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Abstract

Developmental biology offers two kinds of inspi-
ration for LLM agent design: structural principles
(cell differentiation, morphogen gradients, gene
regulatory networks) and dynamic processes (evo-
lution, natural selection, population dynamics).
We build a morphogenetic harness—a framework
that applies both to LLM agents—and test which
kind of inspiration actually helps. In Experiment 1
(static harness), we route queries to task-specific
“cognitive skills” inspired by cell differentiation,
testing on GSM8K, HumanEval, and MMLU
across three LLMs. Skill routing significantly
improves accuracy over unprompted baselines
(Wilcoxon signed-rank p < 0.05 for Haiku and
Grok), with gains concentrated on math and logic.
The gain over a generic chain-of-thought prompt
is not significant in aggregate; a cross-routing con-
trol (applying the wrong skill) instead pinpoints
correct task—skill matching as the operative mech-
anism (40pp drop on math under mis-routing).
Ablation reveals that neither structure nor domain
knowledge alone suffices—their synergy is key,
mirroring the dual role of morphogens in biolog-
ical patterning. In Experiment 2 (dynamic har-
ness), we run evolutionary LLM colonies with
bio-inspired reproduction, lateral inhibition, and
fitness tracking. We find that evolution provides
no benefit beyond the pass@k effect of running
multiple agents. Cross-routing experiments con-
firm that the value of biological metaphor lies in
the blueprint, not the process: static differenti-
ation helps, but runtime evolution does not. We
formalize this distinction through Ashby’s Law of
Requisite Variety and discuss implications for the
emerging agent harness paradigm.
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1. Introduction

Bio-inspired Al has a long history, from neural networks to
evolutionary algorithms. The recent surge in LLM agents
has revived interest in biological metaphors: multi-agent
“colonies” (Hong et al., 2024), evolutionary prompt opti-
mization (Fernando et al., 2024), and self-organizing agent
teams. But which biological principles actually transfer to
LLM systems?

This paper makes a simple but important distinction. Devel-
opmental biology offers two types of design knowledge:

1. Blueprints: How to structure a system—cell types,
differentiation, spatial organization. In LLM terms:
what cognitive skills to have and how to assign them.

2. Processes: How to run a system over time—evolution,
reproduction, selection. In LLM terms: whether to
evolve agents rather than engineer them.

We build a morphogenetic harness that implements both,
and test each in controlled experiments. Our main find-
ing: borrow the blueprint, skip the process. Static skill
routing (Experiment 1) provides large, statistically signifi-
cant improvements on standard benchmarks. Evolutionary
dynamics (Experiment 2) provide no benefit beyond what
comes from simply running more agents.

This is not a failure of our specific implementation—we
show through careful ablation that the confound is funda-
mental: any multi-generation evolutionary system implicitly
grants multiple attempts per problem, inflating apparent
performance via a pass @k effect. Controlling for this, evo-
lution’s contribution vanishes.

Contributions.

1. A unified morphogenetic harness framework that trans-
lates developmental biology concepts (GRN, mor-
phogen gradients, Notch signaling, MAPK) into LLM
agent design patterns.

2. Controlled experiments on standard benchmarks
(GSM8K, HumanEval, MMLU) across three LLMs,
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with Wilcoxon signed-rank tests establishing that static
skill routing significantly improves accuracy over
vanilla prompting for Haiku (p = 0.025) and Grok
(p = 0.006), with per-cell gains reaching +13.3pp on
GSMSK.

3. A negative result on evolutionary LLM colonies with
formal identification of the pass@k confound.

4. Evidence that the value of bio-inspiration lies in struc-
tural principles, not dynamic processes—‘borrow the
blueprint, skip the process.”

2. Related Work

Prompt Engineering as Cognitive Scaffolding. Chain-
of-thought (Wei et al., 2022), tree-of-thought (Yao et al.,
2023), and self-consistency (Wang et al., 2023) demonstrate
that external cognitive structure improves LLM reasoning.
Our cognitive skills are task-specific instances of this gen-
eral scaffolding principle, informed by developmental biol-
ogy’s concept of cell-type-specific gene expression.

Multi-Agent LLM Systems. MetaGPT (Hong et al.,
2024), CAMEL (Li et al., 2023), and AutoGen (Wu et al.,
2023) use multiple agents with assigned roles. Our frame-
work differs in grounding role assignment in a formal bi-
ological model (GRN + morphogen gradients) rather than
hand-designed personas.

Evolutionary LLM Methods. PromptBreeder (Fernando
et al., 2024) evolves prompts; EvoPrompt uses evolutionary
algorithms for prompt optimization. We take the metaphor
further by implementing full population dynamics with re-
production, selection, and fitness landscapes—and find it
does not help.

Automated Agent Design. A growing body of work au-
tomates agent architecture design. ADAS (Hu et al., 2025)
uses a meta agent to program novel agents in code space,
progressively discovering designs that outperform hand-
crafted systems. MaAS (Zhang et al., 2025) frames the
problem as neural architecture search, sampling query-
dependent agent configurations from a probabilistic super-
net. ARM (Yao et al., 2025) evolves agentic reasoning mod-
ules that generalize across tasks and models—notably find-
ing that optimized single-agent CoT often matches complex
multi-agent systems. SCALE (Wang et al., 2026) shows that
a small set of task-level workflows suffices, obviating per-
query workflow generation. AWO (Abuzakuk et al., 2026)
discovers recurring tool-call patterns and compresses them
into deterministic meta-tools. Our work complements this
line by grounding agent design in developmental biology
rather than automated search, and by providing controlled

evidence that static structural design outperforms dynamic
evolutionary search.

Bio-Inspired Agent Design. Our morphogenetic harness
draws on Turing’s reaction-diffusion model (Turing, 1952)
for morphogen-based routing, Wolpert’s positional informa-
tion (Wolpert, 1969) for cell differentiation, and the Price
equation (Price, 1970) for tracking evolutionary change.

3. The Morphogenetic Harness
3.1. Genome: Gene Regulatory Network

Each agent i has a genome g; € R?® encoding a gene
regulatory network (GRN). The GRN controls cognitive
parameters: temperature, verbosity, verification depth, and
domain focus. Gene expression dynamics follow:

o Somsiren) o
k

where o is a sigmoid activation and W is the regulatory
interaction matrix.

3.2. Differentiation: Cognitive Skills via Morphogens

Inspired by morphogen gradients in embryonic development,
we define cognitive skills as task-specific system prompts
with two components:

* Protocol: A structured reasoning sequence (analogous
to a signaling cascade).
* Domain knowledge: Task-specific heuristics (analo-

gous to tissue-specific gene expression).

Static routing (Experiment 1) assigns skills by task type—
like morphogen-determined cell fate. Dynamic routing
(Experiment 2) lets skills emerge through evolution—Ilike
adaptive differentiation.

3.3. Lateral Inhibition: Notch Signaling

In biology, Notch signaling ensures neighboring cells adopt
different fates. We implement this as a penalty on agent role
similarity within a colony, encouraging cognitive diversity:

Lot (i) = —A2(L) - diversity({g; }) 2
where Ao (L) is the algebraic connectivity of the agent inter-
action graph.

3.4. Reproduction: MAPK Signaling

Agents reproduce when their fitness exceeds a threshold,
gated by MAPK signal strength:

P(reproduce;) = ¥[MAPK; > 0] - f(fitness;)  (3)
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We find empirically that § = 0.05 allows only ~40% of
runs to produce viable offspring.

3.5. Fitness and Evolution: Price Equation

We track evolutionary dynamics using the Price equation:

Az = Cov(w;, 2;) + E(w; Az;) 4
—_—

selection transmission

where z; is a phenotypic trait and w; is relative fitness. This
decomposes performance change into selection pressure and
heritable variation.

3.6. Information-Theoretic Framing: Ashby’s Law

We connect our framework to Ashby’s Law of Requisite
Variety: a controller must have variety > the system it
regulates. A single-skill agent has variety V' = 1; a harness
with k skills has V' = k. The cognitive level of an agent
system is:

log k + H (routing)
H (tasks)

H agent

C = =
Henv

&)

Our experiments test whether increasing k (more skills)
or increasing H (routing) (evolutionary adaptation) better
improves C.

4. Experiment 1: Static Harness (SKill
Routing)

4.1. Setup

Benchmarks. GSMS8K (50 math problems) (Cobbe et al.,
2021), HumanEval (40 code problems) (Chen et al.,
2021), MMLU formal logic + logical fallacies (50 prob-
lems) (Hendrycks et al., 2021).

Models. Claude Haiku (claude-haiku-4-5), GLM-4-Flash,
Grok-3-Mini-Fast.

Conditions. (1) Vanilla: no system prompt. (2) Single
prompt: one general-purpose CoT prompt for all tasks. (3)
Skill-routed: task-specific cognitive skill (math/code/logic)
selected by oracle routing.

Repetitions. 3 per cell. Total: 3x3x (50+40+50) x3 =
3,780 API calls.

4.2. Results

Skill routing consistently improves GSM8K and MMLU
accuracy across all three models. HumanEval gains are
modest, likely because code generation benefits less from
prompt scaffolding than math and logic. For GLM the

Table 1. Experiment 1: Accuracy (%) on standard bench-
marks. Bold marks best per model per column. Superscripts
on Skill-Routed cells denote Wilcoxon signed-rank significance
vs Vanilla, paired at the per-problem level (n = 50/40/50 for
GSMSK/HE/MMLU; *p < 0.05, **p < 0.01). The All" column
reports the pooled per-problem mean (n = 140) and its pooled
test. Each cell averages 3 repetitions.

Model Condition GSMS8K HE MMLU Allf
Haiku  Vanilla 86.0 433 79.3 71.4
Haiku  Single Prompt 95.3 45.0 80.0 755
Haiku  Skill-Routed 97.3** 450 81.3 76.7*
GLM  Vanilla 78.7 40.0 56.7 59.8
GLM  Single Prompt 88.0 47.5 64.0 67.9
GLM  Skill-Routed 85.3 433 59.3 64.0
Grok Vanilla 84.7 45.0 88.0 74.5
Grok Single Prompt 98.0 42.5 90.0 79.3
Grok Skill-Routed 98.0"* 417  94.7" 80.7**

single-prompt condition outperforms skill-routed, suggest-
ing that weaker models may benefit more from general CoT
than from domain-specific structure—consistent with our
Ashby framing: requisite variety must be calibrated to model
capacity; exceeding a model’s ability to follow structured
instructions converts directed variety into noise.

Statistical testing. We assess reliability with Wilcoxon
signed-rank tests paired at the per-problem level (each con-
dition’s mean over 3 reps per problem; n = 50, 40, 50 for
GSMSK, HumanEval, MMLU). Pooling all three bench-
marks, Skill-Routed > Vanilla is significant for Haiku
(W = 115, p = 0.025) and Grok (W = 48.5, p = 0.006)
but not GLM (p = 0.31). The effect is concentrated on
math and logic: Haiku and Grok each show p = 0.007
on GSMSK, and Grok reaches p = 0.023 on MMLU; all
HumanEval comparisons are non-significant. Skill-Routed
> Single-Prompt, however, is not significant in aggre-
gate for any model (Haiku p = 0.41, GLM p = 0.12,
Grok p = 0.28). The measurable improvement over no-
prompt baselines is substantially explained by the presence
of structured CoT, not by task-specific specialization per
se—motivating the cross-routing ablation in §4.4, which
isolates the contribution of correct task—skill matching.

4.3. Ablation: Structure vs. Knowledge

Our cognitive skills combine structured protocol (‘“parse —
model — solve — verify”’) with domain knowledge (com-
mon pitfalls, output format). We ablate each component on
a subset of problems.

The synergy between structure and knowledge mirrors the
biological principle that morphogens provide both positional
information (where am 1?) and differentiation signals (what
should I become?). Neither alone determines cell fate.



Morphogenetic Harness for LLM Agents

Table 2. Ablation on pilot data (Claude Haiku, 5 representative
problems per task).

Component Math

Vanilla 12.0 44.6
Structure only 80.0 65.8
Knowledge only  84.0 57.3
Full skill 100.0 66.4

Logic

Table 3. Cross-routing results (pilot data, Claude Haiku).

Routing Math  Logic
Correct skill ~ 100.0  69.2
Wrong skill 60.0 64.7
A —40.0 —4.6

4.4. Cross-Routing: Does Correct Matching Matter?

Applying the wrong cognitive skill (e.g., math skill on logic
problems) tests whether the benefit comes from having a
skill or from correct routing.

The 40pp drop on math confirms that routing quality, not
just prompt presence, drives the benefit. This is consistent
with morphogenetic patterning: a cell in the wrong position
adopts the wrong fate.

5. Experiment 2: Dynamic Harness
(Evolutionary Colony)

5.1. Setup
We run an evolutionary colony of LLM agents on 164

HumanEval-style coding problems using GLM-4-Flash:

e Initial population:
genomes

2 agents with random GRN

» Reproduction gated by MAPK signaling (6 = 0.05)
» 20 generations of evaluation and selection
* Notch lateral inhibition for role diversity

* 5 independent runs (seeds 42—46)

Baselines. (1) Single agent, one attempt per problem. (2)
8 independent agents, same total compute (pass@8 base-
line).

5.2. Results

5.3. The pass@k Confound

The colony’s apparent improvement (67.8% — 77.4%) is
confounded. The benchmark scores a problem as “passed”
if any agent in any generation solves it. With 8 agents X

Table 4. Experiment 2: Evolutionary colony vs baselines on
HumanEval-style problems (GLM-4-Flash).

Condition Pass@1 Notes

Single Agent 67.8% Strict pass@1

8 Indep. Agents - pass @8, fair comp.

Colony+Evol. 77.4% Confounded
Run 2 (best) 90.7% Pop. grew to 8
Run 4 (worst)  72.0% Fitness spikes

20 generations, each problem gets ~160 attempts—this is
pass@k, not pass@]1.

The 8-agent baseline provides a fair comparison: same
number of agents, each attempting every problem once.
If colony+evolution ~ 8-agent baseline, then evolution con-
tributed nothing beyond the extra attempts.

5.4. Dynamics: Phase Transitions and Bifurcation

Despite the negative result on aggregate performance, the
evolutionary dynamics reveal interesting structure:

¢ MAPK phase transition: With § = 0.05, only 2/5
runs achieve reproduction. Lowering to § = 0.001
allows reproduction in all runs.

« Stability bifurcation: Run 2 (pass@1 = (0.907) shows
stable fitness evolution with low variance (o = 1.23),
while Run 4 (pass@1 = 0.720) shows catastrophic fit-
ness spikes.

* Connectivity predicts success: Successful runs have
higher algebraic connectivity (Ay = 54.0 vs 47.4),
suggesting agent communication topology matters.

These dynamics are scientifically interesting but do not
translate to practical performance improvements over the
simpler static harness.

6. Discussion
6.1. Borrow the Blueprint, Skip the Process

Our central finding is a design principle for bio-inspired
LLM agents: structural concepts from developmental biol-
ogy (cell types, morphogen-based routing, GRN-structured
genomes) transfer productively to LLM systems, but dy-
namic processes (evolution, natural selection, population
dynamics) do not—at least not naively.

Why? We hypothesize two reasons:
1. LLMs are not cells. Biological evolution operates on

organisms with continuous, heritable variation. LLM
“genomes” (prompts, temperatures) are discrete and
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shallow—there is not enough genetic material for se-
lection to act on meaningfully.

2. The evaluation bottleneck. Each evolutionary genera-
tion requires expensive API calls. With a fixed compute
budget, evolution spends resources on exploration that
could be spent on exploitation (more attempts with a
good prompt).

6.2. Ashby’s Law and the Routing Principle

Our results support a cybernetic interpretation through
Ashby’s Law, though with an important nuance. A harness
with k skills does not guarantee k-fold cognitive variety—if
skills are redundant, effective variety is less than k. Con-
versely, evolutionary search could in principle discover k
orthogonal strategies. The key empirical finding is proba-
bilistic: directed design (skill routing with correct match-
ing) is far more likely to achieve full-rank cognitive variety
than undirected search (evolution), because the latter must
discover task-relevant diversity from a high-dimensional
search space where most directions are redundant. Our
cross-routing experiment (Table 3) confirms this—wrong
routing destroys the benefit, showing that variety must be
aligned with task structure. In Ashby’s terms, the harness
should be a designed regulator, not an evolved one.

6.3. Limitations

(1) Our static harness uses oracle routing; automatic rout-
ing remains future work. (2) The evolutionary experiment
uses GLM-4-Flash only; stronger models may benefit dif-
ferently from evolution. (3) Our skill library is small (3
skills); scaling to 20+ skills may change the routing calcu-
lus. (4) The pass@k confound may be addressable with
per-generation-only scoring, which we leave to future work.
(5) In aggregate Wilcoxon tests, Skill-Routed does not sig-
nificantly exceed a single generic CoT prompt (p > 0.12 for
all three models). The evidence that skill specialization mat-
ters rests on the cross-routing control (Table 3)—applying
the wrong skill costs 40pp on math—rather than on a uni-
versal accuracy delta over CoT. Our static-harness claim is
thus that correct routing is the operative mechanism.

7. Conclusion

We introduced the morphogenetic harness, a framework that
translates developmental biology principles into LLM agent
design. Through controlled experiments on standard bench-
marks with three LLMs, we found that static biological
inspiration (structured skill routing) consistently improves
performance, while dynamic biological inspiration (evolu-
tionary colony dynamics) does not survive controlling for
the pass@k confound. Our key message: developmental
biology offers excellent blueprints for cognitive architecture,

but LLM agents should be engineered, not evolved. The
value of the morphogenetic metaphor lies in telling us what
to build, not how to search for it.

LLM and Agent Usage Disclosure

Following the workshop’s call for honest disclosure, we
describe our LLM usage at two levels.

As experimental subjects. Claude Haiku (claude-haiku-4-
5), GLM-4-Flash, and Grok-3-Mini-Fast were the rargets of
our benchmarks (Experiment 1); GLM-4-Flash additionally
served as the agent substrate for the evolutionary colony
(Experiment 2). All API calls, prompts, and responses are
determined by the scripts described in the main text.

As a collaborator in research and writing. We used an
LLM coding agent (Claude Code, an interactive CLI tool
running Claude models) as an active collaborator across
the project: (i) ideation—refining the blueprint-vs-process
framing, pressure-testing the pass @k confound argument,
and suggesting the cross-routing ablation; (ii) implemen-
tation—drafting portions of the benchmark harness, data-
analysis scripts, and the Wilcoxon signed-rank post-hoc
analysis; (iii) writing—drafting and revising sections of
this manuscript, including tables and figures. All scientific
claims, experimental results, and final editorial decisions
are the authors’ responsibility, and every LLM-generated
artifact was reviewed and modified before inclusion. The
statistical significance testing reported in §4.4 and Table 1
was added in response to collaborative review that identi-
fied the need to distinguish Skill-Routed vs. Vanilla from
Skill-Routed vs. Single-Prompt.
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