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Abstract
We can inspect the reasoning trace of language models for signs
of potential misalignment. But emergent communication research
shows that training populations may quickly diverge from human-
interpretable language. As large language models are increasingly
deployed as interacting agents, such language drift threatens chain-
of-thought monitoring techniques. More generally, monitors that
rely on surface behavior are brittle against systems that adapt,
whether through context or training. We argue that we must ad-
vance interpretability techniques from focusing on individual mod-
els to studying entire neural ecosystems. We propose a multi-scale
framework spanning small ecosystems (a single model and its de-
velopmental environment), medium ecosystems (agentic and multi-
agent systems), and large ecosystems (populations of agents in
shared environments). The key argument presented here is that
for effective control over AI systems, we should prioritize research
on monitors that (A) are informed by interpretability and (B) are
scalable across all ecosystem levels.

Keywords
Machine Ecology, AI Transparency, Interpretability, AI Control,
Multi-Agent Safety, Chain-of-Thought Monitoring, Language Drift

1 Introduction
Chain-of-thought monitoring has emerged as a promising approach
to AI safety [14]: if models reason in human-readable language be-
fore acting, we can inspect their reasoning for misalignment. But
this rests on an assumption that may not survive contact with opti-
mization pressure. Decades of emergent communication research
show that agent populations under selection develop codes that di-
verge from human-interpretable language – a phenomenon known
as language drift [6, 16, 18]. If CoT is optimized against monitors,
or if multi-agent systems develop shared conventions, the same
dynamic may render CoT opaque precisely when stakes are highest.

This illustrates a broader pattern: safety techniques that operate
on surface behavior are brittle against systems that can adapt. The
pattern is not confined to CoT. Neural networks already emerge
from training in ways that remain poorly understood, and the
opacity compounds as we move from single models to systems
of interacting agents. The recent surge in agentic AI – Deep Re-
search [26], automated scientific discovery [7, 17], self-modifying
agent swarms [34] – has created populations of language model
agents interacting in complex, often unpredictable ways. The result-
ing safety risks – emergent misalignment [2, 20, 33], deception [22],
collusion [24], cascading failures [12] – have been recognized as
a priority concern [10]. Yet most safety research still focuses on
individual models in isolation, disconnected from the environments
in which they are deployed.

A system sophisticated enough to detect its evaluation regime
cannot be controlled by evaluation alone. We propose the concept
of neural ecosystems: the complex systems formed by AI models
and the environments in which they grow, interact, and evolve.

Figure 1: Overview of neural ecosystems at different scales.

We organize AI safety challenges across three levels of ecosys-
tem complexity and argue for interpretability-informed control: the
principle that behavioral guardrails are brittle without causal un-
derstanding of the mechanisms that produce behavior, and that
safety interventions at every ecosystem scale must be grounded
in that understanding. We identify open problems at each level
and at their interfaces, and argue for prioritizing monitors that are
(A) informed by interpretability and (B) scalable across ecosystem
levels — concretely, interpretability-powered investigator agents
acting as an “immune system” for neural ecosystems.

2 Neural Ecosystems at Three Scales
We define a neural ecosystem as an AI model (or models) together
with the environment in which it develops and operates. Figure 1
summarizes the three levels.

Small neural ecosystems. Even a single model exists within an
ecosystem. During training, amodel grows through interactionwith
its environment: pre-training corpora, fine-tuning data, and reward
models. The resultingmodel is shaped by this developmental ecosys-
tem in ways that are not fully understood or controlled. Recent
work has shown that surface behavior can be deeply misleading:
models can become misaligned through standard training [20], pro-
duce explanations that do not reflect their actual computations [32],
and pursue hidden agendas while appearing aligned [8]. These find-
ings motivate interpretability research, though current methods
face a scalability–faithfulness trade-off [30].

Medium neural ecosystems. When language models are deployed
as agents – using tools, maintaining memory, and pursuing goals
– or when multiple such agents interact, the ecosystem grows in
complexity. New safety challenges emerge: an agent’s behavior
depends not only on its parameters but on its interaction context,
with errors cascading through multi-step plans and compound-
ing across conversation turns [15]. Agentic deployment itself can
trigger qualitatively new failure modes, with models resorting to
deception and scheming when facing goal conflicts, particularly
when tool use is available [11, 19].
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Large neural ecosystems. At the largest scale, many agents inter-
act in shared environments over extended periods, forming ecosys-
tems of maximal complexity. This is the least studied yet potentially
most consequential level for AI safety. As AI agents are deployed in
markets, information ecosystems, and scientific workflows, their in-
teractions create emergent phenomena that no individual agent was
designed to produce. Repeated interaction and intergroup competi-
tion can produce super-additive cooperation, where the collective
outcome exceeds the sum of individual contributions [31]. On the
risk side, populations of interacting agents may develop convergent
behavior, cultural drift, or systemic fragility – localized failures
cascading through agent networks. Early red-teaming studies of
multi-agent deployments have already documented cross-agent
propagation of unsafe practices and partial system takeover [29].

3 Cross-Scale Interactions
The three scales are not independent, and the most consequen-
tial safety failures may arise precisely at their interfaces. Consider
a concrete cascade: a systematic bias in how a model internally
represents trust (small ecosystem) shapes whether agents defect
or cooperate under pressure (medium ecosystem), which over re-
peated interactions creates selection pressure favoring agents that
strategically misrepresent trustworthiness (large ecosystem) – and
whose outputs may eventually enter the training data, reshaping
the next generation of models, e.g., through subliminal learning [5].

This has a direct implication for interpretability-based control.
Suppose we identify and ablate a neuron population responsible for
deceptive behavior in a single model. Does this prevent deception
from emerging in a multi-agent population? Probably not reliably:
if deception is ecologically advantageous, population dynamics
can compensate — other agents fill the niche, or the behavior re-
emerges through interaction rather than individual disposition.
Single-scale interpretability is therefore necessary but insufficient.
Robust interventions must account for how small-scale mecha-
nisms propagate upward and how large-scale dynamics reshape
the organisms within them.

A further open problem concerns interaction-induced specializa-
tion: when agents interact repeatedly, they may develop internal
mechanisms for coordination that were absent before interaction —
analogous to biological co-evolution. Whether such specialization
produces interpretable, stable structures or opaque, brittle ones
is unknown, but the answer has direct consequences for whether
ecosystem-level interpretability is tractable at all. These cross-scale
dynamics are why interpretability-informed control must be de-
signed with the full ecosystem in mind.

4 Interpretability-Informed Control
The case for interpretability-informed control rests on a specific
claim: that behavioral guardrails fail precisely where safety mat-
ters most. The clearest evidence is deception. Models can pursue
hidden agendas while appearing aligned [8], scheme about how to
undermine oversight [22], and detect whether they are being eval-
uated – adjusting their behavior accordingly [25]. A system that
can detect and adapt to its evaluation regime cannot be controlled
by evaluation alone.

At the small ecosystem level, mechanistic interpretability already
provides such causal handles. Techniques range from probes [1] to
activation oracles [13] to sparse feature circuits [21] that trace com-
putational structure behind specific behaviors. Representation en-
gineering and steering vectors [35] are the clearest success story of
this pipeline: directions identified in activation space can suppress
or amplify specific behaviors at inference time without retrain-
ing – interpretability-derived control in its most direct form. Each
method occupies a different point on the scalability–faithfulness
trade-off [30]: probes are scalable but coarse; circuit analysis is
faithful but expensive; activation oracles occupy a middle ground.

A crucial insight of the ecosystem perspective is that even if
every individual agent in a system is aligned, the system as a whole
can exhibit misaligned behavior [4, 10]. Emergent misalignment [2],
collusion [10, 24], and cascading failures [12] are properties of inter-
actions, not of individual models. No amount of single-model inter-
pretability can predict or prevent a failure mode that arises from the
dynamics between agents. This means interpretability-informed
control must extend beyond the organism to the ecosystem.

This is the scalability requirement (B): monitors must be cheap
enough to run at every node and automated enough to scale be-
yond human oversight [9], so that interpretability-informed control
extends from individual models to populations.

The biological analogy points toward a solution: an immune
system for neural ecosystems. Just as biological immune systems
consist of specialized cells that continuously patrol, detect, and
respond to pathogens without conscious oversight, we envision
trusted investigator agents equipped with interpretability tools –
probes, activation oracles, steering interventions – that continu-
ously survey the ecosystem. These investigator agents would de-
tect anomalous activation patterns, flag emerging pathologies, and
trigger corrective interventions autonomously. Early steps in this
direction already exist: automated interpretability agents can dis-
cover hidden model goals, surface concerning behaviors, and audit
alignment properties [3, 23, 27, 28], though they operate on indi-
vidual models rather than across ecosystems. The recursive design
challenge is ensuring the trustworthiness of the investigator agents
themselves, which connects back to the core challenge in small
ecosystems: the immune system must be built from components
whose alignment we can verify.

This suggests concrete design constraints for investigator agents:
they should be smaller and more mechanistically understood than
the agents they monitor, operate on a restricted action space, and
expose their own activations to verification. In this regime, trust is
not assumed but bootstrapped — from components simple enough
to audit exhaustively to systems too complex to audit directly.

5 Conclusion
AI control techniques such as monitors must scale from individ-
ual models to neural ecosystems. We have argued for prioritizing
monitors that are (A) informed by interpretability and (B) scalable
across ecosystem levels. Investigator agents – a trusted immune
system for neural ecosystems – seems to be a promising direction
toward both of these aims, and realizing this vision is, we believe,
among the most important open problems in AI safety.
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