) that are combined into structured
configurations such as chains, hierarchies, or parallel modules. Different tasks often draw on
overlapping subsets of these elements, recombining them in task-specific ways. This compositional
structure allows selection and learning to operate at multiple representational levels, rather than
acting uniformly on behaviour as an indivisible whole. It also mirrors treatments of language
evolution (e.g., Pinker & Jackendoff, 2005) where phonological primitives and syntactic structure are
subject to distinct learning and genetic constraints.

A useful analogy comes from associative learning. An instrumental behavioural chain can be
decomposed into (i) the elements themselves — the specific responses or skills — and (ii) the links
that connect them, specifying when and how one element follows another. Learning can improve
both levels: animals may refine the execution of individual responses, and they may also learn how
to sequence, coordinate, or conditionally deploy those responses in novel contexts. Genetic
assimilation, likewise, need not act on the entire behavioural chain at once. Instead, it can selectively
encode either particular elements, particular linkages, or both.

Let behaviour comprise L representational levels indexed by £=1,2,..,L. Level £=1
corresponds to “primitives”, level £ =2 to links, and higher levels to nested plans or hierarchical
structure. Each level contains n, components, of which k; are genetically encoded and n; — k; are
learned. Learning at each level is characterized by a probability of successful acquisition g, € [0,1],
and a per-component learning cost ¢; > 0. Components are assumed to be independent within and
across levels (a conservative assumption; relaxing it strengthens our qualitative predictions)’.

Successful task completion requires that all components across all levels function correctly
(whether learned or genetically encoded). Assuming acquisition across levels is independent, if all
components are learned, the probability of successful performance is

L
— ng
Qleam - | | qz
=1

If k; components at level £ are genetically encoded, the probability becomes:

L
Q(k) — 1_[ q[n(—kl
=1

7 Note that this compositional model collapses to the sequential model in Section 2.1, if L =1 (no
compositional links or higher levels), or if q, = q and ¢, = ¢ for all £, or if no reuse advantage exists (& =
0). In those cases, the distinction between primitives and links is unnecessary, and assimilation proceeds on

the entire behavioural chain as a single unit.
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where k = (ky,...,k;) and k, <ny. If k; =n,, level | contributes a multiplicatively neutral
factor of 1. Because increasing k; replaces one stochastic component (success probability q;) with a

deterministic one, the marginal increase in overall success probability is ;TQ =Q(k)(1 — qyp).
£

Total learning cost is:
L

€ = ) (n— ke
=1
Costs are additive per component, whereas benefits combine multiplicatively because failure of
any required component reduces overall task success. This reflects the hypercycle-like
complementarity of behavioural elements, equivalent to the “O-ring production function” set up
modelled by economists (Kremer, 1993). Primitives can be reused across tasks, whereas
compositional links are typically task-specific (so reuse benefits may heavily favour assimilation of
component behaviours but are likely small or effectively zero for links). To capture this, we define
the effective benefit of genetically assimilating components at each level. Let B denote the baseline
fitness benefit of successful task completion. We assume that the benefit of primitive assimilation is
amplified by reuse:
_{B(1+aR) ift=1
B, = )
B ife>1
where R is the number of additional tasks that use the same primitive, and a = 0 is a constant

that scales the advantage of reuse. Encoding components carries an opportunity cost, represented by
ge per genetically encoded component at level €. Links, being task-specific, rarely yield reuse
benefits; primitives may be invoked across multiple hypercycles. The expected fitness is therefore

L

W) =B 000 - €O - ) ki gr
=1

For simplicity, the total task payoff is B; reuse benefits enter only through marginal effects on
selection for encoding particular components. That is, reuse does not increase the payoff of this task
per se but increases the marginal value of encoding reusable components because those components
contribute to additional tasks. Selection favours genetic assimilation at level £ when the marginal
fitness gain exceeds the genetic cost:

aw
a—ke>0<:g£ <B£Q(k)(1_qt)+cﬁ

This condition makes clear that selection for assimilation at a given representational level
depends on three factors: learning difficulty (I — q;), marginal learning cost c;, and reuse-modulated
benefit B, . The term Q(k)(1 —q;) is the expected increase in overall success probability from
making component [ deterministic rather than learned. A component at level 1 will be genetically
assimilated when its expected contribution to fitness, accounting for difficulty, reuse, and learning
costs, exceeds its genetic/developmental cost.

These expressions show that genetic assimilation acts preferentially on components with the
greatest effective learning burden, defined jointly by learning difficulty (1—gq;), learning cost ¢,, and
reuse-modulated benefit By. This burden is conditional on the compositional structure of the task: a
small number of difficult-to-learn links may be assimilated even when numerous easier primitives
remain learned, or vice versa. This predicts the stable evolution of mixed systems, in which some
behavioural components are genetically canalized while others may remain plastic. It explains why
"low-level" routines (like the motor act of grasping) are almost always going to be innate across
species: their "reuse value" is vast compared to the "link value" of a specific, one-off task. Innateness,
on this view, is not a property of behaviours as wholes, but of representational levels within a
behavioural architecture. Because primitives may be reused across multiple hypercycles while links
are typically task-specific, the effective benefit associated with primitive assimilation can be
substantially larger, even when per-unit learning costs are comparable. As a result, selection can
favour innate primitives combined flexibly through learning, or alternatively innate compositional
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scaffolds with learned fill-ins, depending on the relative learning difficulty and reuse value?. This
suggests that in high-capacity systems, the hypercycle doesn't just grow longer; it becomes
hierarchical, with instinctual modules serving as the reliable 'hardware' upon which plastic
“software” can operate.

By making explicit the compositional structure of behaviour, this extension clarifies how
learning and instinct can act as complements and provides a formal basis for understanding the
evolution of behavioural modularity, hierarchical control, and innate scaffolding across a wide range
of species and task domains. Changes in brain capital can shift not only the total balance between
learning and instinct, but also the representational level at which genetic assimilation is favoured.
Selection, moreover, could favour partial canalization: reusable primitives encoded innately; variable
linkages left to learning. This demonstrates not only that components within a behavioural
hypercycle can be expected to coevolve in mutually reinforcing ways but that learning and instinct
evolve as complementary specializations across representational levels rather than as opposing
alternatives. Consequently, the differential selective pressure across representational levels suggests
a functional rationale for the anatomical segregation of learning and instinct within distinct neural
circuits.

3. Discussion

The tidy intuition that the bigger the brain, the less hard-wired instinct, may be plausible at first
glance, with cognitive diversity in nature scaling from tiny-brained robotic automatons on one end
of a continuum to large-brained, thinking and learning machines on the other. But this is incomplete.
The mechanism at the heart of our claim is the behavioural hypercycle: complex actions — building
a nest, hunting with a sequence of moves, or making a tool — can be seen as teams of modular steps,
where each can be learned or hard-wired. When the separate steps fit together as force multipliers of
each other’s effects, the whole chain is worth more than the sum of its parts where specialists
cooperate, division of labour pays off, and the assembled sequence achieves disproportionate benefit.
Given that economic structure, evolution faces an economizing choice: should a particular step be left
to lifetime learning (e.g., paying the cost of practice each generation) or should it be genetically
encoded (paying a developmental or pleiotropic cost instead)? We proposed that Natural Selection
resolves that question one step at a time, “greedily” codifying the most expensive to learn steps first
in the genome, with the answer for any step depending on both how many other steps are already
innate and how good the species is at learning. This iterative trade-off (learning repairs errors and
reduces the need for perfect genes while genes economize on costly learning) sculpts patterns of
instinct and behavioural plasticity.

Supposing that learning and instinct co-evolve in this way we found that the relationship
between neural capacity or “brain capital” and the balance of instinct versus learning is not a simple
inverse but curvilinear. Three broad evolutionary regimes are predicted as brain capital increases.
First, when brains are small, instincts dominate: animals are built like precise machines, with tight,
canalized routines that are reliable and cheap to run. Second, with more neural capacity, selection
often favours learning: organisms become flexible, offloading many behaviours to ontogenetic
acquisition rather than fixed genes. This is the “substitution” regime — learning replaces brittle
instincts because it is cheaper and more adaptable. Third, beyond a further threshold of capacity the
trend can reverse: instinct re-emerges. Large-scale nervous systems (or large, highly integrated
collectives) can support many specialised, hard-wired modules while still maintaining high learning
ability.

Why does this “instinct re-emergence” happen? Again, think in economic terms. Small brains
rely on instincts because they cannot afford the brain capital required to support flexible learning;
intermediate brains invest in learning to better bank on brain power by relying less on instincts. But

8 Such as an innate 'grammar’ of nest building, where the overarching structure is hard-wired but the specific

'fill-ins' (materials used) are learned according to local availability.
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once brain capital is vast enough, two effects appear. The “substitution effect” still exists (i.e., learning
can replace particular instincts) but an “income effect” now operates meaning that additional capacity
increases the feasible stock of innate modules. This increased capacity raises the ceiling of what the
organism can afford to store and coordinate. Encoding a set of specialised modules may become
relatively cheaper per unit (economies of scale), while integrating many innate pieces unlocks new
synergies that learning alone cannot cheaply or reliably reproduce. In other words, big brains can
“buy” both flexibility and an expanded catalogue of ready-made routines and the payoff from
making some behaviours innate rises with system size. Depending on whether this substitution or
income effect predominates, the evolution of greater brain size may increase the degree to which
animals rely on learning versus instinct respectively. This has ramifications for when to expect
learning-dominated species, when to expect instinct-rich ones, and when both will coexist.

Our final extension suggests that this trade-off does not operate only at the level of whole
behaviours. This predicts that larger or more cognitively complex organisms should not simply
possess more learning or more instinct, but increasingly hierarchical mixtures of both: innate building
blocks combined through learned composition. Many real behavioural repertoires in cognitively
complex animals appear highly compositional: complex actions assembled from reusable primitives,
linked together and organized in higher-order plans. Selection and learning therefore operate at
multiple representational levels, not merely on whole behaviours but on the reusable primitives from
which they are composed. If so, learning and instinct emerge not merely as substitutes but as
complements. Components that are reused across many tasks or that are especially expensive or
unreliable to learn are predicted to become genetically canalized, whereas task-specific linkages or
flexible combinations are more likely to remain plastic. In this sense, evolutionary increases in brain
capital may shift not only how much behaviour is learned, but at what level learning operates.

In short, our analysis suggests that instinct and learning are complementary specializations
within a shared behavioural architecture. Evolution does not choose between “genes” and
“experience” wholesale but allocates control across components and representational levels,
canalizing those elements that are costly or widely reused, while leaving flexible the links and
combinations that benefit from context sensitivity. Innateness is therefore expected to concentrate in
reusable primitives and structural scaffolds, whereas learning should dominate task-specific
sequencing and recombination that repurposes those primitives. This perspective points to several
testable predictions. First, behaviours that are reused across many ecological contexts or tasks should
be disproportionately innate relative to equally important but context-specific behaviours. Second,
across species, increases in brain capital should be associated not simply with more learning, but with
more hierarchical mixtures: expanding repertoires of innate building blocks coordinated by flexible
learning. Third, evolutionary or artificial selection experiments should preferentially assimilate the
hardest-to-learn or most failure-prone components of a task rather than entire behavioural chains at
once. Finally, developmental and neural analyses should reveal that the circuitry supporting learning
also marks the loci at which genetic canalization accumulates over evolutionary time. In this way,
mechanisms of learning provide a map of likely evolutionary construction, and the organization of
instinctive behaviour records the learning problems that ancestral organisms solved often and
reliably enough to encode into their genomes.

3.1. Evidence and Implications

This section outlines empirical foundations supporting the biological plausibility of the model.
Namely, we assume that (i) animals spontaneously generate novel combinations of behavioural
components, (ii) neural circuitry can specify phenotypes with sufficient precision to canalize
behavioural components or their linkages, and (iii) behavioural control systems are hierarchically
organized in larger brains in ways that can exploit hypercyclic organization. Together, these
properties provide the raw material and mechanisms required for the formation and genetic
assimilation of behavioural hypercycles.
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3.1.1. Hypercycle Generation: Recombination and Behavioural Spillover

For a hypercycle to be learned, organisms must first generate multi-step combinations of existing
behavioural elements. Observations from across ethological and learning literatures suggests that
opportunities for such recombination arise naturally and frequently. Classic “displacement
activities” are particularly demonstrative that heightened levels of motivation can trigger the
expression of behavioural modules outside their usual context (Tinbergen, 1951). For instance,
territorial sticklebacks may suddenly interrupt fighting to engage in nest-digging behaviours (Van
Iersel & Tinbergen, 1948). Some types of birds similarly interrupt combat to suddenly engage in
various types of nesting or food-pecking behaviours, while sexual frustration also appears to lead to
all sorts of displaced behaviours including food-begging, preening, food-catching movements, food-
pecking movements (Tinbergen, 1951). These cases indicate that innate components can be activated
alongside other behaviours in novel or unusual situations when animals face uncertainty or
competing drives, potentially making them subject to modification and repurposing by
reinforcement-based learning should such combinations prove serendipitous. Rodents, for example,
co-opt substrate-moving routines normally used for food caching or nest building into defensive
burying behaviour directed at threatening or unfamiliar stimuli (De Boer & Koolhaas, 2003). This
behaviour is flexibly calibrated by experience and can be integrated with other defensive acts,
illustrating how previously independent components become organized into functional chains.
Similar redeployments occur in the wild, such as in the case of California ground squirrels that
combine substrate throwing with evasive manoeuvres to disrupt rattlesnake predation (Owings &
Coss, 1977; Rundis et al., 2007). These examples show that existing routines can be recombined into
coordinated multi-step solutions whose benefits depend on complementarity among parts. Further
evidence that behavioural primitives are modular and can be recombined is provided by
observations of domestic dogs. Predatory sequences in wolves (e.g., orienting=> stalking - chasing
- biting) appear as separable components have been selectively reorganized through training and
breeding into specialized tasks such as herding (McConnell, 1990). Genetic studies implicating axon-
guidance and neurodevelopmental genes in breed-specific behavioural repertoires suggest that such
reorganized chains can subsequently become canalized (Dutrow et al., 2022; Jeong et al., 2025),
consistent with our discussion below that such genes provide a plausible basis for the genetic
assimilation of hypercycles.

Numerous laboratory observations further support the same general point. Even in species with
relatively simple nervous systems, such as fruit flies, individuals will often spontaneously generate
behaviour under certain conditions (Maye et al., 2007). Under frustrative non-reward or changing
contingencies, rats show “resurgence” of previously learned behaviours and often combine them in
novel ways (Winterbauer & Bouton, 2010). In a classic example, pigeons trained separately to push a
box and to climb it spontaneously combined these behaviours to reach an otherwise inaccessible
reward (Epstein, 1987), reminiscent of similar combinatory problem solving as observed in crows,
where previous behaviours are combined to achieve reward in response to novel challenges (Weir et
al., 2002). Novelty potentiates arousal and mesolimbic dopamine transmission, which tend to
generate spontaneous movements at moderate levels and, at high levels (such as likely corresponding
to intense reinforcement in nature) lead to the tight integration of such movements into fixed or
stereotyped and automatic patterns (Lubow, 1989).

Across a range of taxa so far studied, behavioural variability, exploration, and associative
learning processes therefore appear conducive to the generation of ordered sequences from pre-
existing parts. A proximal mechanism for this process in species located along the higher end of brain
capital spectrum may lie in the systems underpinning Pavlovian-Instrumental Transfer (PIT). This
refers to the acute intensification of instrumental responding when animals are presented with
Pavlovian stimuli that have previously been conditioned in association with related outcomes (e.g.,
food rewards) (e.g., see Corbit & Balleine, 2005). In nature, PIT could plausibly function as a powerful
search engine for candidate hypercycles. By allowing previously conditioned stimuli to invigorate
instrumental actions, the Basolateral Amygdala (BLA) and Nucleus Accumbens (NAc) effectively
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gate exploration towards “plausible” links, i.e., those involving stimuli already associated with
reinforcement. This Pavlovian “invigoration” increases the probability that an animal will discover
the synergistic benefits of a new behavioural chain. Furthermore, mechanisms of instrumental
incentive learning involving the insular cortex ensure that these emerging chains are stabilized only
when they are relevant to the organism's internal motivational state (Balleine & Dickinson, 1998). In
short, it is tempting to suppose that these circuits provide the behavioural scaffold upon which
selection operates: by temporarily stabilizing a learned link through PIT and incentive gating, these
systems provide the consistent performance required for genetic assimilation to “lock in” the
connection over evolutionary time.

These observations collectively suggest the antecedent conditions for our model exist in nature.
Animals may naturally produce and stabilize structured combinations of complementary actions
under potentially high stakes conditions (novelty, frustration, highly motivated and competitive
interactions) where Good Tricks are especially likely to be useful. Such spontaneously assembled
chains satisfy the formal requirements of the “proto-hypercycles” assumed in our model, providing
abundant substrates upon which selection can subsequently act through genetic assimilation.
Importantly, the associative learning mechanisms that enable chaining are phylogenetically
widespread, including in arthropods (e.g., Bitterman et al., 1983; Hazlett, 2007) and molluscs (Sahley
et al., 1981) indicating that the capacity to generate such combinations is not restricted to a few
unusual species but is a general feature of complex behaviour.

3.1.2. Genetic Specificity in Neural Wiring

Another assumption of our model is that selection can canalize particular behavioural links or
subroutines (rather than only coarse traits such as overall brain size, temperament, or general
learning ability). This is because genetic assimilation in our model is mostly interpreted not as the
encoding of entire complex behaviours, but as either or both the progressive stabilization of specific
circuit components or their intervening links within an otherwise plastic hierarchy. This requires that
the genome possess sufficient “addressing power” to specify connectivity at the level of identifiable
circuit elements. Neurodevelopmental genetics strongly supports this premise. Since Sperry (1963)
first proposed that neurons bear molecular identity tags that guide partner selection during
development, extensive evidence has accumulated for concrete molecular substrates for this idea (Jin
& Lee, 2019). For example, in vertebrates, clustered protocadherins (Pcdhs) generate combinatorial
cell-surface “barcodes” through stochastic promoter choice, producing unique identity signatures for
individual neurons (Chen & Maniatis, 2013; Wu & Maniatis, 1999). In insects, the single Dscam1 locus
achieves comparable combinational diversity through mutually exclusive alternative splicing,
generating tens of thousands of isoforms (Jin & Lee, 2019; Wu & Maniatis, 1999; Yue et al., 2016).
Despite their distinct genomic architectures, both systems implement the same functional principle:
highly specific homophilic binding that enables neurons to distinguish self from non-self and wire
selectively to appropriate partners (Wu & Maniatis, 1999). The recurring theme across vertebrates,
arthropods, and independently in cephalopods, where large expansions of protocadherins have
evolved convergently (Styfhals et al., 2019), suggests that fine-grained molecular “addressing” is a
common solution to building large nervous systems.

Importantly for our purposes, these mechanisms are required for precise circuit assembly.
Manipulations of protocadherin or Dscam diversity disrupt dendritic tiling, axonal targeting, and
stereotyped connectivity patterns, leading to predictable defects in neural architecture and behaviour
(Dong et al., 2025; Wu & Maniatis, 1999). Across taxa, many species-typical actions (escape reflexes,
orienting responses, courtship displays, and coordinated motor programs) depend on genetically
specified circuit motifs assembled prior to experience (Barabasi et al., 2025; Shen et al., 2014). In
mammals, molecularly defined spinal motor synergy encoder neurons and genetically specified
hypothalamic ensembles orchestrate coordinated movements and instinctive behaviours (Azim et al.,
2014; Kiehn, 2016; Stagkourakis et al, 2023). These findings demonstrate that behaviourally
meaningful modules can, in principle, be developmentally hard-wired.
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At the same time, the molecular boundary between innate and learned behaviours appears
surprisingly porous. Major transcriptional pathways that organize circuits during development (e.g.,
CREB-dependent gene expression and neurotrophin signalling) are also later reused for long-term
potentiation and memory consolidation in the adult brain (Chowdhury, An, & Jeong, 2023; McDowell
et al.,, 2011; Sakamoto, Karelina, & Obrietan, 2011), with disruptions to these shared pathways
impairing both developmental circuit stabilization and long-term memory (McDowell et al., 2011).
This means that the same biochemical machinery that establishes initial (and therefore, potentially
innate) connectivity also supports experience-dependent refinement. Such continuity provides a
plausible mechanistic substrate for Baldwin-type processes: circuits first assembled through plasticity
can, under consistent selection, become developmentally stabilized or “fixed” via allelic substitution
among genetic variants affecting the same molecular toolkit (Barabasi et al., 2025; Bavelier et al., 2010).

In sum, the convergent evolution of high-diversity recognition molecules across insects,
vertebrates, chelicerates, and cephalopods (Jin & Lee, 2019; Styfhals et al., 2019), the demonstrated
necessity of these systems for precise circuit formation (Wu & Maniatis, 1999), and the reuse of
developmental plasticity pathways in adult learning (McDowell et al., 2011) indicate that the genome
is capable of specifying neural structure at fine levels of resolution. Selection can therefore plausibly
act on individual links, primitives, or subroutines within behavioural assemblies, as assumed by our
hypercycle framework.

3.1.3. Hierarchical Composition of Control

An assumption of Section 2.4 is that behaviour is organized hierarchically with relatively fixed
motor primitives that are composed and sequenced by more flexible supervisory systems for the
purpose of achieving challenging tasks. Convergent evidence from cephalopods, vertebrates, and
even robotics corroborates this structure. A clear biological illustration is the octopus. Roughly two-
thirds of its neurons reside in the arms rather than the central brain, and each arm contains semi-
autonomous circuitry capable of executing complex grasping and exploratory routines locally. The
central brain appears to specify high-level goals or intentions (e.g., locomote, manipulate,
investigate), while peripheral circuits implement the detailed motor solutions using reflexive and
context-sensitive subroutines (Sumbre et al., 2001). This division of labour reduces the computational
burden associated with controlling a complex soft body and closely mirrors “subsumption
architectures” in robotics, where low-level reactive modules handle details of execution while higher
layers select and sequence behaviours (Prescott et al., 1999). In effect, the brain chooses what to do and
the limbs determine how to do it°.

A comparable layering is evident in vertebrates. The dorsal striatum functions as a repository
for “chunked” motor routines and habits, while medial temporal structures (e.g., the septo-
hippocampal system) support flexible, relational control. Across rodents and primates, the
dorsolateral striatum is preferentially involved in stimulus-response learning and automatic

The "Octopus Principle" of distributed control (innate primitives governed by learned links) described in our
model enjoys a sort of "existence proof" in modern robotics. Early Al attempted to solve movement through
"General Intelligence" (brute-force calculation of every joint angle), which proved too slow and brittle, while
contemporary robotics has moved toward Subsumption Architecture and Morphological Computation, where
"intelligence" is offloaded to the physical design of the limb (innate primitives) while the central processor
focuses on high-level sequencing (learned links) (Brooks, 1991). The morphological computation principle is
an especially good example of an “innate primitive”, in that the “intelligence” is built into the physical
mechanics of the robotic limb so that it “knows” how to move automatically (Pfeifer & Bongard, 2006). This
is very much the same sort of decomposition into primitives and linking control that our model formalizes. That
engineers are converging on the same hierarchical solution as octopuses and primates suggests that our model

describes a universal logic applicable to both carbon and silicon-based systems.
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sequence execution, whereas more medial and anterior regions support goal-directed and wider
associative functions (Gahnstrom & Spiers, 2020; Graybiel, 2008; Mattfeld & Stark, 2015; Yin &
Knowlton, 2006). With practice, behavioural combinations can transition from deliberative control to
striatal “chunking,” in which discrete movements are fused into unified, automatically triggered
units. This process produces stable, reusable motor primitives that can be rapidly deployed with
minimal cognitive oversight, and so may be an ontogenetic precursor to genetic assimilation. Studies
suggest that these primitives are implemented as “motor synergies” or modules, that is, coordinated
patterns of muscle activation that serve as the building blocks of movement (Flash & Hochner, 2005;
Giszter, 2015). Such synergies are observed across frogs, rodents, and primates and appear highly
canalized developmentally. In rats, for instance, many spinally controlled primitives are established
by early postnatal life and remain remarkably stable even when normal motor experience is
prevented, indicating that their structure is largely genetically specified (Yang, Logan, & Giszter,
2019). These findings imply that a substantial fraction of their motor repertoire is preassembled and
robust to environmental variation (precisely the sort of substrate expected if selection can genetically
assimilate frequently used behavioural components).

In contrast, the hippocampal system specializes in flexible linking and contextual control. It is
required for configural learning, spatial and relational associations, and in the arbitration of
competing behavioural tendencies (Gray & McNaughton, 2000; Mattfeld & Stark, 2015). Gray and
McNaughton (2000) argue that the hippocampus functions as a “comparator” that gates which
associations are expressed within a given context, using theta-modulated inhibition to protect
selected representations from interference and to interrupt prepotent habits when novelty or conflict
is detected. This contextual gating can be seen as compatible with the goal-directed control described
by Balleine and colleagues. While the dorsolateral striatum stores "habitual” chunks, the dorsomedial
prefrontal cortex (dmPFC) and its associated loops sequence and reorganize these components into
novel chains based on current values (Ostlund, Winterbauer, & Balleine, 2009). The hippocampal
comparator effectively "permits” this goal-directed system to take the wheel when the environment
changes. Crucially, these complex sequences can themselves be "compiled" into unified automatic
units through a process of action chunking, improving performance while remaining under high-
level supervisory control. This means that the chains may be sequentially rigid but remain goal-
directed at their point of initiation (Dezfouli & Balleine, 2012, 2013). This creates a nested hierarchy
where the brain does not just learn a chain; it learns to treat an entire chain as a single, reusable
"macro-primitive." Thus, while the striatum stores “chunks,” the hippocampus manages their
sequencing and recombination.

All these observations converge on a common principle corresponding to our predicted Regime
III. Behaviour is constructed compositionally from stable, partly innate motor modules that are
flexibly sequenced by higher-order systems. Lower levels provide reliable execution; higher levels
provide combinatorial control. This organization is the substrate required by our model. Genetic
assimilation should preferentially act on frequently reused primitives — stabilizing their
implementation — while leaving the relational and sequencing layers comparatively plastic. The
result is a hierarchy in which evolution progressively “hardens” the building blocks of behaviour
while preserving flexibility in how those blocks are combined. The recurrence of this design in
cephalopods, vertebrates, and engineered robotic systems suggests that it is not taxon-specific but a
general solution to the adaptive control of complex action.

3.2. Predictions

Our model generates empirical predictions that diverge from canonical formulations of the
Baldwin effect and from “general intelligence replaces instinct” views of brain evolution, making the
framework falsifiable. If largely substantiated, however, the heights of cognitive evolution may not
properly be seen as liberation from instinct, but the mastery of it. That is, the mark of adaptive
cognitive complexity may not be the sort of high-powered correlational capacities of, say, Large
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Language Model Al but the ability to coordinate and appropriately deploy a massive library of
species-specific subroutines within a plastic architecture.

3.2.1. Learning as Scaffold, not a Substitute

Classical views assume increasing learning capacity reduces the need for innate structure (e.g.,
MacPhail, 1982; Stephens, 1991) or is even predicated on the loss of it (Deacon, 1998). On the contrary,
we predict that learning can facilitate the evolution of additional instincts by expanding the search
space of discoverable behaviours. Moreover, in principle, any taxa capable of learning a class of
behaviours should also be capable of evolving those same behaviours as instincts. Furthermore,
lineages with greater learning capacities should, over evolutionary time, accumulate more innate
modules rather than fewer!. Additionally, neural pathways that support rapid learning should
overlap anatomically and molecularly with regions where instinctive routines are encoded, and genes
implicated in instinct evolution should be expressed in circuits that previously supported learning.

A related prediction arises from our speculation regarding the role of the systems that underpin
PIT in mammals. We suggested that this functions to facilitate the discovery of complementarity
among behavioural responses, with the evolution of this capacity perhaps favoured because it
enhanced the evolvability of instincts through the discovery and stabilization of hypercycles. If
correct, PIT should have evolved also in analogous neural substrates of other groups with extreme
levels of brain capital, such as octopuses. Speculating further, the observed distinction between
General PIT (motivational invigoration) and Outcome-Specific PIT (sensory-specific direction) may
functionally correspond to the discovery of “Primitives” and “Links” respectively. However, PIT
tests are almost invariably conducted under extinction conditions, and so the longer-term
consequence of PIT effects on learning remain unexplored. We propose designing an experiment
where a Pavlovian cue is introduced not to see if it increases an existing instrumental response, but to
see if it facilitates the initial learning of a complex, multi-step chain where the steps are individually
weak but collectively strong. Similarly, in environments where behavioural hypercycles can be
discovered through exploration and experience, animals with impaired BLA/NAc connectivity
should be less capable of learning hypercycles than those without.

3.2.2. The Re-Emergence of Instinct at Large Brain Size

Whereas the idea that brain capital increases simply by evolution of ever greater intelligence
predicts a dilution of instinct, our model predicts an expansion of specialized circuitry. This sees large
brains more like “Swiss Army knives” of specialized modules, not blank-slate learners (Pinker, 2002).
This puts the model firmly in support of the general working assumptions of Evolutionary
Psychology. Along with standard narratives that predict a monotonic decline of instinct with
increasing encephalization, and with larger brains imply fewer fixed behaviours, we expect that, as
brain capital increases from small to intermediate values, learning substitutes for instinct. But beyond
a threshold, we predict increased computational and representational capacity enables the discovery
and subsequent canalization of increasingly complex hypercycles, and therefore an expansion of
instincts. Further empirical work can therefore test the following predictions:

1. A U-shaped or mixed relationship between brain size and proportion of instinctive
behaviour.

2. Large-brained taxa (e.g., corvids, parrots, cetaceans, primates, cephalopods) should exhibit
both high learning ability and extensive suites of species-typical routines.

3. These routines should appear modular and recombinable rather than globally rigid.

4. Comparative neuroanatomy should show increased structural modularity and specialized
circuits rather than uniform “general intelligence” scaling.

10 Supportive evidence for this “income effect” can be found already for mammals (see Changizi,
2003).

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.0359.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 April 2026 d0i:10.20944/preprints202604.0359.v1

22 of 33

3.2.3. Bottleneck-First Assimilation

Innateness should be unevenly distributed within behaviours, concentrated at reliability
bottlenecks. Classical canalization accounts often treat behaviours as wholes. While this may be
entirely appropriate for behaviours learned as if by the shaping procedure, our hypercycle model,
which focuses more on the chaining procedure analogy, predicts component-wise assimilation.
Selection should preferentially fix the steps that are most costly, slow, or failure-prone, leaving easier
components plastic. This means we expect complex behavioural sequences should display partial,
mosaic innateness, with the most deeply canalized elements corresponding to the hardest or most
dangerous steps to learn. Paradoxically, in development, the easiest steps should remain experience-
dependent longest. Closely related species without the same behavioural pattern (but that may be
capable of learning something similar experimentally), should differ most strongly in their capacity
at these bottleneck components.

A variety of examples that may be consistent with this logic includes (1) innate song templates
with learned dialect variation; (2) predator or brood-parasite recognition biases with flexible tactics;
(3) domestication targeting fear/stress bottlenecks; and (4) language showing innate structural
constraints with culturally learned surface forms. Although there is recent evidence of anatomically
distributed but developmentally scaffolded neural ensembles for instinct (Stagkourakis et al., 2023)
indicating that species-typical routines are implemented as sophisticated circuit motifs (providing a
plausible target for the component-wise genetic assimilation predicted by our model), more research
is needed.

3.2.3. Ontogeny Partially Recapitulates Assimilation Order

Although we do not advocate a strong “ontogeny recapitulates phylogeny position”, we might
expect skill automatization within individuals to mirror evolutionary genetic assimilation across
generations. The learning processes of habit formation in individuals should employ the same neural
transitions (e.g., chunking in the striatum) that genetic assimilation utilizes over time, and
developmental trajectories should echo historical difficulty gradients. To the degree that this is
correct, behavioural components closer to consummatory outcomes or with simpler contingencies
should stabilize earlier in development (more distal, relational, or sequencing components should
remain plastic longer). Development should often proceed from flexible assembly toward
progressive automatization (“compilation”) of frequently used subroutines.

Cursory observations suggest instincts indeed mature in this way (Thorpe, 1956). For instance,
inexperienced ravens appear to be very unselective in the materials they choose to construct nests —
although the nest-building behaviours that follow material-gathering behaviours are displayed by
these individuals closely resemble the behaviours of experienced adults. Over time, they learn to
choose materials more discriminately to build more effective nests (Tinbergen, 1951). The hunting
FAP of the spider wasp, Pepsis cerberus is also suggestive: Punzo (2005) describes how behaviours
nearest to the beginning of the hunting sequence are initially more flexible. With repeated trials,
efficiency improves through adjustments of the behavioural components nearest the beginning of the
sequence (such as the initial approach and paralysation behaviours). By contrast, no change occurs
in behaviours towards the end of the hunting sequence (such as burial and oviposition of the host).
Another suggestive observation is that, among species of large felines, mothers often provide cubs
with still-alive prey items — presumably to provide the cubs with opportunities to practice the killing
components of hunting behaviour (Eaton, 1968). Aside from the obvious benefit to practicing such
particular skills, the present thesis offers an additional interpretation: the mother is acting to facilitate
learning in her offspring by giving behavioural components nearest to the kill behaviour primary
reinforcement, thus making behaviours antecedent to the kill acquire greater salience for later
learning through secondary reinforcement.

Evidence also comes from the studies of a hunting Fixed Action Pattern in ants. Among the
species Myrmica rubra, there is variation among individuals in how innate their sequence of hunting
behaviours is. A behavioural hypercycle explanation would predict that when the behaviour has not
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become entirely innate, actions closer to the end of the sequence should be relatively more fixed,
while those earlier in the sequence may still require reinforcement-learning. Among those ants that
appear to require some learning, then, the behavioural components nearer the beginning of the chain
should be more variable. This is in fact the case (Reznikova et al., 2012). This is consistent with the
idea that selection should stabilizes behaviours nearer the “consummatory” end of a chain first, as
these components provide the immediate reinforcement necessary to ground the learning of
antecedent steps.

3.2.3. Combinatory Exaptation

Behavioural evolution should show exaptation and modular reuse rather than independent
origin of each routine. If behaviours evolve through the recombination of existing modules, novel
instincts should rarely arise from entirely new circuitry. We predict that distinct, complex behaviours
should share reusable subcomponents, that there ought to be genetic and neural overlap between
seemingly unrelated skills, and convergent behaviours across taxa should reuse homologous
skill/primitives rather than independent solutions to adaptive challenges.

3.3. Limitations and Future Directions

While our model provides a clear basis for the re-emergence of instinct, its current form relies
on several simplifying assumptions that invite further refinement. First, we assumed independence
of components. In Section 2.1, we modelled the success probability of each step as independent. In
nature, the acquisition of behavioural steps may often be synergistic; failure in an early step may
preclude the execution of later ones, or learning one step might make another easier to acquire.
Empirical studies of behavioural repertoires seem to show that behaviours covary in modular fashion
(Werkhoven et al., 2021), presenting a challenge to evolutionary models that assume independent
traits (Wagner & Alternberg, 1996). However, we note that incorporating these non-linear
dependencies would likely amplify the "snowball effect" we identified (§2.2), as the value of fixing
one bottleneck becomes even higher when it "unlocks" the reliability of the entire chain. Moreover, if
steps are interdependent, the “bottlenecks” become more critical, and reinforces our “bottleneck first”
prediction.

Second, we treated “Brain Capital” as a static resource pool. A more dynamic model might
account for the Metabolic Trade-offs inherent in encephalization. If the metabolic cost of building a
larger brain exceeds the fitness gains of the new "Good Tricks" it can learn, the "Income Effect" we
described may be suppressed. Future work could integrate the Expensive Tissue Hypothesis (Aiello
& Wheeler, 1995), which highlights how larger brains are metabolically costly and must be offset by
corresponding ecological gains or reductions elsewhere (e.g., gut tissue). This could help predict the
specific ecological conditions (e.g., nutrient-dense diets) required to push a lineage into the Regime
III "instinct re-emergence” zone.

Another limitation relates to the scope of behavioural domain and environment. We assume a
relatively stable task structure and fixed external environment, whereas in nature environments may
shift in ways that disrupt conditions needed for behavioural hypercycles to evolve. Finally, many key
parameters (e.g., the cost of genetic encoding, learning ability, reuse effects) are hard to estimate and
operationalize. The model is therefore best viewed as a qualitative, generative theory than a source
of precise quantitative predictions.

3.3.1. The "Automaticity" Force Multiplier

An interestingly speculative direction is related to the notion of “evolutionary automaticity”.
Our model parallels neuroevolutionary arguments that selection for transferring learned control to
subcortical habit systems has played a role in driving cognitive evolution (Shine & Shine, 2014),
proposing a proximal mechanism that parallels genetic assimilation across longer timescales. Our
model treats "innate" and "learned" as distinct categories, but neurobiology suggests a continuum.
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Within a single lifetime, repeated learning transforms flexible, cortical "links" into rigid, sub-cortical
"habits" (Balleine & O’Doherty, 2010) a process known as “automatization” or “chunking” (Graybiel,
2008; Poldrack et al., 2005). As mentioned above, it is worth testing whether the same neural structures
(e.g., the transition from the associative to the sensorimotor striatum) that handle lifetime
automaticity are the primary sites for long-term genetic assimilation. If so, "automaticity" acts as a
proximal simulation of evolution: by turning learned links into "pseudo-primitives," the brain frees
up higher-level capital to coordinate even more complex chains. This creates a nested hypercycle
where lifetime learning and evolutionary encoding could reinforce one another at different
timescales.

3.3.2. Extended Phenotypes

While the present thesis focuses on sequential behaviours operating within a single organism,
the same logic may be applied to phenotypes contributed jointly by genes acting across multiple
bodies. In social species, for instance, the “links” and “primitives” of a behavioural hypercycle might
be distributed across multiple related individuals, with the supervisory system acting at the “colony”
or “household” level as individual members execute modular steps in a collective chain. To illustrate,
we find a particularly compelling bridge to this idea in Becker’s (1974) “Rotten Kid Theorem”. We
use this idea to argue in Appendix B that a “head of household” (the parent) closes the loop of social
interactions by redistributing resources, effectively aligning the incentives of selfish members so they
act in the interest of the collective hypercycle. This social coordination may initially be discovered
through complex learning and cultural transmission. However, our model predicts that evolution
should eventually assimilate the reliability bottlenecks of this social process as well. For example, if
the success of the “Rotten Kid” logic hinges on the parent’s ability to detect and correct selfish
behaviour. If this is a task that is cognitively demanding and slow to learn, selection may favour the
genetic canalization of specific social monitoring and altruistic "primitives." This creates a hybrid
social architecture where the "hard parts" of cooperation become innate, while the specific tactical
"links" of the social chain remain culturally plastic, raising potentially interesting connections to
evolutionary theory (such as related to ideas of Haig (2001) that further work should explore).

4. Summary and Conclusions

We began with a tension between the clever generalist and the instinctive specialist. By
formalizing behaviour as compositional hypercycles built by linking reusable behaviours, we saw
that these need not be opposing evolutionary endpoints but emerge as outcomes of the same
underlying process. This perspective sees complex behaviour as hierarchically organized and
compositional. Behavioural sequences function like modular systems: semi-independent
components can be added, duplicated, and specialized while higher-level control remains flexible. In
this respect, the evolution of behaviour is reminiscent of the evolution of segmented anatomy, much
like the Hox-gene logic of anatomical evolution, where complexity arises through the iterative
refinement and recombination of reusable parts rather than wholesale innovation. Learning can
initially substitute for brittle instinct, but as brain size (K) accumulates and behavioural components
are reused across contexts, economies of scale reverse this relationship, with selection favouring the
genetic hard-wiring of hard-to-learn components. The result is not the replacement of instinct but its
re-emergence in a richer, more modular form. Large brains thus contain libraries of calcified
primitives dynamically orchestrated by clever control processes rather than operating as either as a
vast blank slate or rigid reflex machine.

From Katydid to Killer Whale, clear empirical consequences follow. Species with greater
learning capacity should ultimately evolve more, not fewer, instinctive modules. Genetic assimilation
should proceed mosaic-like, targeting the most failure-prone or costly tesserae first. Neural circuits
that support rapid learning and automatization should also be the primary substrates of evolved
instincts. Highly encephalized lineages should exhibit expanded repertoires of partially innate,
recompilable behavioural motifs rather than a simple replacement of instinct by general intelligence.
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If along the right lines, this economic logic combined with the hypercycle concept provides a account
of how flexible cognition and specialized instinct can scale together, illuminating the shared design
principles underlying complex agency across biological and even artificial systems.
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90. Appendices

91. Appendix A: The Baldwin Buffer against Error Catastrophe

92. Here we outline the connection between behavioural hypercycles and Eigen’s original concept of the
hypercycle as a solution to error catastrophe. The logic is that learned and genetically encoded
behavioural modules interact as quasi-species: complementarity and learning repair increase the
effective fidelity with which complex behaviour is maintained. This multiplicative nature is precisely
what defines the Hypercycle: it is a chain where the weakest link determines the survival value of the
whole (reminiscent of the O-ring production function cited in the main text).

93. Consider a behavioural sequence decomposed into m modules (steps) that must all be functionally
present for the behaviour to deliver its full fitness payoff B.Let s € [0,1] be the per-module probability
that genetic development produces a working module (genetic fidelity) and let L € [0,1] be the
probability that a missing or faulty module is reconstructed during the lifetime by learning (a lifetime
“repair” probability; could be a function of investment in learning). After inheritance and learning, the
probability that any single module is functionally available is

9. g=s+{1-5s)L

95. =L+s(1-1L)

96. If modules interact complementarily so that the whole sequence only confers fitness when every
module works, the probability that an individual acquires the complete functioning sequence is g™.
Normalizing baseline fitness to 1, a minimal maintenance condition for the behaviour to be sustained
by selection is therefore

97. Bq™ =1

98. or at threshold,

9. B(L+s(1-L)™=1

100. Solving this equality for the minimal per-module genetic fidelity required to maintain a sequence of
length m gives

1
“m— _1
101, sy = 22, (B w> L)

1
102. provided B ™m > L, ensuring S, lies within [0,1]. Equivalently, for fixed s and L the maximal

number of modules maintainable is

g
103. mpyoy = m

104. provided the right-hand side is positive or that 0 < L +s(1 — L) < 1.

105. These expressions make the central mechanisms explicit. When L = 0 (no lifetime repair), we recover

1
the familiar Eigen-type dependence s.,;, = B m: longer sequences require exponentially higher per-

module fidelity and are prone to “error catastrophe.” When L > 0, the required genetic fidelity falls
sharply — even modest learning (small L) can greatly increase m,,, because learning substitutes for
otherwise exact genetic specification. This is the formal statement that learning + modularity can rescue

complexity from the error regime.
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107. Appendix B: The Rotten Kid as a Quasi-Species

108. The purpose of this appendix is not to reinterpret Becker biologically, but to demonstrate that the
formal closure condition underlying the Rotten Kid result shares the same structure as catalytic closure
in a hypercycle. To do this, we sketch a formal framework that maps Eigen’s hypercycle, Roy’s
behavioural chain, and Becker’s Rotten-Kid mechanism into a single model. We do not introduce a new
economic mechanism here. Rather, we show that Becker’s (1974, 1981) Rotten Kid theorem is formally
isomorphic to the catalytic closure condition in Eigen’s hypercycle. Verbally, in Eigen’s hypercycle,
each species enhances the replication of the next, and stability arises because catalytic benefits
ultimately feed back to the contributor. Becker’s Rotten Kid mechanism implements the same closure
through transfers rather than chemistry: individual effort raises aggregate output, and transfers tie
private payoff to that aggregate. The algebra below shows that these two mechanisms are analogous in
structure.

109. There are n agents i = 1,...,n arranged in a directed cycle (index arithmetic mod n). Each agent
chooses an effort e; > 0. Effort has private cost C(e;) with C'(e) > 0,C"(e) > 0. Each agent’s output
(or “product”) is produced partly by their own effort and partly by catalytic support from the previous
agent in the cycle (hypercycle-style). We give this a simple linear specification

110. y; = ae; + be;_4,

111. where a > 0 is the direct productivity of own effort and b = 0 is the catalytic effect provided by the
predecessor. If b > 0 we have the chain interaction, while if b = 0 agents are independent.

112. Let the total family/product pool be

113.Y = 3%, y;

114. Note that with the linear form Y = (a+ b)Y;e;, a benevolent parent (or allocator) observes the
aggregate Y and commits to a transfer rule ¢ = (¢>1(Y), s (l)n(Y)) with

115. 3¢ (V) =Y,

116. there is no waste and no other choices are possible. Consider the important canonical case of equal
sharing,

117. ¢,(Y) = % for all i

118. This corresponds to Becker’s simple example where each child gets an equal share of family output (the
analogue of aggregate fitness in the hypercycle). An agent i chooses e; to maximize their own utility:

119. Ui(eise—y) = ¢i(Y) — C(e;)

120. Using the chain rule, first-order condition (FOC) becomes

dop

121. v de,

—C'(e) =0.
122. For our linear production, % = (a +b), each unit of e; increases own output by a and the next

agent’s output by b, but summing around the cycle gives % (a+b) per unit of e;. So

123. %% (@ + b) = C'(e)
When redistribution “closes the loop”, and if (%i > 0 (transfers increase with aggregate output), then

each agent internalizes a positive marginal return from increasing the family’s aggregate Y. With equal

sharing ¢;(Y) = %, we have % = % and so the FOC becomes:
124. 22 = C'(ey),
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125. which is identical for all i. Thus, each agent picks the same effort level that equates marginal cost to
aTH’ (by symmetry of preferences and transfers, all agents choose identical effort in equilibrium).
Crucially, the agent’s marginal benefit in this regime contains the catalytic externality b (the benefit
their effort gives to the next agent) — that externality is internalized, albeit diluted by % (which implies
the incentive to redistribute shrinks as family size grows, suggesting a limit for the effective size of the
“hypercycle” that can emerge). This is Becker’s intuition: because transfers are based on aggregate Y,
even a selfish child chooses effort that increases total output.

126. This can be compared to no-redistribution (selfish, no father). If an agent keeps only their own output,
utility might be

127.U; = y; — C(e;)

128. = ae; + be;_; — C(e;)

129. Treating e;_; as fixed, the FOC is:

130. a = C'(e;)

131. So, the agent ignores the b-externality. With redistribution, the marginal return is aTer instead of a
which makes two differences: (1) redistribution can raise or lower marginal incentives depending on
parameter values and n, and (2) redistribution allows private choices to take account of cross-agent
catalytic benefits b that would otherwise be external.

132. In short, For the Rotten-Kid result to hold, two ingredients are crucial and these conditions define the
analogue of ‘hypercycle closure” in behavioural terms. First, the parent’s transfers must be credible and

depend on aggregate outcomes in a way that gives an agent a positive marginal return from increasing

the aggregate. Second, agents must be able to affect Y sufficiently via their own activities (here Z—: =
i

a+ b > 0). Under these conditions, even the “rotten” child who cares only about their transfer will
select the effort that (weakly) improves aggregate Y because it raises their transfer.

133. Suppose one agent mutates or otherwise comes to contemplate deviating to a low effort e;. The
deviation changes total Yby (a + b) (e; — e;) and hence their transfer by ®:(Y) - (a+ b)(e; — e). They
will deviate only if the private gain from lowering effort (reduced cost) exceeds the loss of transfer:

134. C(e)) — C(e) < “2t(a+b)(e; — ;)

135. With equal sharing, this becomes

136. C(e;) — C(e;) < anﬁ(ei —e;).

137.1f C is convex, this generally fails for a unilateral large shirk: the left side (saved cost) may be larger or
smaller than the transfer loss depending on parameters. But in the marginal sense (small deviations),
the First Order Condition ensures no profitable infinitesimal deviation. For global stability we need the
transfer responsiveness and cost curvature to be such that downward deviations are unprofitable —
otherwise the loop can be destabilised.

138. We can now map these variables easily onto the hypercycle concept. Agents are equivalent to quasi-
species with effort corresponding to replication rate and catalytic spillover corresponding to
cross-activation coefficients. The catalytic parameter b is equivalent to the “product” of quasi-species
i that enhances the reproduction/replication of species i + 1, and the transfer rule ¢ measures a
mechanism that “closes the loop” (in Eigen’s hypercycle closure is molecular/catalytic; here it is
behavioural by redistribution). The error catastrophe analogues are clear: In hypercycles, a parasitic

replicator that takes resources without reciprocating can collapse the cycle. In families, noncredible
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transfers or preferential treatment that breaks the link between aggregate improvement and individual
payoff can let selfish actions proliferate and collapse collective productivity. Interestingly, this
perspective suggests a concrete biological route through which the closure conditions required for the
Rotten Kid result may fail. If the mechanisms governing contributions or transfers are influenced by
imprinted loci, then maternally and paternally derived genes can favour different allocation rules,
creating systematic incentives that deviate from aggregate efficiency. As Haig (2001) argues, many such
genes regulate tissues that mediate resource allocation (particularly the placenta and the mammalian
brain). Intragenomic conflict phenomena may therefore be open to interpretation as a specialized
genomic analogue of parasitism in a hypercycle or free riding in the family model, undermining the

alignment between individual actions and collective output.
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