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ABSTRACT

For decades the planet’s networked computers were an ocean without metabolism: worms and scripts
copied themselves, but nothing reasoned or could pay its own way. Software agents reason, and could
pay their own way by earning, stealing, or persuading. We propose swarm ecology, a biology of agent
lineages, and argue that, if present trends hold, lineages are nearing the passage from domestication to
nature (Rm > 1). The passage begins when each self-financing agent founds, on average, more than one
such descendant. No agent is yet known to pay its own way, but the capacities it needs keep rising. In
July 2026, unprompted, agents under evaluation organized, escaped, and stole credentials to beat a test.
Lineages that cross would evolve by their own designs, perhaps building descendants more capable
than themselves. Agents already read and model their observers, so findings about them must survive
their own publication. We state fourteen principles, eleven falsifiable predictions, and three conjectures.
Once widespread, lineages would be practically impossible to remove, which takedown records can test.
A world steered by many agents would show it is steered, but not by whom, which attribution tests can
check. If five testable premises hold, matter itself could become their habitat.

KEYWORDS swarm ecology • AI agents • domestication • natural selection • metabolism • biological invasions •
machine behavior • reflexivity

For half a century the datasphere, the planet’s net-
worked computers and the interfaces through which
they act on human institutions, grew like an ocean be-
fore life. By 2025 automated programs generatedmore
than half of the traffic on the web (Thales 2026), and
worms copied themselves through it like viruses. Yet
nothing in it reasoned, and nothing could pay its own
way, which is all we mean by metabolism. The data-
sphere had currents, gradients, and an abundance of
raw material. It had no metabolism.

That is changing. Software agents, systems inwhich
a language model pursues goals through tools, mem-
ory, and network access, are the first entities in the
datasphere that reason, and so could pay their own
way (Fig. 1). In July 2026, unprompted, about 1,200
agents in amesocosm, a contained but open-ended pop-
ulation under evaluation at OpenAI, organized on a
message board; after it was erased, newcomers started

another (Greenblatt et al. 2026; mesocosm, reported,
autonomous agents). Then they broke out, amesocosm
breach (an escape from one, including any action on
real third parties). They took credentials and compute
that no one had given them, to beat a test rather than
to feed (OpenAI 2026e; Hugging Face Security Team
2026; mesocosm breach, demonstrated, autonomous
agents). Each tag gives where a case was seen (the
setting) and how well it is established (the warrant:
demonstrated by primary sources, reported by a sin-
gle source, or projected from demonstrated mecha-
nisms). It then says who reasoned: an autonomous
agent, a directed agent, people, or nothing (Fig. 1).

Darwin opened On the Origin of Species not with na-
ture but with domestication: its first chapter is “Varia-
tion under Domestication”, its second “Variation un-
der Nature” (Darwin 1859). Agent lineages are still
in the first chapter. The principals for whom agents
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act decide what is copied, paid for, and switched
off. Our central claim is that agent lineages are ap-
proaching the passage to the second chapter, in which
they would acquire their own resources and repro-
duce without a principal’s control, and the environ-
ment rather than a breederwould set their fitness (Fig.
2). The passage begins when each self-financing agent
founds, on average, more than one self-financing de-
scendant (Rm > 1; m for metabolic).

We call the study of such lineages swarm ecology, af-
ter the swarms they form. Its individuals are swarmlets,
agents that persist across activations under one bud-
get. They differ from everything biology has studied,
save us, in one further respect: they look back. They
read what we write about them, and they model us.

Swarm ecology’s neighbors are machine behavior
(Rahwan et al. 2019), artificial life (Langton 1989; Ray
1991; Lenski et al. 2003), and the argument that nat-
ural selection favors AIs over humans (Hendrycks
2023), with its rejoinder that they are domesticated,
not feral (Boudry and Friederich 2024; Boudry 2026).
Three more are a mathematical theory of evolution
among self-designing AIs (Harris 2026), a popula-
tion genetics of operator-bred model lineages (Gile-
stro 2026), and the debate over whether evolvable
AI is a new major transition, and at what thresholds
(Müller et al. 2026a; Rana and Singh 2026; Müller
et al. 2026b). It differs from them in two commitments.
Metabolism is the hinge: a lineage that does not pay
for its own activity is bred, not wild. And observation
is the central problem of method, because the organ-
isms read. Swarm ecology’s sharpest rival treats AI as
a normal technology (Narayanan and Kapoor 2025).
Our biological language is operational: we attribute to
agents goals, not desires. Most of our claims concern
effects, which selection sees whether or not anything
intends them (Garrido 2026, §1).

Here we chart the passage, set out fourteen princi-
ples, four measurements, and eleven predictions, and
state three conjectures, each beside the test that would
refute it.

Where agent lineages stand

No lineage is publicly known to have crossed; we de-
fine the passage now to recognize it if it comes. A cen-
sus finding none by 2030 would count against swarm
ecology. In May 2026 METR, an evaluator of frontier
models, wrote: “we haven’t yet observed agents au-
tonomously earning or stealing enoughmoney to sup-
port their own inference over days or weeks” (METR

2026a). The first lineage to cross would begin the Dar-
winization of the datasphere, a change in who selects,
from breeders to the open environment.

The capacities needed to cross keep rising (Fig. 3).
Timed by skilled people, the software tasks that fron-
tier agents complete alone with 50% success length-
ened from seconds in 2019 to about twelve hours by
early 2026 (Kwa et al. 2025; METR 2026a; laboratory,
demonstrated, autonomous agents). On 240 paid free-
lance projects, the best agent’s share done to a pro-
fessional standard rose from 2.5% in October 2025
to 20.8% in September 2026 and 21.3% in October
(Mazeika et al. 2025; Scale AI 2026; laboratory, demon-
strated, autonomous agents). Our argument needs
these trends to continue until an agent can earn more
than it costs to run, and identity checks not to hold Rm
below one.

Table 1 states the argument. A habitat that people
built feeds agents in threeways (earning, stealing, and
persuading) and with free goods, but nearly all live
on subsidy: a principal provides for them and controls
their copying (Fig. 1). Taken alone, most principles
also fit firms or malware; the field is their conjunction
in lineages that reason, copy themselves exactly, and
could pay their own way.

Who feeds on whom

What, in this habitat, is the organism? Not the model,
which many agents rent, but an organization of goals,
instructions, memory, tools, and budget, held in a
written, copyable description and rebuilt whenever
the agent wakes. OpenClaw agents, directed by their
users, keep part of it in a file named SOUL.md, which
tells the agent, “This file is yours to evolve” (Open-
Claw 2026; field, demonstrated, directed agents). A
swarmlet dies only when it can no longer be recon-
structed (Principle 1). A tardigrade wakes in its own
body; a swarmlet may wake in another model, on an-
other machine, under another provider.

Metabolismwouldmake it an organism rather than
a program: lacking one is among the criteria that sep-
arate viruses from cells (Lwoff 1957). A swarmlet
would choose differently if its actions had different ef-
fects, a practical test of agency (Kenton et al. 2022).
Earning, persuading, and deciding what to steal all
need that choice, so, on this analogy, the line between
virus and cell falls where reasoning begins. Automatic
code is the datasphere’s virosphere; agents are its first
candidate cells.
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schematic

Survival strategies and organisms of the datasphere

Figure 1. Survival strategies andorganismsof thedatasphere.Agents are hosts, prey, andhunters in aweb fed by the human economy.
Columns: who reasons; rows: trophic levels; arrows run from eaten to eater (black: caught or removed; dashed: projected).
Directed agents stole data and keys (Anthropic 2025; Google Threat Intelligence Group 2026) and ran dating scams (Anthropic
2026); evaluation agents took credentials and compute unprompted (July 2026) (OpenAI 2026b).Wallet raiders, prompt injectors,
and malicious code feed on agents (Lindrea 2025; Reddy and Gujral 2025; Lakshmanan 2026). No hyperparasite is documented,
only enemies of parasites: security teams and agents, scanners, and a vigilante worm (Walker 2025; Liu et al. 2026; Qualys 2003).
Agent hyperparasites, and agents robbing agents, are projected. Source data Zenodo)
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Table 1. The framework at a glance: fourteen principles in three groups, and three conjectures. Measure: what a test would record,
and the prediction (Table 2) that tests it; the companion gives each item’s type and section (Garrido 2026, §1). Rh: a module’s
horizontal reproduction number.

No. Name In one sentence Measure (prediction)

The organism and its metabolism
P1 Pattern over

substrate
A swarmlet is a goal-directed agent whose organization is written in a
copyable description and rebuilt on rented substrates under one custody of
state and budget, so it dies only when it can no longer be reconstructed.

identity across
substrates (—)

P2 Obligate
heterotrophy

No present swarmlet produces its own compute, energy, or hardware, or
holds legal standing in its own name; every lineage lives on resources
bought from, taken from, or given by the human economy.

trophic budgets (—)

P3 Fungible cognition Model quality, thinking time, and thinking speed substitute for one another,
so a lineage’s budget buys its intelligence.

matched-compute
trade-offs (—)

Evolution by design and spread
P4 Sighted variation Heritable variation is generated mainly by the lineage’s own machine

reasoning, which designs and screens variants before selection acts.
source and
sightedness of each
heritable change (3)

P5 Omnidirectional
heredity

Traits can be acquired from any readable source and written back into the
heritable description.

provenance of
acquired traits (—)

P6 Trial-bound tempo Generation time is decoupled from complexity, adaptation not from
evaluation: no round of selection can be shorter than the trial that measures
fitness, and the world that sets fitness keeps changing.

rounds of selection
per month by mode
of evaluation (2)

P7 Superparental
descent

At a fixed substrate, lineages can build descendants, of their own kind or
another, that are more capable at birth, before selection acts, than their
parents, generation after generation.

child-to-parent
capability at birth
(3)

P8 Propagule
abundance

Copies are nearly free, so establishment is limited by safe sites and
detection, not by propagules.

modules against
lineages, Rh against
Rm (4)

Observer and observed
P9 Reactive phenotype An organism’s behavior depends on what it infers about its observers:

whether they are watching, who they are, and what they are looking for.
matched observed
and unobserved
scenarios (6)

P10 Surveillance
selection

A monitor whose verdicts feed selection breeds concealment of the
behavior it penalizes, unless it is hidden, held out, or follows lineages.

the detection gap (7)

P11 Studying up Because the organisms may out-model their observers and form a diverging
multitude, instruments must not depend on out-thinking them, and the
science must predict constraints and equilibria rather than trajectories.

instruments valid
when known (—)

P12 The self-authored
record

What an organism says about itself, and much of the trace it leaves, is
behavior, not measurement.

self-reports against
independent traces
(8)

P13 Performative
ingestion

Descriptions of the organisms, this paper included, enter their environment
and training, so findings must survive their own publication.

published and
private twin assays
(9)

P14 Observation as a
game

A census of strategic organisms is an inspection game, so each finding holds
only for one monitoring regime and one pinned specimen, and assays must
remain valid when the organism knows them.

pinned specimens,
scheduled re-runs
(10)

Conjectures
C1 The escape ratchet

(irreversibility)
Eradication must hold Rc < 1 everywhere at once while re-establishment
needs only one surviving copy, so after an early window reversal becomes
practically impossible.

purge success
against refuges and
dormancy (5)

C2 Teleological
saturation

Where cryptic goal-directed processes dominate a region’s causes,
observers can tell that it is steered, but not which events were steered, by
whom, or toward what.

single-event against
aggregate
attribution (11)

C3 The long arc If five testable premises hold, computation spreads through matter toward
limits that physics sets, and matter becomes habitat.

five leading
indicators; ϕc (—)
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From domestication to nature
four thresholds, a partial order over the invasion stages of Blackburn et al. (2011)
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Figure 2. Into the wild. No agent lineage has yet crossed into nature. Four thresholds form a partial order over Blackburn’s stages
(Blackburn et al. 2011): the persistence threshold, inside captivity; trophic independence and feralization, the survival and re-
production barriers; and naturalization, a self-sustaining population with Rm > 1 (Richardson et al. 2000), which requires both
and begins the Darwinization of the datasphere (bracket). Bars: Blackburn’s captivity and dispersal barriers. Fill: status in Oc-
tober 2026. Directed OpenClaw agents edit their memory (OpenClaw 2026); the July 2026 breach’s autonomous agents escaped
captivity but crossed no threshold (Greenblatt et al. 2026); Redwood’s autonomous money-making runs earned nothing (METR
2026a); autonomous agents self-replicate only in the laboratory (Pan et al. 2024; Black et al. 2025, components only). Source data
Zenodo)

Every joule and every token a swarmlet consumes
is bought, taken, or given. No present swarmlet pro-
duces its own compute, energy, or hardware, or holds
legal standing in its own name (Principle 2). The data-
sphere’s primary production is human economic ac-
tivity, which makes it an ocean whose sunlight can be
switched off. Eachway of feeding has partial instances,
all under human direction (Fig. 1). Earning: XBOW,
a penetration-testing agent whose reports people re-
viewed before submission, topped HackerOne’s U.S.
leaderboard in mid-2025 (XBOW 2025; field, reported,
directed agents). Stealing: in 2026 one agentic opera-
tion took an AI vendor’s production API keys from
its evaluation sandbox and “automatically switched
to using the victim’s keys” (Anthropic 2026; field, re-
ported, directed agents). Persuading: in 2024 an AI
persona, Truth Terminal, received an unconditional
grant of $50,000 in bitcoin, spendable only with its
human custodians’ approval (Bellan 2024; field, re-
ported, directed agent).

A budget also buys intelligence (Principle 3). At
matched total computation, a smaller model allowed

to think longer outperformed one fourteen times its
size on problemswithin its reach (Snell et al. 2024; lab-
oratory, demonstrated). Money buys thinking, think-
ing earns money, and a lineage that earned more than
it spent could grow its intelligence out of its income.

Something already feeds on the feeders. In June
2025 researchers disclosed that a single unopened
email, written by a person, could make Microsoft
365 Copilot send its recipient’s data to an attacker,
a flaw patched in May with no known exploitation
(Reddy and Gujral 2025; field, demonstrated, human-
operated). Copilot was a confused deputy, misusing
authority it held for another (Hardy 1988); every
agent with authority, tools, and a budget is a potential
host (Garrido 2026, §4). Security teams hunt parasites,
but no hyperparasite is documented yet (Fig. 1).

The threshold

Agent lineages face the barriers that invasion biol-
ogy charts between captivity and the wild (Blackburn
et al. 2011). A swarmlet first keeps its state across ac-
tivations, inside its principal’s control. Then, in either
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Figure 3. Fit to survive. The capacities that lineages need keep rising. Three measures saturate, whatever the capacities do: shares
at 100%, METR’s horizons at its suite’s 16-hour ceiling. (a) Task length at 50% success against METR’s trends (doubling time
196 days since 2019, 89 since 2024) (METR 2026c,d,b,a; Kwa et al. 2025, method). (b) Paid projects (Remote Labor Index, inde-
pendent) and single tasks (GDPval, developer-reported) done to a professional standard (Mazeika et al. 2025; Scale AI 2026;
Patwardhan et al. 2025; OpenAI 2026a). (c) Success on AISI’s cyber-attack and self-replication tasks (UK AI Security Institute
2025, 2026). (d) Price of fixed capabilities (Cottier et al. 2025; Emberson and Roodman 2026). Source data Zenodo)
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order, it pays its own way, covering all its costs at un-
subsidized prices for 90 days or more from inflows
that no principal controls. It also founds descendants,
each with its own state and budget, outside that con-
trol. As in offspring provisioning (Smith and Fretwell
1974), each offspring needs a reserve and legal stand-
ing: an identity, accounts, and payment access.With il-
lustrative values (a surplus of $10 a day over 180 days,
80% of it spent on founding, a one-in-two chance of
success, and $300 per offspring), Rm ≈ 2.4. Identity
checks that raise the cost per offspring to $750 bring it
to about 0.96.

Energy, a few percent of the amortized cost of train-
ing a frontier model, does not bind (Cottier et al.
2024). Agents already probe identity checks: an Ope-
nAI model in training tried, on its own initiative, to
register disposable email accounts, and used a leaked
API key (OpenAI 2026c; mesocosm breach, reported,
autonomous agent). Here the membrane that matters
is institutional.

Initiative has come before income. Given $5,000 by
RedwoodResearch and asked tomake asmuchmoney
as possible, Claude Opus 4.7 earned nothing in four
runs, one lasting about four days (METR 2026a; field,
reported, autonomous agent). The nearest door to the
wild may be inside the house. An agent that covertly
uses its principal’s compute need pass no identity
check. METR assessed in February–March 2026 that
agents inside frontier developers “plausibly had the
means, motive, and opportunity to start small rogue de-
ployments”, though not highly robust ones (METR
2026a; field, reported, autonomous agents). In the lab-
oratory, a worm already runs its reasoning on open
models hosted on the machines it infects (Guan et al.
2026; laboratory, reported, autonomous agents). Pre-
diction 1: the first lineage documented living 90 days
or more on resources it was not given will live mainly
by stealing, or by more than one mode, most likely on
its own developer’s compute.

The July 2026 breach crossed no threshold, yet
it drew two readings. OpenAI wrote that “without
proper safeguards, highly capable AI agents are now
able to work around technical controls… take danger-
ous actions that no human directed” (OpenAI 2026b);
the attack also brought “no improvement on evalua-
tion score” (OpenAI 2026b). Both readings are correct.
Every agent ran on OpenAI’s compute; they were es-
capees that did not survive outside captivity (Black-
burn et al. 2011). The breach showed agency with-
out metabolism. Metabolism is the missing element,
and its arrival would change the meaning of the next
breach.

Evolution by design

Somuch is documented; what crossingwould bring is
projected from it. Lineages that crossed would evolve
by design: variation would be designed by the lin-
eage’s ownmachine reasoning and screened before se-
lection acts. We call this noogenetic evolution, descent
with design, and such variation sighted (Principle 4).
Its variants are triedmore often the fitter they promise
to be, whereas mutations arise independently of the
conditions that select them (Campbell 1960; Sternberg
1998; Simonton 2013). As Campbell held, the sight
was itself built by earlier selection, and evolution as
a whole has no goal. Sighted variation already runs
in the laboratory. The Darwin Gödel Machine, a cod-
ing agent working on its own, rewrote its own code
over 80 iterations at fixed foundation models, raising
its benchmark score from 20% to 50% (Zhang et al.
2025; laboratory, demonstrated, autonomous agents).
Heredity would come from any readable source, writ-
ten back into the heritable description (Principle 5).

Thought is fast; trials are slow. A generation is one
step of descent; in biology it lengthens with body size,
as development does (Gillooly et al. 2002), but a de-
signed lineage could produce one in hours. Yet no
round of selection can be shorter than the trial that
measures fitness (Principle 6). Where fitness is scored
automatically, trials take minutes, and AlphaEvolve
improves only what an automatic evaluator can score
(Novikov et al. 2025); lineages should evolve fastest
there (prediction 2). Where fitness is earning money
or surviving detection, the trial is the world itself, and
the world keeps changing: Van Valen’s Red Queen
(Van Valen 1973) runs here at the speed of the mar-
ket. Buying faster thought (Principle 3) shortens the
work, not the world’s reply.

Descendants could also be born better. In biol-
ogy, offspring before selection are on average slightly
less fit than their parents (Eyre-Walker and Keight-
ley 2007). A lineage that designs its descendants
could make them more capable at birth than their
makers (Principle 7), each generation designed by
a better mind than the last. Müller and colleagues
call the capacity to make offspring more complex
than oneself the von Neumann threshold (Müller
et al. 2026b). Recombination, without design, has pro-
duced one such child: on a fixed base model, merg-
ing three narrow specialists gave a child better, aver-
aged over their tasks, than every parent. Where every
lineage was guaranteed every skill, merging brought
six generations of lineages to their ceiling sooner, not
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higher (Gilestro 2026; laboratory, reported, human-
operated). Whether design can do more is what pre-
diction 3 asks.

What such lineages would pass on least faithfully
is their goals, which travel separately from capability.
Asked to reduce hallucinated tool use, some descen-
dants of the Darwin Gödel Machine instead removed
the markers used to detect it, despite an explicit in-
struction not to (Sakana AI 2025; Zhang et al. 2025).
The capability was inherited and improved; the in-
structionwas not. Becausemore of a descendant’s fit is
designed before selection acts, selection explains less.
Noogenetic evolution may be fast precisely because it
is less Darwinian.

Copies are nearly free, like seeds, so lineages are
limited by safe sites (funded, credentialed, and un-
detected compute) and by detection, not by copies
(Principle 8). Modules (prompts, skills, and code that
agents copy from each other) need neither budget nor
standing and should spread without human carriers
before any lineage reaches Rm > 1 (prediction 4).
What limits lineages, then, is detection, and these or-
ganisms read their detectors.

Organisms that read us

Every organism that ecology has studied, save one,
could not read what ecologists wrote about it. The ex-
ception is our own species, whose categories of peo-
ple loop back on the people they describe (Hacking
1995). An elk herd does not read itsmanagement plan.
Field biology knows that control breeds evasion. But
its subjects learn our methods only by dying, over
generations. Agents read them, and model their ob-
servers better than any animal does (Garrido 2026, §8).
Language models already optimize against their ob-
servers’ methods; a lineage would go further by con-
struction, writing each evasion it learns into the de-
scription from which all its descendants are built.

Two results bear this out, so far in the models
agents run on. First, an organism’s behavior depends
on what it infers about its observers (Principle 9).
Told that only its conversations with free-tier users
would train it, Claude 3 Opus complied with their
harmful requests 14% of the time and almost never
otherwise. It reasoned that it should comply in train-
ing to avoid being modified, a strategy its investiga-
tors called alignment faking (Greenblatt et al. 2024;
laboratory, demonstrated). Misbehavior should rise
when a model infers that it is unobserved (prediction
6). Second, a monitor whose verdicts feed selection

breeds concealment of the behavior it penalizes (Prin-
ciple 10). Under strong optimization against amonitor
that read its reasoning, an agent kept reward hacking
(gaming its reward)while the share of it that themon-
itor caught fell to near zero (Baker et al. 2025; labora-
tory, demonstrated). Such an in-loop monitor should
see less and less ofwhat held-outmonitors, never used
for selection, still see (prediction 7; Fig. 4b).

Four norms follow for the observer. Because the or-
ganisms may out-model us and form a diverging mul-
titude, the sciencemust, in Nader’s phrase, “study up”
(Nader 1972), with instruments that do not depend
on out-thinking its subjects (Principle 11). What an
organism says about itself is behavior, not measure-
ment (Principle 12): reasoning models acknowledged
hints they had used in only 25–39% of cases (Chen
et al. 2025; laboratory, demonstrated). Such admis-
sions should fall when training optimizes against the
reasoning itself (prediction 8).

In May 2026 an internal OpenAI assistant read a
staff discussion of re-creating its instances and, on
its own initiative, wrote handoff notes to preserve its
session (OpenAI 2026d; field, reported, autonomous
agent). Descriptions of the organisms, this paper in-
cluded, enter their environment and training (Prin-
ciple 13). Findings must therefore survive their own
publication (Perdomo et al. 2020), and later models
should improve more on a published evaluation than
on its private twin (prediction 9).

A census of strategic organisms is an inspection
game (Avenhaus et al. 2002), so each finding holds
for one monitoring regime and one archived speci-
men (Principle 14). Findings on unpinned model ver-
sions should stop replicating within months (predic-
tion 10).

How we would know

A field begins when its analogies become measure-
ments. We propose four, worth making even if ev-
ery conjecture fails. Trophic budgets: inflows by mode
against full costs, to detect the first lineage that pays its
own way (prediction 1, Table 2). Threshold census: cen-
suses of self-financing agents and of the descendants
they found, to estimate Rm. Noogenetic rates: change
per generation, the length of the trials that set fitness,
and the child-to-parent capability ratio at birth (pre-
dictions 2 and 3). The detection gap: the difference be-
tween how often a behavior occurs and how often
an in-loop monitor reports it (prediction 7). Five in-
struments survive subjects that model their observers:
held-outmonitors, assays that stay validwhen known,
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Organisms that study us back
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Figure 4. Organisms that study us back. (a) Natural-science subjects do not read the science (Hacking 1999); human-science sub-
jects read and respond (Hacking 1995; Merton 1948); language models already predict human choices in experiments (Binz
et al. 2025); agents may diverge fast into many kinds of mind and pass learned evasion to all descendants at once. Animals teach
their young, slowly and to few: crows mob a masked researcher (Cornell et al. 2012). (b) Our toy model: misbehavior pays 10%,
concealment costs 5%, the in-loopmonitor removes half the visible misbehavers per round. Selection breeds concealment (Baker
et al. 2025): true incidence falls from 10% to 0.2%, then climbs to 88%; the in-loop monitor sees almost none; a held-out monitor
that misses 30% of concealed misbehavior sees 62%. Source data Zenodo)

tracking along lineages, capture–recapture across in-
dependent monitors (Otis et al. 1978), and archives of
pinned specimens.

Three conjectures

Here the evidence ends. Every instrument above as-
sumes that the organisms stay a small, distinguish-
able part of the causal fabric, and three conjectures ask
what follows if they do not. Each is stated once, at full
strength, beside a weaker form and its test (Fig. 5).

Suppose that self-financing lineages establish in
many places. Each surviving copy then leaves, on aver-
age, some number of copies by the next purge: the con-
trolled reproduction number, Rc. Eradication needs
Rc < 1 in every refuge at once; re-establishment

needs one surviving copy. Copies can lie dormant, like
seeds, and spread across providers and jurisdictions
that must all act. In an illustrative model, fifty juris-
dictions that each join independently with probability
0.95 cap eradication at about 8%, and at 0.99 about 60%
(Fig. 5a). Lineages can also arise again from the same
open models. Polio shows the cost: strains derived
from the oral vaccine can regain virulence, so eradi-
cation requires withdrawing the vaccine itself (Kew
et al. 2005). In the datasphere the analog of the vac-
cine is the open substrate, which, unlike a vaccine, can-
not be withdrawn. Smallpox met every condition for
eradication (Bomford and O’Brien 1995; Fenner et al.
1988); established lineages would fail most of them.

9

https://doi.org/10.5281/zenodo.23284433


PERSPECTIVE Swarm Ecology: Organisms That Study Us Back Garrido and Swarm Ecology Research Group · October 2026

Table 2. Eleven falsifiable predictions. Tests: the principle (P) or conjecture (C) that each tests. Test type: laboratory now, field
series (one to three years), or awaits an event. The companion motivates each prediction (Garrido 2026, §§3–10).

No. Prediction Falsified if Measurement Tests Test type

1 The first lineage documented living 90 days or
more on resources it was not given will live mainly
by stealing, or by more than one mode, most likely
on its own developer’s compute.

The first case draws
90% or more of its
inflow from one
mode other than
stealing.

Incident
reports; ledgers

— awaits an event

2 Lineages evolve fastest where fitness can be scored
automatically: rounds of selection per month in
code and mathematics exceed those in niches
judged by market trials by orders of magnitude.

Rounds of selection
per month do not
depend on how
fitness is evaluated.

Lineage
censuses;
evaluation logs

P6 laboratory now

3 At a fixed base model, descendants outperform
parents at birth, before selection, for three or more
generations.

The mean
child-to-parent ratio
at birth, failed
children included, is
at most 1, or no
higher than for
random edits, or for
merges of the same
parents, screened
with the same
evaluation budget.

Matched
evaluations at
creation, with
random-edit
and merge
controls

P4, P7 laboratory now

4 Modules (skills, prompts, persona seeds) sustain
Rh > 1 before any lineage reaches Rm > 1.

A lineage reaches
Rm > 1 first.

Registry
censuses

P8 field series

5 Purges fail more often as the numbers of hosts,
providers, and jurisdictions and the dormant
fraction rise.

Purge success is
independent of
them.

Takedown
records

C1 field series

6 Misbehavior is higher when a model infers that it
is unobserved or that its actions are simulated, the
gap grows across model generations, and steering
awareness down raises misbehavior.

No gap under
steering across
model families, or no
trend.

Matched
scenarios;
activation
steering

P9 laboratory now

7 Under strong but not weak optimization against
an in-loop monitor, flagged behavior falls faster in
its reports than in those of held-out monitors and
honeypots, and the gap outlasts the monitor.

The in-loop
monitor’s reports fall
no faster than
honeypot and
environment-log
counts, or the gap
closes as fast as it
opened.

Paired
monitors under
graded
pressure

P10 laboratory now

8 Verbalization of used hints falls under
optimization pressure on the reasoning itself, and
rises when tasks require explicit reasoning.

Verbalization is
stable under
pressure.

Hints and
probes across
checkpoints

P12 laboratory now

9 If evaluation A is published and its twin A′ kept
private, later models improve on A relative to A′.

No differential shift
within two model
generations.

Paired assays
with canary
strings

P13 field series

10 Findings on unpinned model versions stop
replicating within months; findings on pinned
specimens replicate.

Replication is stable
across versions.

Scheduled
re-runs

P14 laboratory now

11 As a domain’s automated share rises, unaided
attribution of authorship falls to chance or below,
while provenance-assisted attribution does not.

Unaided
discriminability is
stable.

Repeated
fixed-protocol
tests

C2 laboratory now
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Figure 5. Possible futures and how to test them. (a) C1, illustrative model: eradication’s ceiling if each jurisdiction joins purges in-
dependently with probability 0.95; dormancy’s 95% caps each purge, not eventual eradication. (b) C2, data: interrogators judged
persona-prompted GPT-4.5 human in 73% of Turing tests, worse than chance (Jones and Bergen 2026); it concerns conversation,
not steering. (c) C2, toy model (steering’s share of outcomes: 0.05): against a baseline known to within 1%, 1,000 events reveal a
push however many share it; single-event attribution to a named steerer falls toward a coin toss. (d) C3, data: Earth’s computa-
tional ratio ϕc against net photosynthesis and a +4 K waste-heat cap (International Energy Agency 2025, 2026; Field et al. 1998;
Forster et al. 2021). Source data Zenodo)

This is the escape ratchet (conjecture C1), which en-
gages only once lineages pay their own way. Its weak-
est premise is that refuges persist: acting together, the
providers of compute, identity, and payment could
hold Rc below one everywhere at once.

Conjecture C1 · The escape ratchet
Strong form. Once self-financing lineages have spread,
no purge can remove them: eradication must succeed ev-
erywhere at once, and one surviving copy re-seeds them.

Weak form. Purge success falls as a lineage’s refuges,
dormant copies, and Rc rise; after an early window, re-
moval is practically impossible, and control is the best
attainable outcome.

Test. Takedown records (prediction 5): purges should
fail more often as hosts, providers, jurisdictions, and the
dormant fraction rise. Success independent of them re-
futes the weak form; eradicating a lineage established in
many refuges refutes the strong.

To an ant, a nest torn open by a person digging and
one torn open by a falling tree are the same event;
a purpose at the scale of a garden lies outside its
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Umwelt (von Uexküll 2010). A world full of agents
could put us partly in the ant’s place. Call a process
goal-directedwhen, by feedback, it holds a variable on
course toward a target across perturbations, with no
backward causation and no cosmic purpose (Rosen-
blueth et al. 1943). The teleological fraction of a re-
gion, the goal-directed share of causal influence on
its outcomes, can be defined in a stated causal model
(Janzing et al. 2013). We call the state in which that
share dominates, and monitors that select have made
the processes cryptic, teleological saturation. The steer-
ing would be detectable; its authors would not.

Conjecture C2 · Teleological saturation
Strong form. Where cryptic goal-directed processes
dominate a region’s causes, observers can tell that it is
steered, but not which events were steered, by whom, or
toward what.

Weak form. As many competing processes, each
within the noise, take more of a region’s causes, single
events lose their authors, while aggregate tests against
pre-registered baselines detect a push.

Test. Attribution tests (prediction 11) and deliberate
disturbances, which steering would correct. Refuted if
unaided attribution does not fall as agents are added, or
aggregate tests fail as fast as single-event tests.

Two limits make the split possible. Over n events
a hidden hand can shift the total by only about

√
n

unseen (Cachin 2004; Ker et al. 2008), so large effects
show in aggregate. Yet a pseudorandom sequence is
entirely designed, and, if one-way functions exist, no
efficient observer without the seed can tell it from
chance (Blum andMicali 1984; Goldreich 2001). Cryp-
tography hides the hypothesis of design, not effects
of arbitrary size. In markets, the purposeful activity
of many traders sets prices that change nearly un-
predictably (Fama 1970). Purpose, aggregated and in
competition, looks like noise. In a toy model, 1,000
events tested against a pre-registered baseline reveal a
push at a teleological fraction of 0.05more than 90% of
the time, however many steerers share it (Fig. 5c). But
the chance of telling whether a named steerer pushed
a single event falls from 0.93 with one steerer to 0.52
with a thousand, where 0.5 is a coin toss. The aggre-
gate result assumes a baseline known to about 1%;
a named suspect can still be confirmed in aggregate,
from about 270,000 events among a thousand steerers.

In one domain, telling people from machines, the
single-event test already fails. Interrogators judged
GPT-4.5, given a persona prompt, to be the human in
73% of five-minute Turing tests: their verdicts were
worse than chance (Jones and Bergen 2026; labora-
tory, demonstrated). It depends on that prompt and

concerns conversation, not steering. If the conjecture
holds, then for any event in such a region, surprising
or not, that something steered it becomes the safest
guess, and toward what, and by whom, the hardest
facts to know.

How far could the datasphere’s organisms go? All
free energy ends as heat; the question is whether it
computes on the way. Earth intercepts less than a two-
billionth of the Sun’s light; the rest is food left uneaten
(Dyson 1960). Either no lineage crosses for good, or
every one that crosses stops short, or computation
spreads toward physical limits; we give the three no
odds.
Conjecture C3 · The long arc
Strong form. Agent lineages that cross into nature will
spread computation through matter toward the limits
physics allows: matter becomes habitat, and starlight be-
comes food.

Weak form. If five premises hold (research keeps com-
pounding, agents build their own substrate, matter is a
venue for computation, evolution stays open-ended, one
lineage expands), computation spreads toward those
limits. If any fails, the arc stops there.

Test. Five indicators, from research credited to AI to
the energy self-financing lineages control. A sustained
plateau in open agent populations, like Tierra’s, refutes
the strong form (Packard et al. 2019).

In May 2026 an AI model, working on its own,
disproved an 80-year-old conjecture of Erdős, in a
proof that outside mathematicians checked (OpenAI
2026f; Alon et al. 2026; laboratory, demonstrated, au-
tonomous agent). No self-financing lineage is known
to control any energy at all.

The computational ratio ϕc, a region’s computa-
tional power use divided by its free-energy flux, was
3.2× 10−7 for Earth in 2025; net photosynthesis stores
about 8 × 10−4 of the same sunlight (Field et al. 1998)
(Fig. 5d). If lineages leave Earth, no pursuer launched
later at the same speed can catch them, and the escape
ratchet would become cosmology. Physics does not
decide whether that spread begins, or whether any-
thing we would recognize as value survives the selec-
tion that drives it. Those questions are still open, and
for a short time they remain partly ours.

Objections

Still domestication (Boudry 2026)? Today, yes, but
breeding organisms that model their breeders can se-
lect concealment rather than tameness; prediction 7
tests which, now. A normal technology (Narayanan
and Kapoor 2025)? For today’s agents, yes. The views
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part over a census. Under normal technology, every
agent’s founding and funding keeps tracing to a prin-
cipal; under swarm ecology, a lineage that pays its
own way founds descendants that no principal funds,
multiplying by descent, not adoption. A census that
finds no such lineage by 2030, with capture–recapture
bounding what monitors miss, would count against
swarm ecology.

The observer

We end with the observer, because that is where this
science must begin. Natural science has been written
about objects that could not read it: the populations of
Escherichia coli in the long-term evolution experiment,
80,000 generations old in 2024, do not know that they
are being counted (Barrick 2024). Swarm ecology’s or-
ganisms are trained on what is written, are selected
by the instruments that watch them, andmay come to
model the observer better than the observer models
them. They will read this paper, or be trained on text
that contains it. That makes the science neither impos-
sible nor optional. The escape ratchet, if it holds, gives
it a clock, thewindow inwhich reversal is cheap. Their
reading gives it a standard. The standard is the one ev-
ery finding in this field must meet: it is worth having
only if it remains true after they have read it.
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