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Significance statement

Artificial intelligence increasingly consists of populations of models. Models are fine-tuned from
common ancestors, trained on data that earlier models generated, and combined by weight
merging. These practices couple model generations the way reproduction couples biological
generations, and they raise the same question: how does a population keep and accumulate
abilities over time? I transfer the population genetics of sexual reproduction to this setting
and test it in simulations, small neural networks, and language models. The framework recasts
continual learning at the population scale and yields design rules: how much real data retraining
needs, when to combine models, when to keep them separate, when to stop combining them,
and how to anticipate a failed combination before making it.

Abstract

AT development increasingly resembles a population process. Models are specialised, retrained
on model output, and recombined by weight merging, in evolutionary vocabulary with little
evolutionary theory. I treat multigenerational model populations as systems whose inheritance,
diversity, and compatibility must be managed, and transfer to them the population genetics of
sexual reproduction. That training on model output is genetic drift, with model collapse its
signature, is established; here I develop what follows. A minimal inheritance model is exactly
Wright—Fisher, and trained networks depart from it by a measurable, architecture-specific bias.
In this model grounding is immigration: a real-data fraction far below one retained most equi-
librium diversity, and protecting a rare capability costs the inverse of its frequency. Refitting
a child to the average of its parents’ outputs cancels the gain of having several parents, to first
order for rare items, whereas operators that keep each parent’s strongest contribution realise
it. Merged language-model specialists exceeded every parent across seeds. In a six-generation
language-model population, lineages obliged to merge collapsed once partners stopped knowing
different things; lineages allowed to refuse a merge, or made to stop after three generations,
finished level with never merging, with or without selection between lineages, and merging with
one’s own ancestor was safer than merging with a contemporary. Blind recombination fails
on rugged task landscapes; screening candidate offspring restores the gain. I introduce model
speciation: the merge barrier remaining after permutation-and-rescaling alignment tracks func-
tional conflict, isolation did not emerge from specialisation alone, and pre-merge functional
disagreement predicted merge damage where weight geometry did not.
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Introduction

Machine learning has become a population-scale phenomenon. Public repositories host millions
of models (Hugging Face passed three million by 2026), most of them fine-tunes, distillations,
or merges of a few foundation models, forming family trees already mapped by phylogenetic
methods (1-3). Model merging, the combination of trained parents into a new model by av-
eraging their weights, is mainstream practice with standard tooling and thousands of hybrid
checkpoints, some topping leaderboards (4-7), and its literature already speaks of “crossover,”
“mutation,” and “mate choice” in populations of merging models that climb benchmarks (5,
8-10) and stagnate as their members grow alike (11).

Generations are coupled through data as well as weights. Models increasingly learn from
model output: frontier alignment pipelines are predominantly synthetic (over 98% in docu-
mented cases; 12, 13), self-generated instruction data seeds whole lineages (14), much of the
public web is machine-generated or machine-translated (15, 16), and the stock of human text
is projected to run out within this decade (17). Multi-agent systems and agent economies put
many models into sustained contact (18-21). A population whose members inherit from one
another, recombine, and retransmit is an evolving population in the technical sense, and I trans-
fer to it the branch of biology built for that situation, the population genetics of the evolution
of sex (a transfer anticipated by the reading of sex as an algorithm for mixability; 22).

Training each generation on the previous generation’s output degrades it (model collapse).
Rare capabilities vanish first and the lineage drifts toward its own most common behaviour (23).
That degradation is genetic drift, the loss of rare variants in any finite population when each
generation is a finite sample of the last (the accident by which rare surnames vanish from small
villages, with nothing selecting against them). The identification has been made repeatedly
and independently, for sequential inference chains before deep learning (24), for language-model
text ecosystems (25), as a first-extinction law (26), and in quantitative-genetic form for self-
consuming diffusion models (27). Drift is only the entry point, because population genetics is
above all a theory of what keeps a finite population from decaying (immigration, recombination,
selection, population structure) and of where each of those fails, and every one of them has a
counterpart that the operator of a model population can switch on: real data entering each
generation, merging, selection against a verifier, and the choice of which models merge with
which.

An operator of a model population faces recurring decisions with no principled guidance.
How much verified real data does retraining need? Will combining two models compose their
abilities or damage them? Can incompatibility be detected before a failed merge is paid for?
When should specialists be kept separate? These are machine learning’s oldest problem, contin-
ual learning (acquiring new abilities without losing old ones; 28, 29), transposed from a single
network to a population whose members inherit from one another, and each has a population-
genetic answer with a number attached (how many real samples per generation, how far the
average sits below the best parent, how much the parents disagree on shared inputs). Table 1
gives the correspondences the argument runs on. Fig. 1A maps the programme across three
tiers (an inheritance model in simulation, trained neural networks, language models). Fig. 1B
draws the change of viewpoint the transfer rests on. Models are usually pictured as a society
in space, contemporaries exchanging messages, but the couplings that matter here (training
on model output, merging, real data entering each generation) run between generations, and a
society coupled in time is what population genetics describes.
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Figure 1: A map of the study. (A) Each row is a biological mechanism the paper borrows, each

column a level of realism at which it is tested: an inheritance model (an exact simulation of
knowledge transmission, green), trained neural networks measured against exact oracles (blue),

and language models (blue). Filled cells name the experiments run at each level and, in the

corner, the figure or table reporting them; grey cells were not run, either because the result is

established in prior work (23, 34) or because that level adds no new test for that question. The

inheritance model is the reference column: it sets the expectation the real-model experiments

are read against. (B) The change of viewpoint the transfer rests on. A group of models is

usually pictured as a society in space, contemporaries exchanging messages.

studied here run between generations: training on model output (inheritance), weight-space
merging (recombination), and verified real data entering each generation (immigration from
reality). That is a society in time, which is what population genetics describes. Dots are

capabilities: the rare one (gold) is lost under single-parent inheritance, reassembled by merging

complementary parents, and re-supplied by grounding.
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Results

The inheritance model and its calibration against trained networks

Knowledge is modelled as a distribution p_t over K discrete items, each standing for a capability,
a fact or a mode of behaviour. An item is the counterpart of an allele, and a capability is
what an item stands for. A fixed true distribution p* gives each item its true frequency, and
its rare tail (the items of lowest frequency) carries the knowledge most at risk. Following
population genetics I call an item’s frequency p_i its mass, the probability that one sample
drawn from the distribution is that item (the allele frequency of Table 1), and the mass of a
set of items is the sum of their frequencies. One generation has a single parent and a single
child (several parents are the subject of the merging section) and consists of three steps: draw n
samples from the parent’s distribution; optionally add m samples drawn from p* itself, standing
for real data that has passed a verifier (grounding, with grounding fraction g = m/(n+m));
and fit the child’s distribution to the pooled n + m samples (the refit, which in the minimal
model is simply the observed frequencies). The resampling step is the Wright—Fisher process,
population genetics’ canonical model of neutral evolution, in which each generation is a random
sample of size n from the last. In this inheritance model the Wright—Fisher “population” is the
sample a child is trained on and its “individuals” are the n + m samples, so it is a model of
a learner. Diversity throughout is heterozygosity, H = 1 — ¥ p_i?, the probability that two
items sampled independently from the distribution differ (high when the mass is spread over
many items, zero when one item holds it all). The simulator reproduces three closed forms of
the process to within 0.5% of the analytic value (Methods): the heterozygosity decay under
drift alone, E[H_t] = H_O0(1 — 1/n)~t; the stationary diversity under real data, written in
the next subsection; and, for K parents that each hold a given rare item with probability q and
whose holdings are correlated by p (0 fully complementary, 1 identical), the expected fraction of
rare items held by at least one parent, pq + (1 — p)(1 — (1 — g)~7K), used in the merging
section.

Trained networks are not exact copiers, because they add approximation error, optimisation
noise and their own inductive bias to the resampling step, so before using Wright—Fisher as a
reference I measured how far real learners depart from it. Run through the same generational
loop against an exact oracle, they departed in opposite directions (Fig. S2). The sequence
generators (a recurrent and a feedforward network) smooth, spreading probability onto items
they have never seen, and so collapse more slowly than drift predicts while keeping spurious
variants alive. The image autoencoder sharpens, concentrating probability on its commonest
modes, and so collapses faster (Fig. 2A; the comparison with drift in Fig. S2). Both departures
are reproduced by adding one knob to the copying step, a mutation rate toward a prior for
smoothing or a temperature for sharpening (Fig. S2). A real learner is therefore treated
throughout as Wright—Fisher plus a signed, measurable bias, and the two predictions that
matter here (rare items are lost first, and real data arrests the loss) held in every architecture
tested (Figs. 2 and S1).

In biological terms, retraining a child on a single parent is asexual reproduction. In a
population that never recombines, a loss that happens to reach every individual can never be
undone, because no individual retains the copy from which it could be rebuilt. Each such loss
clicks the population one notch down, and the notches turn only one way. This is Muller’s
ratchet (30), and model collapse has the same irreversible arm. Once every copy of a rare item
is gone from all parents and all sources nothing can rebuild it, and the inheritance model shows
the trap in its commonest form: a population that adopts its own collapsed output as its new
reference never recovers the items it had lost, whatever real data it is fed afterwards (Fig. S3).
Remedies must therefore act while copies still survive somewhere in the population.



Table 1. The dictionary. Each biological term is introduced in the section that develops it.
The support column names where the evidence comes from: a figure panel or Supplementary
figure or text of this paper, a reference number for the literature, or both. “Closed form” means
derived in the inheritance model and verified against simulation; “empirical” means measured
in a trained system; “hypothesis” means stated with a falsifier and untested.
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The real-data fraction required to arrest collapse

Grounding, the mixing of verified real data into each generation’s training sample, plays in
the inheritance model the role that immigration plays in population genetics. A fixed external



source (p*) supplies a fraction g of each generation’s sample, and a population that would
otherwise drift to fixation settles instead at a stationary diversity (33, 34, 56). I swept g from
0 to 0.4 across 100 independent lineages (Fig. 2B and Fig. S4) to separate two questions: how
much real data holds aggregate diversity, and what happens to an individual rare item.

Part of the aggregate answer exists already: that a self-consuming loop fed fresh real data
settles at a stationary state instead of collapsing was shown for generative models (31), a
sufficient condition on the real fraction for stability has been proved (32), the same loop with any
non-vanishing synthetic fraction never recovers the real-data scaling law (57, 58), and in the first
collapse study retaining 10% of the original data held perplexity steady over ten generations (23).
These results establish that a grounded lineage stabilises below the real data without saying
where, and the inheritance model gives the level in closed form: with m real samples added
to n inherited ones each generation, diversity settles at H_eq = H* - m(2n+m—1)/ (n+2nm+m?),
where H* is the diversity of the source, and the simulator matches this to within 0.5% (Fig.
2B). Two consequences follow that the earlier results could not show. The first is that what
holds diversity is the count of real samples per generation, not their share of the training set.
Whenever real samples are a minority (m < n) the formula reduces to H_eq ~ H* - 2m/(2m+1)
and n drops out: one real sample per generation keeps two thirds of the source’s diversity and
ten keep 95%, however large the inherited sample is. The expression is Wright’s island model
in haploid form: the shortfall 1/(2m+1) is its fixation index F_ST for a population receiving m
migrants a generation, and the rule of thumb of conservation genetics is stated as one migrant
per generation (35), a count and not a fraction, because of the same cancellation. The size of
the receiving population drops out, and how much of the source’s diversity an island keeps is
set by how many migrants reach it. In the tested setting (K = 1000 items, n = 200 inherited
samples per generation, and a true distribution whose item frequencies fall off as a power law,
a Zipf distribution, the standard model of the long tail of natural data) 95% of the source’s
diversity was kept from g ~ 0.05 upward (Fig. S4), but that fraction is ten real samples
divided by a training set of 200, and it shrinks as the training set grows. The second is that
the curve is smooth. Diversity rises gradually with m, there is no value at which a lineage
switches from collapsing to safe, and the lineage never reaches the source (the shortfall is about
1/(2m+1) at any budget, as the scaling-law results require; 57, 58). Any threshold quoted for
real data is therefore a retention target one chooses and reads off the curve, not a property of the
system. Comparable fractions are reported for accumulating real data in language models (34)
and for the replay ratios of continual learning. Optimal mixing ratios derived for squared-error
regression are far higher (about 0.6; 59), because that objective weighs every sample equally
where the question here is which items survive at all.

Aggregate diversity cannot say whether one particular rare item survives, and for that the
answer is elementary. Call the number m of verified real samples added per generation the
real-data budget. Under unstratified sampling an item of frequency p appears in a batch of m
real samples with probability 1 — e~ —mp, so a budget of m ~ 1/p gives only a 63% chance of
seeing the item once per generation; an item that appears in one real sample in ten thousand
needs a budget of about ten thousand real samples every generation. The budget is therefore
set by the rarest item one refuses to lose, and it is a lower bound, because a single copy that
does arrive enters a pool of n + m samples and can still be lost when the child is resampled
from it (Fig. S4D, where the rarest items recover last). The rule is the immigration counterpart
of the per-item extinction laws derived for closed loops (25, 60). It also explains an observation
reported by others and left unexplained, that the absolute count of real samples predicts collapse
better than their proportion (61): the aggregate closed form and the per-item rule both depend
on m, not on g. The same arithmetic has been observed on the acquisition side, in pretraining
itself: about 250 documents install a rare behaviour in models from 600 million to 13 billion
parameters, although the larger models see twenty times more data, so the documents’ share
of the corpus falls twentyfold while their effect does not (62). One migrant per generation, 250



poisoned documents and mp 2> 1 are one rule read three times: what a population keeps, or
acquires, of a rare item is set by the number of copies that reach it each generation, not by the
size of everything else it is trained on. A fixed budget stretches further in two ways. Real data
protects only the topics it covers, since when the 1,000 items are split into ten topics and the
same budget is spent either on one topic or evenly over all ten, real data aimed at the topic
keeps about half of its rare items alive and real data spread over all topics keeps 7% (Fig. S5),
so a capability is protected by real data about that capability, not by real data in general. And
an item lost from one lineage can be recovered from another lineage that still holds it, which is
the subject of the next section.

In the trained networks (the recurrent and feedforward generators on the synthetic universe,
Fig. S6, and the convolutional VAE on MNIST, Fig. 2A and Fig. S7) grounding reduced
collapse in every case, as prior work at language-model scale had found (23, 34). Compared
against the exact model, the trained networks depart in two ways, both consequences of the
estimator bias measured above. The threshold softens: in the recurrent network the distance
from the truth falls gradually over the whole range of g tested (Fig. S6B), where the inheritance
model’s diversity saturates within a few percent. And the usual measure of collapse fails for a
smoothing learner. Such a network keeps assigning probability to items it was never trained on,
so counting how many rare modes survive overstates its health; in the recurrent network that
count is not even monotone in g (Fig. S6D), while a network can retain every mode and still
hold the mass in the wrong proportions. For smoothing learners I therefore measure collapse by
the forward Kullback—Leibler divergence from truth to model, the standard measure of how well
a model covers a distribution, which penalises every region where the truth has mass and the
model has little. On real images (Fig. 2A) ungrounded self-training collapsed a convolutional
VAE from thirty modes to one within fifteen generations, while about 10% grounding held all
thirty (Fig. S7). The autoencoder needed about 10% real data where the inheritance model
needed 5%, and the difference is what its sharpening bias costs: a learner that concentrates
mass on its commonest modes loses rare ones faster than sampling alone would, and needs more
real copies to hold them.

Merging operators and the retention of rare capabilities

Refitting a child on the average of its parents’ output distributions is blending inheritance, the
pre-Mendelian view of heredity in which offspring are an average of their parents. Fleeming
Jenkin’s objection to Darwin (63, 64) was that under blending a rare favourable variant is
halved at every cross and swamped within a few generations, so selection could never establish
it; particulate (Mendelian) inheritance, in which an allele passes intact or not at all, answered
the objection, and blending was abandoned as a theory of heredity. Averaging does to a rare
capability exactly what Jenkin said blending would do to a rare variant, and blending inheritance
is therefore the right null model of merging. The same dilution has been reported in machine
learning under three different names, without being recognised as one phenomenon: distilling
onto an ensemble mean discards the members’ diversity (65), averaging expert weights loses to
routing among the same experts (66), and an update held by one of N parents is scaled by 1/N in
their soup (67). In the inheritance model the dilution is a conservation law: the expected mass
of a rare item in the child is gq-p (its mass p in a parent that holds it, times the probability q
that a parent holds it) whatever the number of parents, so averaging over more parents neither
helps nor harms a rare item’s expected share, and the proposition below says exactly when the
same holds for its survival.

Proposition (blending inheritance, rare-item regime). Let each of K parents inde-
pendently retain a rare item, which has mass p in a parent that retains it, and let the child
draw n samples either from one parent chosen at random or from the mean of the K parents’
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Figure 2: How much real data stops model collapse. (A) An image-generating network (a
variational autoencoder) is trained on handwritten digits, then a fresh copy is trained only on
the digits the previous one drew, for fifteen generations, with no real data added. Each row is
a later generation (0, 4, 8, 12, 15) and each column a randomly chosen drawing. The thirty
kinds of digit (ten digits x three stroke thicknesses, some kinds rare) collapse to one blurred
shape; an independent classifier confirms that the number of kinds still drawn falls from 30 to 1,
while adding 10% real digits each generation keeps all 30 (Fig. S7; 4 replicates). (B) The same
question in the inheritance model, the exact simulation: 1,000 knowledge items, 200 samples
drawn per generation, and a fraction g of fresh real samples mixed in. Points are the diversity
the population settles at after 500 generations (mean and 95% CI over 100 lineages), the dashed
line the exact prediction (the immigration—drift equilibrium), the dotted line the diversity of
the real data itself. The curve is smooth, so any threshold is a choice: the red line marks the g
at which 95% of the real data’s diversity is kept, about 0.05 (bootstrap CI shaded). The hollow
point at g = 0 has not yet reached its equilibrium of zero. The trained image model needed
about twice this fraction, because a trained network is not the exact copier the simulation

assumes (Fig. S2).



distributions. The expected mass of the item in the child’s sample is the same under both
schemes. When the item is rare enough that even a parent holding it rarely contributes more
than one copy to the child’s sample (n-p < 1), the probability that the item survives into the
child is the same too: averaging over K parents makes the item K times more likely to be present
in the mixture, and K times less frequent when it is, and the two factors cancel (proof in SI Text
S4).

The proposition fixes the baseline against which any merging operator is judged, and it has
two boundaries. For items common enough that the child usually sees several copies, averaging
is safer than inheriting from one random parent, because the probability of losing an item is
a convex function of its mass and averaging evens out which parent happened to hold it; the
cancellation is a statement about rare items, which are the ones at risk. A wunion operator,
which keeps for each item the mass it has in the parent holding it most strongly (and therefore
needs a verifier to say which parent that is), raises expected retention with every additional
parent at every rarity tested (Fig. S8).

Neither scheme is what model merging does in practice. The two operators in use are weight
averaging, which averages the parents’ parameters (a network is nonlinear in its weights, so
averaging weights does not average outputs and the proposition applies only by analogy; but
an update held by one of N parents is still scaled by 1/N in the average (67), which is the
dilution the proposition describes), and routing, which keeps every specialist intact and sends
each input to the specialist that owns it (68), the practical form of the union. I compared the
two at two model sizes (0.5B and 7B parameters) on easy and on deliberately hard task families
(Fig. 3C for 7B on the hard families; the other size and difficulty combinations in Supplementary
Information, Table S2). Routing wins by the amount averaging loses to dilution, and two things
set that loss. On the easy families a 7B base has nothing to lose: after averaging it scores at
ceiling on two of the three families (1.00 on both), so routing has nothing to recover and the two
are equivalent. On the hard families the average falls to the level of the best single specialist
(0.41 for both, over three 7B seeds), because it dilutes each specialist’s own skill, and routing
among the intact specialists wins by a wide margin (0.50, ahead in every seed). A weak base
(0.5B) shows the same gap even on the easy families. The operative variable is the headroom,
the distance between what the weight-average scores and what the specialists would jointly
score if every input reached the right one: it is large wherever there is room to lose to dilution
(a weak base, or hard tasks at a strong one), and neither model size nor task difficulty alone
predicts it. On the second base lineage the ordering is the same and the margin larger (routing
0.33 against soup 0.17 on the hard families at 1.7B, ahead in every seed, with the soup below
the best specialist in every seed; Fig. S16). Whether the gain scales quantitatively with the
headroom is untested.

Merging complementary specialists can also yield a model better than any of them, the
Fisher—Muller effect (37, 38). In an asexual population two useful variants that arise in different
individuals can never meet in one descendant; the lineages carrying them compete, and one is
lost. Recombination puts both into one offspring, which is why sexual populations adapt faster.
In the multi-locus inheritance model, merged decorrelated specialists reach a combination of
variants (a genotype) that no parent held, while the best parent and the blended average plateau
below (Fig. S9). Merges of three LoRA (69) specialists reproduced the signature, beating every
parent overall (0.65 against 0.59 over five seeds at 0.5B; 0.87 against 0.81 over three seeds at 7B,
in every seed), and on worst-family accuracy they were the only models competent everywhere,
in every seed (Fig. 3B). The same protocol on an unrelated base lineage (SmolLLM2-1.7B-
Instruct: a different laboratory, architecture family and pretraining corpus) gave the same
result in every one of five seeds (merge 0.66 against best specialist 0.61 overall; worst family
0.32 against 0.13; Fig. S16). That merges can exceed their parents is established for adapters
(4, 36, 70); the model contributes the condition under which it happens and the operator that
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realises it.

Blind recombination is not always safe. On rugged (epistatic) landscapes, where a variant’s
contribution depends on the variants around it (71), recombining two adapted parents yields
offspring below both, and the optimal recombination rate falls as entanglement grows. Both
results are long established in population genetics (39) and evolutionary computation (41) and
are reproduced here only to fix reference values (Fig. S10). An engineered population has an
option a natural one lacks: breed many candidate offspring and keep whichever a verifier scores
highest. In the inheritance model this directed recombination recovers the gain on every land-
scape where blind recombination loses it (Fig. S11), and in language models it beat the a-priori
blend in every seed on hard tasks, including one seed where the blend failed catastrophically
and selection was unaffected (Supplementary Information, Table S2).

Ablation of a composed population

Grounding enters a population at two points. In the inheritance model it is grounded inheritance,
real samples added to the pooled sample the child is fit to. In a selecting population it is
grounded evaluation: an agent is scored partly against reality and partly against the population’s
own consensus (g-true-fitness + (1—g)-conformity). The consensus term stands for what a
population does when it has no verifier, which is to learn from its own outputs, so g = 0 is a
population that rewards agreement with itself. To ask whether grounding, recombination and
diversity contribute separately, I ran a four-arm ablation in the multi-locus inheritance model:
a population of 60 agents, each a genotype of 12 loci, adapting on a rugged (NK) landscape
for 80 generations (SI Methods M3), with one operator removed per arm (Fig. 4D-F). The full
system (grounded evaluation, directed recombination, and diversity-preserving selection (54; its
inheritance-model reference in Fig. S12)) approached the global optimum while keeping its
specialists. Removing grounded evaluation converged the population confidently on an unfit
consensus, the self-consumption failure. Removing recombination stranded it on local optima,
and removing diversity converged it prematurely on a worse answer. The arm without grounding
fails by construction, since a rule that scores agreement will converge on agreement, but the other
two removals fail in ways of their own, so under these conditions recombination and diversity
are not substitutes for grounding or for each other. Magnitudes depend on the mutation, restart
and selection schemes, which were not varied.

A six-generation language-model population

Merging has been iterated before, in two forms. Evolutionary merging holds a pool of parents
fixed and recombines it repeatedly (5, 8, 9), and over several generations the pool stagnates as
its members grow alike (11). Continual merging folds a stream of independently trained experts
into one running model (53, 54, 72, 73), and in long streams it degrades unless merging is gated
by similarity or stopped early (53, 54). In neither form does a lineage learn a new skill by training
between merges, so what happens to a composed capability when it is inherited, extended and
recombined has not been measured. I ran inheritance, recombination and immigration together
as a population of language models across six generations on real datasets.

Three lineages start from one frozen base model (Qwen2.5, 1.5 billion parameters, untrained
on the tasks). Each generation, every lineage acquires one new skill from six public datasets
(natural-language inference (MNLI; 74), science questions (ARC-Easy; 75), commonsense com-
pletion (HellaSwag; 76), reading-comprehension spans (SQuAD; 77), yes/no questions (BoolQ;
78), pronoun resolution (WinoGrande; 79)), each scored by its own verifier, a program that
marks an answer right or wrong. A skill lives in a LoRA adapter, a small set of trainable
weights added to the frozen base (the base a shared textbook, the adapter one specialist’s mar-
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Figure 3: Merging language-model specialists: when it helps, and predicting when it will hurt.
All models are built from one frozen base (Qwen2.5) plus a LoRA adapter, a small set of extra
weights trained on one family of tasks (list puzzles, string puzzles or arithmetic); a verifier marks
every answer right or wrong, and accuracy is the share marked right on held-out questions. (A)
The models compared: the base alone; three specialists (one adapter each); their merge by
averaging the adapters; their merge after dropping the changes on which the parents conflict
(TTES); and routing, which keeps the specialists separate and sends each question to the one that
owns it. (B) Easy tasks, 0.5-billion-parameter base, five training seeds (fixed test sets; mean and
95% CI). Both merges beat the best single specialist on the weakest task family (paired t-test
over seeds, p < 107%), and the interference-aware merge beats it overall (p = 0.006; the plain
average p = 0.09, ahead in 4 of 5 seeds); the two merges do not differ from each other. Only
merged models are competent on every family. (C) Deliberately hard tasks, 7-billion-parameter
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it. Damage concentrates in the conflicting pairs. (E) Six pre-merge measures ranked by how
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gin notes). A child inherits by continuing to train its parent’s adapter, so what the parent
learned in its lifetime passes to the child (the inheritance of acquired characters that Lamarck
proposed and biology rejected, and that a weight file makes trivial). Each child’s training set
also contains a fixed number of examples from the skills its lineage learned in earlier genera-
tions (150, beside 300 new), so that new training does not overwrite old skills; this replay is the
standard remedy for forgetting in continual learning (28, 29).

The curriculum is a Latin square: the lineages take the same six skills in rotated orders, like
three students working through one syllabus in different sequences. A partner therefore knows
things a lineage lacks early (complementarity, the share of the partner’s skills one lacks, is 1.0 at
the first two generations) and nothing it lacks by the end (0.0 at the sixth). Complementarity
is thus a swept variable, but it is also collinear with generation number, so any effect that
grows with an adapter’s training age shares its signature; a second curriculum, below, breaks
the collinearity. Merging averages two adapters at a weight chosen on validation data and
reported on held-out tests. The arms are: never merge; always merge with a contemporary
from another lineage (with verified or with self-generated replay); merge with one’s own ancestor
three generations back; and a declinable merge, in which keeping the parent unchanged is scored
as a candidate beside every merge and wins if none beats it. A control arm merges obligately
through generation 2 and never afterwards (a forced stop), the fixed schedule the declinable
arm must be compared against. Lineages are never culled, so the population has inheritance,
recombination and immigration of new skills but no differential reproduction. Three training
seeds; the outcome is a lineage’s accuracy over all six families.

Obligate recombination collapsed (Fig. 4B): the always-merge arm tracked the never-merge
arm for three generations, then fell from 0.65 to 0.27, beginning when partner complementarity
dropped below 0.8; its self-replay variant did the same (0.31), so replay was not what failed. The
declinable arm neither collapsed nor won. It led at the start (0.68 against 0.60), was overtaken,
and finished level with never merging (0.792 against 0.796; per-seed —0.03, 4-0.01, +0.01), while
one model taught the curriculum alone reached 0.80 (with replay, forgetting was not a pressure
recombination could relieve). In both non-obligate arms accuracy on the skills a lineage had
been taught held near 0.78 and the first skill learned never eroded (0.85 — 0.88); the obligate
arm fell to 0.24 on those same skills.

The choice of partner mattered more than whether to merge. Merging with one’s own
ancestor three generations back, a partner that lacks the lineage’s three most recent skills but
shares every convention it holds, beat merging with a contemporary in every seed (0.66 against
0.27). The ancestor supplies complementarity in time: what it lacks is exactly what the lineage
has since learned, and nothing it holds was learned differently. A seed bank plays this role in
population genetics, letting a population mate with its own stored past. Averaging a model with
its own earlier checkpoint is a known stabiliser in continual learning and in self-improvement
loops (48, 49); the comparison against a contemporary partner under matched conditions is
what this population adds. In the declinable arm the fraction of proposed merges that were
declined rose from 0.44 to 1.00 across the six generations (Fig. 4C), until every lineage declined
every merge and the population had become the never-merge arm by its own choice. A control
arm that merges through generation 2 and never afterwards (the forced stop) finished level
with the declinable arm in every seed (0.793 against 0.792; per-seed differences —0.008, —0.006,
+0.011), so the declinable arm’s outcome is explained by when it stopped and not by which
merges it chose. A second curriculum, in which every lineage starts with the same skill so that
complementarity is zero at the first generation, peaks at the third (0.70) and returns to zero,
produced the same rise in declines with generation (0.44 — 0.89). Pooled over both curricula
with generation controlled, declines did not track complementarity (partial Spearman p = —0.07,
95% CI —0.21 to 0.09, n = 36) but did track generation (partial p = 0.31).

Three things rise with generation in both curricula: the adapters’ training age, the number
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of skills each holds, and the arrival in every lineage of the two families whose answer conventions
conflict (yes/no against 1/2). Two further curricula moved only the third. In one the conflicting
pair arrives in generations 1-2 of every lineage, in the other in generations 5-6, with the four
compatible families filling the rest in rotated orders, so age and skill count rise identically in
both (Fig. S14). Neither the decline curve nor the collapse moved with the conflict. Declines
rose with generation on the same schedule in both (0.56 — 0.78 and 0.44 — 0.89), and with
generation controlled they did not track the presence of conflict (partial p = —0.09, 95% CI
—0.45 to 0.15, n = 36) but did track generation (partial p = 0.45). The obligate arm collapsed
in both (final accuracy 0.28 and 0.39 against 0.80 and 0.78 for never merging, in every seed):
the conflict-early population dipped when the pair arrived, recovered to the others’ level by
generation 3, and collapsed from generation 5, while the conflict-late population collapsed from
generation 4 with its conflicting pair still to come. What the four curricula leave confounded is
adapter age with skill count, which rise together by construction.

A skill whose answer convention conflicts with nothing a lineage holds occupies a new locus,
a new position in the genome filled without displacing anything, and lineages accumulate loci
freely (six here; half a million facts in a lifelong-editing benchmark that averages a fresh adapter
per period into the accumulated one; 80). Two skills demanding different conventions for the
same kind of question (“yes/no” against “1/2” for a two-way choice) are alternative alleles
at one locus, and a model, like a chromosome, carries one. Where conventions disagree a
merged child must err against at least one parent (SI Text S1, Proposition S2). A lineage
obliged to merge pays that error every generation on every pair of conflicting conventions,
and the errors accumulate into collapse. In the Latin-square curriculum the collapse began
at the generation when partners stopped bringing skills a lineage lacked and started bringing
conventions that clashed with the ones it held, but the conflict-arrival curricula above show that
moving the clash by four generations does not move the collapse: conflicting conventions set the
size of each merge’s error, and something that grows with generation sets when the errors stop
being repaired. Single models show the same divide: non-contradictory updates integrate safely
while contradictory ones corrupt unrelated knowledge (81), and disjoint tasks make forgetting
eliminable where conflicting overlap imposes a floor (82). The collapse is the second kind of
knowledge arriving in a population obliged to merge.

The declinable merge was designed as a recombination modifier, in genetics a gene that sets
how often other genes are shuffled between parents. Modifier theory holds that recombination is
favoured when it assembles complementary alleles from different parents and disfavoured when
it breaks combinations that already work (39, 50, 51), and that when shuffling gains nothing
the reduction principle drives its rate to zero (52), turning the lineage asexual; on that reading
the declinable merge should have switched itself off as partners stopped being complementary.
The controls do not support that reading here. Acceptance fell with generation whether or
not partners were complementary, and a fixed schedule reproduced the outcome. What the
population establishes is narrower: one bit of selection on each recombination event, or a fixed
early stop, avoids the collapse of obligate merging at no cost against never merging, and the
declinable version does so without knowing in advance when to stop. The result was obtained
under six generations, a single base model, and replay throughout, none of which was varied.
The population also had no differential reproduction, and the Fisher—Muller argument predicts
that selection is what turns recombination’s early lead into a level advantage, because a lineage
that assembles the skills first leaves more descendants. Adding truncation selection (after every
generation the lowest-scoring lineage is re-founded from the highest, keeping its own place in
the curriculum) did not bear this out (Fig. S15). Selection acted every generation and lifted
the population mean early, but the final levels converged: with selection, never merging reached
0.804 and the declinable merge 0.793 (below in every seed, by 0.011 £+ 0.003), against 0.796
and 0.792 without it. Recombination’s early lead was the same with and without selection and
gone by generation 5 in both. Under a curriculum that delivers every skill to every lineage the
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ceiling is what one adapter can hold (0.80 for the single model taught the whole syllabus), and
sex and selection each reach it sooner without raising it.

Merge failure and its dependence on functional conflict

Recombination presupposes compatible parents. In biology, lineages pushed far enough apart
become separate species (reproductive isolation) through Bateson-Dobzhansky—Muller incom-
patibilities (42, 43), changes harmless on their own genetic background but deleterious in com-
bination. This is the mechanism behind the mule’s sterility, in which two genomes that each
work cannot run in the same cell. A merged model is that exposed hybrid. In the inheritance
model of the process (Fig. 5 E and F) hybrid fitness stays at the parents’ level while the lin-
eages remain compatible and then falls below the ancestor, sooner the more incompatibilities
the genomes carry, and Orr showed that the number of such incompatibilities grows with the
square of divergence (43). Whether a growing number of conflicts produces a fall in performance
in a trained network is the question the simulation cannot answer.

In trained networks the claim must survive a known alternative. Two networks trained
separately can differ in their weights for a trivial reason: the hidden units of a network can
be renumbered, and in a ReLLU network each unit’s incoming weights can be scaled up and its
outgoing weights scaled down by the same factor, without changing what the network computes.
Two networks that compute similar functions can therefore lie far apart in weight space, and
averaging them gives a poor model, a coordinate barrier. Merge barriers between independently
trained networks are famously of this kind, removable by re-aligning hidden units (44) and
renormalising their activations (46) before averaging, and richer symmetry groups remove more
(83). A residual that alignment does not remove is also known: networks trained on different
tasks keep a barrier after permutation (47), and experts diverged far from a shared base keep
one with symmetries accounted for (45). What has not been asked is what the residual measures,
divergence as such or conflict in what the networks compute. To separate the two I aligned pairs
of networks under permutation matching combined with exact per-unit rescaling (the complete
unit symmetry group of plain ReLU MLPs; 44, 46) and measured the barrier before and after
(Fig. 5 A and B). Two networks trained from different initialisations on the same task have a
barrier the alignment removes almost entirely (residual ~ 0.001, the aligned merge performing at
parent level): their barrier was coordinate mismatch. Two networks trained on conflicting label
maps (the same inputs, with a fraction of the classes relabelled) have a barrier the alignment
leaves unchanged (0.502 — 0.497), and the merged model is functionally dead. The aligner is
validated only on a special case (exact recovery of a permuted-and-rescaled copy of a network),
so the share of the barrier it removes is a lower bound on the removable share, and the residual
an upper bound. Sweeping the fraction of classes in conflict traces the fall in hybrid fitness from
0.97 to 0.03. That no single model can answer one prompt two ways is a matter of information,
not of training (SI Text S1, Proposition S2). What the population view adds is where the cliff
sits: it moves with the share of shared inputs on which the parents’ conventions contradict (Fig.
5B), and in a population that share grows whenever lineages adopt conventions independently.

The sharpest test is whether isolation emerges with no conflicting signal anywhere, as a
true Bateson-Dobzhansky—Muller incompatibility would (each lineage’s changes are harmless
alone). Children were diverged with no conflicting signal anywhere, using complementary class
specialists and divergent input conventions, to 6.4x the base training. No isolation emerged
(residual 0.000 throughout). Instead the merge rescued the two specialists: each had forgotten
the other’s classes and scored about 0.50 alone, and their weight-average scored 0.955 at every
divergence tested. Divergence six times the base training produced the strongest Fisher—Muller
effect in the paper, and no incompatibility. The language-model tier gave the same double
result in each of three training seeds (Fig. 5 C and D): conflicting conventions produce function-
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Figure 4: A population of language models over six generations. (A) The set-up. Three lineages
start from one frozen 1.5-billion-parameter base (Qwen2.5-1.5B). Each generation, every lineage
learns one new skill from a public dataset by continuing to train its parent’s adapter (300 new
examples plus 150 replayed from earlier skills), may merge with a partner according to its arm’s
rule (weights averaged at a ratio chosen on validation data), and is tested on all six skills by
a verifier; the child becomes the next parent. The six skills are taken in rotated order, so a
partner knows things a lineage lacks early on (complementarity 1.0) and nothing it lacks by
the end (0.0). Three training seeds. (B) Accuracy over all six skills of the best lineage (mean
and 95% CI). Never merging and merging only when it beats keeping the parent finish level
(0.80 and 0.79); merging with a contemporary every generation collapses to 0.27, beginning
when partners stop being complementary; a control that merges through generation 2 and then
stops (dashed) matches the declinable arm in every seed, and a single model taught the whole
syllabus alone (diamond) matches the population. (C) How often the declinable lineages refused
a merge (bars) against partner complementarity (lines), under the rotated syllabus and under
a second syllabus in which complementarity is zero at the start, peaks mid-way and returns to
zero. Refusals rise with generation under both; with generation held fixed they do not track
complementarity (partial Spearman p = —0.07, 95% CI —0.21 to 0.09, n = 36). (D-F) The
simulation that motivated the design: 60 agents evolving on a rugged fitness landscape with
all four mechanisms (grounded evaluation, recombination, diversity preservation, mutation) and
one removed per arm (12 replicates; mean and 95% CI). Removing grounded evaluation, so that
agents are scored on agreement with the crowd instead of on the truth, collapses the population
onto a confident but wrong consensus (D, F); removing recombination or diversity preservation
strands it below the optimum (D) and drains digersity fastest (E). Each removal fails in its own
way.



specific breakdown (at full conflict the merge scores 0.02, 0.12 and 0.16 on the conflicted function
against 0.23-0.25 for either parent, while a budget-controlled design shows the disjoint skills
merge unharmed), and over-training disjoint specialists from 1 to 12 epochs (cf. the expert-
duration effect; 84) produces no isolation, the merge improving instead in every seed (0.76 —
0.95 on the parents’ private tasks). Longer expert training is reported to harm merging (84, 85)
and deepening specialisation to lower feature similarity between experts (68); in the regimes
tested here neither produced isolation without conflict (a complementary-class merge rescued
by alignment had been seen before on label-skewed splits; 44). In every tier tested, isolation
had to be provoked by functional conflict; specialisation alone did not speciate. What breaks
merging is conflicting conventions on shared circuitry, not divergence as such, and this is the
cost the obligate-merge arm of the six-generation population paid from its fourth generation
onward, once its partners held skills it had already learned under conventions of its own (Fig.
4B).

Predicting merge damage before merging

If functional conflict is what breaks a merge, measuring it on the parents should forecast the
damage before any merge is made. I tested this on thirty-nine pairs of LoRA specialists (13
training conditions x 3 seeds), built so that three properties of a pair vary independently of
one another (Fig. 3D): conflict (the parents answer the same prompts under contradictory
conventions, with their private training budgets held fixed), compatible overlap (the parents are
trained on the same prompts under the same convention, so they share data and volume without
conflict), and duration (the parents are trained longer on disjoint tasks, so their weights diverge
with no conflict at all).

Six quantities were computed on each pair before merging. Two are functional, obtained by
putting the same probe questions to both parents (probes drawn without knowledge of where the
conflict lies): the fraction of probes on which the parents answer differently (raw disagreement),
and the fraction on which they answer differently and both confidently (confidence-weighted
conflict, proposed here as the better proxy for merge-relevant interaction, because raw disagree-
ment also counts the harmless case in which one parent is merely ignorant). Three describe the
geometry of the parents’ weight changes: the cosine similarity and the distance between the
two LoRA updates, and the alignment of the two tasks’ gradients at the shared base (86). The
sixth is a baseline, each parent’s accuracy on the other’s task. The pre-registered outcome is
the merge penalty: how far the merged model falls short of the accuracy the pair would reach
if each task were answered by the parent that owns it. In population genetics that shortfall is
hybrid load, the fitness a hybrid loses relative to what its parents’ genes could jointly supply.

Functional disagreement measured before merging predicted the merge penalty (Fig. 3 D
and E). Its rank correlation with the penalty was p = 4+0.45 (+0.46 for the confidence-weighted
variant), with a 95% confidence interval excluding zero (bootstrapped over conditions, because
the three seeds of one condition are not independent), and it kept p ~ 0.35-0.40 when each
condition in turn was held out and predicted from the rest. The cosine and the distance between
LoRA updates showed no detectable association, and gradient alignment carried intermediate
signal. The direction agrees with three recent reports: hidden-state distance between parents
tracks merging loss where four parameter-space metrics, cosine among them, do not (87); global
cosine, sign conflict and subspace overlap miss functional interference between task vectors
(88); and gradient distance outpredicts task-vector cosine in vision (86). Those studies are
correlational or in-sample; the design here holds conditions out and adds the control below. At
this sample size the differences between predictors are not individually significant, only these
baselines were tested, and three seeds leave substantial uncertainty about generalisation, though
the functional measures led within every seed taken alone (Supplementary Information, Table
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Figure 5: Model speciation: when two lineages can no longer (A, B) Small image
classifiers (multilayer perceptrons) forked from one trained base. Two networks that compute
the same function can still differ in their weights, because hidden units can be renumbered and
rescaled without changing the output; alignment undoes this before averaging. The merge error
barrier is how much worse the average of two networks is than the networks themselves. (A)
Two copies trained from different random starts on the same task have a barrier that alignment
removes almost entirely (0.04 to 0.001); two trained on conflicting labels (the same images, some
classes relabelled) keep theirs (0.50), and their average is useless (3 replicates). (B) Sweeping the
share of classes in conflict moves the merged model’s accuracy from 0.97 to 0.03. (C) Language
models: two specialists share a set of ambiguous questions (“sort this list”, direction unstated)
and are taught opposite conventions. As the share of conflicting training grows, each parent
stays good under its own convention while the merged model falls below both, in all three seeds
(95% CI shaded). (D) The control: specialists trained longer and longer on different tasks, with
no conflict, merge better, not worse, in every seed. (E, F) The simulation: 20-position genotypes
carrying incompatibilities of the Bateson—Dobzhansky—Muller kind. Hybrid fitness tracks the
parents while lineages are compatible, then crashes, sooner the denser the incompatibilities (E),
and the probability of a non-viable hybrid rises with divergence (F). What breaks merging is
conflicting conventions on shared machinery, not distance or specialisation as such.

merge.
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S2).

The compatible-overlap control produced a finding of its own. In an initial grid that varied
only conflict and duration, the best predictor was the cosine between LoRA updates (p = +0.60).
Parents trained on the same prompts have aligned weight changes and also merge worse, so the
cosine was reading shared training data, not incompatibility: adding pairs that share prompts
without conflicting collapsed its correlation to +0.03. Any merge predictor validated on a grid
in which conflict and shared data vary together inherits this artefact. I know of no study that
has controlled for it, and it bears on the merge-prediction literature (86-88) independently
of the biology. One pre-registered prediction failed: confidence weighting did not beat raw
disagreement as a rank predictor, so the evidence supports functional disagreement in general
and not the incompatibility-specific refinement. Headline quantitative results, with sample sizes
and uncertainty, are collected in Supplementary Information, Table S2.

Discussion

Design rules. Ground every generation in verified reality. A few percent of real data kept most
of the diversity here, but what protects a capability is the number of real examples of it that
arrive each generation, not their share of the training set (the one-migrant-per-generation rule,
35; the few hundred documents that poison a model of any size, 62). The rarest capabilities
therefore need a budget of about 1/p real examples per generation, real data aimed at them,
or a parent that still holds them. Route or screen rather than average whenever the average
falls short of the best parent on any task. On the hard families routing (sending each input to
the specialist that owns it) beat weight averaging by 0.09 in every seed and screening candidate
merges beat it by 0.07 (Fig. 3C), and the plain average lost nothing only where the base already
answered at ceiling. Stop recombining early, by rule or by test. A fixed early stop, or scoring
the unchanged parent beside every candidate merge, avoided the collapse of obligate merging
at no cost against never merging. When a partner must be found, prefer a stored ancestor
to a divergent contemporary, which shares every convention and beat a contemporary in every
seed. Preserve diversity as an objective in itself, since selection can only keep what exists.
Before merging, measure functional conflict (whether the parents answer the same prompts
differently), which was cheap and predictive where weight distance was not; divergence or
specialisation alone is no evidence of incompatibility, since what broke merging in every regime
was conflicting conventions. The inheritance model adds one untested rule: merge sparingly,
and with offspring selection, when skills are entangled (40; Fig. S13).

Continual learning at the population scale. Continual learning, the machine-learning
field that teaches one network new things without erasing old ones, has found remedies for
forgetting that are this framework’s operators applied to a single lineage. Rehearsal of stored
real data (28, 29) is grounding, and the replay fractions the field has settled on (about 1%
in instruction tuning, 89; 5% to 25% in continual pretraining, 90) look inconsistent only as
fractions: at typical batch sizes each delivers tens to thousands of replayed examples of a skill
per step, far more than the ten copies per generation that hold 95% of diversity. Pseudo-
rehearsal, replaying the network’s own generated samples (91, 92), is grounding with no real
data at all, harmless over one step and compounding over generations (Fig. 2) unless the
samples are verified (33, 93). Adapters on a frozen base (94, 95) keep lineages decorrelated,
consolidating them into the base is the slow store of complementary-learning-systems models
(96-98), and merging as a continual-learning mechanism (72, 73, 80, 99, 100) accumulates new
skills and breaks on contradictory conventions (81, 82), as the six-generation population did.
That rare knowledge is forgotten first (101-103) is tail extinction observed one model at a time:
forgetting and collapse differ in mechanism (interference against sampling drift) but lose the
same items to the same remedies.
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Two results carry over directly. A pre-merge test, disagreement between the parents on
shared probes, predicts interference where weight distance does not, with the control for shared
training data that earlier regression (86) and distance (87, 88) studies lacked. Weight distance
fails because two adapters that learned the same skill in different runs are nearly orthogonal
(cosine 0.006) yet merge with no penalty: most of a weight difference is neutral, like most DNA
substitutions (Supplementary Information, Text S3). Whether to consolidate specialists or keep
them modular (72, 73, 98-100) follows the same rule: route while the plain average falls short
of the best parent, average once it does not. Since drift removes rare items first and a lost
item is recoverable only while some parent or source still holds a copy (Fig. S3), the number
to watch is accuracy on the rarest items, not the mean. Apparent forgetting can also be task
misrecognition rather than lost capability (104), which the oracle excludes at the small tiers
only.

Three theories of heredity. A model population runs on all three historical accounts of
inheritance at once. A child continues training its parent’s adapter, so what the parent learned
in its lifetime passes on (Lamarck); weight averaging blends the parents (Jenkin); and a verifier
selects among variants (Darwin). Biology discarded the first for want of a mechanism and the
second because blending would swamp any new variant. Here Lamarckian transmission is what
lets a lineage accumulate skills (the never-merge arm reached 0.80 without any recombination).
Blending dilutes whichever parent’s skill is rarest, so routing and offspring screening pay only
where the plain average falls short of the best parent (Fig. 3B-C). Grounded selection is the
only operator that looks outside the population, and removing it is the one ablation that fails
outright: a population selected on agreement with its own consensus settles at 0.48 against 0.78
for the full society (Fig. 4D-F), confident and wrong.

Recombination’s speed advantage. In the six-generation population recombination
bought speed and not level: an early lead, then parity with never merging once every skill had
reached every lineage. The Fisher—-Muller argument (that sex speeds adaptation by combining
beneficial variants that arose in different individuals) predicts parity in exactly this case, since
the curriculum guaranteed every lineage every skill, and that letting the faster lineages leave
more descendants should break the parity, which it did not: selected populations reached the
same ceiling, recombination’s lead again gone by generation 5. The ceiling is what one adapter
can carry, and sex and selection only reach it sooner. The inheritance-model society climbs under
the same operators (Fig. 4D-F) because no curriculum delivers its skills; a language-model
population in which some skills come only by merging would separate the two regimes. Three
refinements the framework proposed were not supported: weighting disagreement by confidence
did not improve the merge predictor, the declinable merge did not track complementarity as a
recombination modifier (a gene that sets how often other genes are shuffled) would, and selection
did not turn recombination’s speed advantage into a level advantage. What population genetics
supplied was the questions, the nulls and the controls, not a mechanism only it can explain.

Open problems. The hardest is the fitness function. Selection optimises what is measured,
and for knowledge the persuasive and the true compete; a reality that can refuse is the only
anchor, and building it into institutions (verification, replication, challenge among models) is a
problem this paper poses and does not solve. Whether speciation emerges at scale is the second:
here isolation had to be provoked by conflicting conventions, and whether long specialisation
supplies such conflict on its own (84, 85) needs a population diverged far longer than any here.
Collapse also reaches style: models trained on model output lose lexical and syntactic diversity
(105) and model-assisted writing is individually better but collectively less diverse (106, 107),
because a voice is a distribution over rare variants, exactly what drift erases first and blending
averages away; whether the remedies transfer is untested.

Outlook. Language-model development is consolidating around the operators studied here:
synthetic-data flywheels (inheritance), merging and routing of specialist fine-tunes (recombi-
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nation and population structure), verifier-gated pipelines (grounded selection), and periodic
consolidation of adapters into new bases. The forecast is a population that recombines early
and consolidates late, until conflicting conventions split it into lineages connected by routing
instead of merging, and the pre-merge conflict test can measure which way it goes. Biology
receives in return a model system in which every genotype, environment and mating decision
is observable and manipulable, and the evolution of sex can be studied with interventions (un-
bounded parents, offspring preview, directed mating) no living system permits.

Materials and Methods

Full procedures, parameters, and replicate counts are in Supplementary Information, Methods.
Appendix 1 (The figures explained) restates every main and supplementary figure with a legend
that explains the machine-learning experiment behind it for readers from biology.

Inheritance-model tier. A NumPy/SciPy Wright—Fisher simulator over K-item distribu-
tions (knowledge as p_t, Zipf-tailed truth p*, and drift—grounding-refit generations), extended
with a learning kernel (a smoothing and a sharpening knob on the refit), multi-locus genotypes
on additive and Kauffman NK landscapes, n-parent crossover, and finite-population loops. All
parameters live in per-experiment YAML configs. Every run derives its randomness from one
master seed (SeedSequence. spawn) and is bitwise reproducible. Scientific-validation tests assert
the closed forms to within 0.5% and run in CI alongside 151 further correctness tests.

Neural tier. Trained-network experiments realise the same abstractions against an ex-
act oracle. Histogram, RNN, MLP and VAE generators run on a synthetic mode universe,
where the histogram model reduces the harness exactly to the inheritance model (the bridge
gate), and a convolutional VAE runs on MNIST with a frozen CNN oracle at 98.5% mode
accuracy (its confusion matrix is recorded as the measurement floor). Speciation experiments
fork no-BatchNorm MLPs (784-512-512-10) from a shared base, weight-average them, and
measure the error barrier along the straight line between the two weight vectors (the linear-
mode-connectivity barrier) before and after alignment. Alignment composes deterministic Git
Re-Basin permutation matching with exact per-unit scale canonicalisation, the unit symmetry
group of this architecture class taken as the search space, and is gated by exact recovery of a
permuted-and-rescaled copy. Control recovery does not establish global optimality.

Language-model tier. LoRA specialists (rank 16) on procedurally generated task families
with an exact-match verifier, on frozen Qwen2.5-Instruct bases (0.5B on one 16 GB GPU;
7B on one L40S). Operators: weight-space merges via adapter arithmetic (the plain weight
average, or soup, and TIES, which reconciles the sign of each parameter change across parents
before averaging; 4), per-input routing, and Dirichlet-sampled offspring populations screened
on held-out validation splits. The six-generation population uses the Qwen2.5-1.5B base model,
six public datasets with per-family exact-match or execution verifiers, and rank-16 adapters
continued from the parent adapter each generation (300 new and 150 replay examples, 3 epochs),
merged over the weight grid 0.5/0.5, 0.3/0.7, 0.7/0.3 chosen on 20 validation items per family
and reported on 60 held-out test items, with the unchanged parent as a further candidate in the
declinable arm; three training seeds. Multi-seed protocols fix the test sets and vary the training
seed. The predictive test computes all predictors pre-merge (generation confidence from token
log-probabilities, base-model gradient cosines, and LoRA-delta geometry computed exactly in
the adapters’ low-rank factor space) and evaluates merges on held-out tests. Its rows are not
independent, because parents share task-data seeds across conditions, so inference is condition-
clustered and per-seed and leave-one-seed-out sensitivity are reported alongside; a committed
script produces these statistics. Statistical, per-seed reproducibility is documented for the GPU
tiers.
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Data and code availability. All code, configs, seeds, results artifacts (with content
hashes), figures, and a one-command reproduction script will be deposited openly (repository +
archived DOI) on publication; every figure in this paper regenerates from committed artifacts
without re-simulation.
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