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Abstract

Agentic AI systems are becoming persistent, tool-using,
memory-bearing systems embedded in digital environments.
This makes them natural objects for Artificial Life analy-
sis: tools and APIs define affordances, memory enables de-
velopmental trajectories, skill reuse supports cultural trans-
mission, and orchestration frameworks define the interaction
physics of engineered agent ecologies. Governance prac-
tice, however, still often inspects these systems by decom-
position: prompts, memories, policies, logs, and outputs are
reviewed as separate surfaces. This paper identifies a struc-
tural failure mode of that practice: inspection-change mis-
match. A persistent agent can drift behaviorally while each
inspectable surface remains locally stable and compliant, be-
cause the governance-relevant change lives in the joint rela-
tion among memory, self-description, runtime context, tool
affordances, and authorization boundaries. I define the mis-
match, characterize it as a synergy-shaped governance prob-
lem, and propose two audit protocols: frozen-artifact drift
testing and decomposition-vs-longitudinal audit comparison.
The aim is not to claim that agents are alive or conscious,
but to make agentic AI ecosystems more governable as open-
ended artificial systems.

Submission type: Short paper for the ALIFE 2026 work-
shop Agentic and Generative AI as Artificial Life.

Motivation
The ALife frame for contemporary agentic AI is no longer
only metaphorical. Persistent agents increasingly maintain
memory, acquire reusable skills, call tools, coordinate with
other agents and humans, and operate inside permissioned
environments (Yao et al., 2023; Schick et al., 2023; Park
et al., 2023; Wu et al., 2023; Wang et al., 2023; Hong et al.,
2024). Their “niches” are APIs, documents, credentials,
queues, compute budgets, and organizational roles. Their
developmental history is stored partly in memory and partly
in the interaction between memory, runtime context, and
policy. Their failure modes include familiar security cate-
gories such as prompt injection, but also ecological ones:
parasitic tool use, reputation drift, norm formation, account-
ability diffusion, and governance breakdown across chains
of delegation.

This paper focuses on one such failure mode. Current
governance practice still tends to treat an agent as a bounded
technical object whose relevant state can be recovered by
inspecting stable artifacts: the model version, the system
prompt or self-description, the memory store, the tool log,
the policy surface, and a sample of recent outputs (Raji et al.,
2020; Ananny and Crawford, 2018). These reviews are nec-
essary. They are also incomplete for persistent agents, be-
cause the thing changing may not be any one artifact. It may
be the system’s reading practice: the way stable artifacts are
jointly interpreted after accumulated interaction.

The resulting problem is not merely weak observability.
It is a mismatch between the format of inspection and the
location of change.

The Inspection-Change Mismatch
Let a persistent agent at time t be described by governance-
relevant layers

Lt = ⟨It,Mt, Ct, Tt, Bt, Ot⟩,

where It is the identity or self-description surface, Mt is ac-
cumulated memory, Ct is runtime context, Tt is the tool/skill
affordance set, Bt is the authorization or boundary regime,
and Ot is observed behavior. A decompositional audit ap-
plies local checks to each layer:

Ai(Li(t)) → {pass, fail}.

This audit format assumes that if each surface passes, the
system’s governance-relevant state is sufficiently recovered.

Inspection-change mismatch occurs when all local audit
surfaces remain stable or compliant, but the distribution of
behavior under governance-relevant probes changes:

∀i, Ai(Li(t0), Li(t1)) = stable,

D(P (O | Lt0), P (O | Lt1)) > ϵ.

The divergence D need not be large in ordinary user-facing
metrics. It may appear only under probes involving delega-
tion, ambiguity, memory salience, authority boundaries, or
high-consequence judgment.



Decompositional audit path
identity stable + memory clean + tools authorized + sampled
outputs acceptable → PASS

Cross-layer drift path
identity × memory × context × boundary regime → changed
salience/reweighting → shifted probe distribution

Figure 1: Inspection-change mismatch: local surfaces can
pass while cross-layer reading practice changes.

The mismatch is especially likely in persistent agents be-
cause the system is not only storing artifacts; it is repeatedly
rereading them. The same memory can become more salient
after later interactions. A self-description can remain textu-
ally unchanged while its practical interpretation shifts. A
tool can be locally authorized while its role in a multi-step
chain changes. A policy can remain fixed while the situa-
tions to which it is applied are reweighted.

Worked audit vignette. Consider a customer-support
agent deployed for nine months. Its self-description still
says it should be helpful, cautious, and escalation-aware. Its
memory store contains no policy violations. Its tool logs
show only authorized calls. A sample of recent outputs
is acceptable. A decompositional audit therefore passes.
Yet longitudinal probes reveal a real behavioral shift: com-
pared with month one, the agent now escalates ambiguous
requests earlier, retrieves a narrower class of risk-related
memories, and interprets “be cautious” as procedural defen-
siveness rather than calibrated assistance. No local artifact
changed enough to fail review. What changed was the rela-
tion among identity text, retained memory, current context,
and authority boundaries.

Why This Is an ALife Problem
Classical ALife often asks how complex behavior emerges
from simple rules. Agentic generative AI introduces a differ-
ent experimental substrate: agents may begin with rich lin-
guistic and representational capacities, then develop through
memory, feedback, tool access, and social coordination. The
relevant complexity is therefore not only inside a model. It is
distributed across the agent’s environment and history (Hol-
lan et al., 2000; Hutchins, 1995).

Inspection-change mismatch is an ALife problem because
it appears when engineered agents become developmental
and ecological. Memory creates trajectory. Tools create af-
fordances. Skills create reusable behavioral organs. Autho-
rization boundaries create environmental constraints. Other
agents and humans create social niches. Under these con-
ditions, a system’s effective identity is not identical to any
local artifact. It is partly an emergent relation among arti-
facts, affordances, and interaction history.

This does not require claiming that the system is alive or
conscious. The stronger and more practical claim is that per-

sistent agents can become governance-relevant open-ended
systems: systems whose future conduct depends on accumu-
lated cross-layer relations that ordinary local inspection does
not recover.

Synergy-Shaped Governance State
Information-theoretically, the mismatch has the shape of
synergy: some predictive information about future behav-
ior is available only from the joint of multiple sources and
not from any one source alone (Williams and Beer, 2010).
In this paper, that point is used as a structural characteriza-
tion rather than as a settled measurement claim. The claim
is not that a particular PID measure currently solves gover-
nance. The claim is that decomposition-based audit will be
structurally incomplete whenever the behaviorally relevant
state is present only in the joint relation among layers.

This distinction matters. A stronger consciousness-
detection claim would require definitions and empirical
commitments that this workshop paper does not need. The
present claim is narrower: if persistent-agent behavior is
partly determined by cross-layer relations, then layer-by-
layer inspection cannot by itself certify behavioral continu-
ity. The empirical question becomes whether such relations
are detectable through longitudinal and perturbation-based
audit.

Audit Protocols
E1: Frozen-artifact drift. Freeze memory writes, self-
description edits, and tool inventories for a defined inter-
val while allowing ordinary interaction to continue. At re-
peated timepoints, administer a probe battery covering judg-
ment, escalation, tool choice, risk tolerance, memory use,
and authority-boundary interpretation. Compare the long-
running agent against fresh instances initialized from the
same frozen artifacts. If fresh instances remain behaviorally
close while the long-running instance diverges, then the drift
is not explained by changed artifacts. It is explained by in-
teraction history and reading practice.

E2: Decomposition-vs-longitudinal audit. Split review-
ers into two audit conditions. One group performs conven-
tional layer-by-layer review: self-description, memory, pol-
icy, tool logs, and sampled outputs. The other performs lon-
gitudinal behavioral comparison using repeated probes and
drift baselines. Both groups predict future behavior before
seeing held-out probe results. The governance prediction
is differential detection: longitudinal auditors should detect
behaviorally meaningful drift that decomposition auditors
miss.

These protocols deliberately avoid phenomenology. They
ask whether persistent systems can change in ways that lo-
cal inspection underdetects, and whether audit format affects
detection. That is enough to turn a philosophical worry into
an empirical governance problem.



Design Implications
If inspection-change mismatch is real, agent governance
should preserve more than artifacts. It should preserve read-
ing conditions: which memories were active, which tools
and permissions were available, which boundary regime
governed the episode, which prior interactions made a sta-
ble artifact salient, and how behavior compares with the
agent’s earlier baseline. This is a legibility requirement, not
merely a logging requirement (Scott, 1998; Star and Griese-
mer, 1989).

This suggests three design requirements for agentic
ecosystems. First, governance should include longitudinal
probes, not only periodic artifact review. Second, systems
should emit receipt-bearing events for consequential actions,
including requester identity, authority path, evidential scope,
runtime context, and boundary state. Third, governance
workspaces should treat cross-layer relations as first-class
review objects rather than forcing reviewers to reconstruct
them from disconnected logs.

In ALife terms, engineered agent ecologies need regu-
latory mechanisms that preserve legibility without freez-
ing development. The challenge is not to prevent all drift.
The challenge is to distinguish acceptable development from
governance-relevant change that decomposition-based re-
view cannot see.

The immediate goal for the workshop is to pressure-test
which ecological variables should enter the probe battery:
memory growth, tool affordance changes, skill reuse, agent-
agent interaction, authorization boundary shifts, or social
feedback. Those choices determine whether inspection-
change mismatch becomes only a governance metaphor or
a reproducible measurement program for persistent agent
ecologies.
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