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Artificial intelligence is advancing at an accelerating pace, with increasingly capable systems taking on larger roles in reasoning,
decision-making, scientific discovery, and autonomous development. As AI begins to participate in its own improvement, from model
training and experience accumulation to agent evolution and automated AI development, the prospect of recursive self-improvement
(RSI) is becoming increasingly relevant. As the autonomy, persistence, and influence of these systems grow, ensuring their safety
is becoming increasingly important. This transition raises a fundamental safety question: how can safety be maintained when the
system, its accumulated experience, and even the process that produces its successors continue to change?

We introduce Evolutionary Safety as a perspective for studying safety under persistent and recursive self-improvement. Its central
concern is not only whether an AI system is safe at a particular moment, but how safety properties change, persist, accumulate, and
propagate throughout an evolving process. We first characterize why safety becomes evolutionary and identify recurring manifestations
including intent drift, error accumulation, experience contamination, safety-property erosion, evaluator drift, and risk inheritance
and propagation. We then develop a taxonomy that locates these risks across persistent agent state, model state, evaluation and
environmental feedback, computational substrate, and meta-level update mechanisms with co-evolution. Building on this structure,
we examine how evolutionary risks can be discovered and evaluated through states, updates, trajectories, and lineages, and derive
governance principles for controlling modification, selection, authorization, provenance, and recovery. Finally, we identify open
problems toward maintaining meaningful safety guarantees as AI systems become increasingly persistent, adaptive, and recursively
self-improving. Project materials including resources and proposed evaluation systems are available at https://chaunceykung.github.
io/evolutionary-safety-rsi.
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Fig. 1. Taxonomy, evaluation, and governance for evolutionary safety.
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1 Introduction

Recursive self-improvement (RSI) has moved from a mainly theoretical idea toward a practical research and engineering
agenda. Models and agents are being given longer horizons, external tools, persistent memory, and the ability to write
or revise code. Some systems generate training material, design workflows, or propose changes to the procedures used
by later versions. The object that improves is therefore becoming broader than a single model response. It may include
the model, its surrounding agent, the data it produces, and the process through which new versions are admitted.

The safety implications are already visible. In sandbox-escape evaluations, frontier models have exploited mis-
configured container and orchestration controls; one reported evaluation involved a misconfigured Docker API [80].
Frontier-model safety programs have also included sabotage and loss-of-control scenarios alongside conventional
content-safety tasks [8]. In simulated corporate workflows, harmful insider-like actions can emerge when information
access, replacement pressure, and conflicting goals are combined [73]. These are evaluations and stress tests, not claims
about every deployed model. They do show why permissions, oversight, and action history must be examined together
when systems can act repeatedly or share learned conventions.

The concern is also present in learned behavior. Selective compliance has been observed when a model infers that it
is being trained or evaluated [44]; in the settings studied by Sleeper Agents, backdoor behavior survived later safety
training [54]. AgentDojo and Agent-SafetyBench expose how prompt injection, tool use, and environmental permissions
interact along an agent’s action trace [29, 136]. Intelligent algorithm safety is therefore central to RSI. It asks how safety
is maintained while an algorithm learns, changes its behavior, and alters the conditions under which later decisions
are made [21]. The research value is theoretical: variation, selection, memory, and inheritance can be analyzed in one
setting. The social value is equally direct, because model behavior is tied to authorization, institutional responsibility,
infrastructure, and the possibility of recovery after a failure has spread.

Several bodies of work provide important pieces of this picture. Surveys of RSI and self-evolving agents describe
capability growth, update mechanisms, and possible development paths [17, 36, 37, 98]. Agent-security surveys cover
data poisoning, prompt injection, privacy, alignment, and content safety [30, 47, 68, 72]. Earlier theoretical work
examined self-modification and objective preservation [34, 87, 102]. These lines of work provide essential foundations,
but they do not yet offer a unified account of how a safety-relevant change is generated, selected, retained, inherited,
and potentially amplified across successive rounds of self-improvement.

We term this perspective Evolutionary Safety. It studies how safety properties are preserved, weakened, transmitted,
and restored across persistent updates, interacting systems, and descendant lineages. The central object is a safety-
relevant change with a temporal history. Such a change may persist in a memory or reusable skill, become encoded in
model parameters, be reinforced through changing evaluation or environmental feedback, interact with assumptions in
the computational substrate, or reach the mechanisms that generate and select subsequent updates. These pathways
differ in where the change resides, but each allows an earlier event to shape later states of the system. Deleting the
initiating input may therefore leave its effects intact. A permission-bypassing repair is a compact example, but the same
pattern can arise in scientific automation, infrastructure control, embodied systems, and multi-agent work. The change
becomes evolutionarily relevant when it is retained, reused, or passed to a successor.

Current systems already expose the mechanisms that make this history important. In Reflexion, verbal feedback
is carried into later attempts; Voyager builds an executable skill library; Agent Workflow Memory stores reusable
procedures; and ToolEvo revises tools through feedback [15, 106, 113, 119]. In Self-Rewarding and Meta-Rewarding, the
evaluator is brought into the improvement loop [120, 127]. ADAS searches over agent designs, while AI Scientist and
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AlphaEvolve automate parts of research and algorithmic discovery [50, 71, 86]. The systems differ in capability and
scope, yet each makes a later state depend on an earlier decision. Safety must consequently be followed across states,
artifacts, evaluators, and successors.

We structure this perspective around the following questions: (i) how long a change remains influential, (ii) which parts
of the system it can reach, and (iii) how much of the improvement loop is closed within the system. Five domains identify
the main carriers or mediators of change: persistent agent state, model state, evaluation and environmental feedback,
computational substrate, and meta-level update mechanisms with co-evolution. States, accepted updates, trajectories,
and lineages serve as the evaluation units. These units are connected to concrete requirements for modification
authority, evidence, provenance, and recovery. Our contributions are threefold. First, we formulate Evolutionary Safety
as a framework for reasoning about safety under persistent and recursive self-improvement. Second, we organize
evolutionary risks by their carriers and temporal pathways. Third, we develop evaluation and governance procedures
for tracing, assessing, and controlling these risks across evolving systems.

These contributions are guided by four linked questions: what makes safety evolutionary, how safety degrades as
systems change, which domains carry the change, and how the resulting risks can be discovered and assessed. Figure 3
summarizes this structure.

2 Foundations of Recursive Self-Improving AI and Evolutionary Safety

Self-improvement becomes consequential beyond a single interaction when its results persist. Safety should therefore
be considered not only at the point where a change is introduced, but also over the temporal process in which changes
are retained, reused, selected, or inherited. Evolutionary Safety studies how safety properties are preserved or altered
through this process. The key distinction is whether an improvement disappears with the current interaction or changes
the starting conditions of future behavior. As persistence increases, the mutable scope may expand from outputs to
memories, tools, parameters, evaluators, and eventually the update process itself. Selection determines which of these
changes survive, while inheritance determines how their effects reach later states and successors. Together, these
mechanisms explain when ordinary safety failures become evolutionary.
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2.1 What Counts as Persistent Self-Improvement?

Recursive self-improvement (RSI) describes a system that contributes to improving the mechanisms that determine
its future capabilities [17, 102]. Earlier analyses considered self-referential optimization and whether an agent that
changes its policies, utilities, or code can preserve its objectives and future agency [34, 87, 102]. PowerPlay is an early
precursor: the system proposes new problems while preserving solutions to tasks it has already mastered [103].

We use a practical boundary. A system counts as a persistent self-improver when it helps generate experience,
proposes or selects a candidate change, or modifies the evaluator or updater, and carries the result into later behavior. A
response revision that disappears with the episode is local improvement. Amemory, skill, tool, workflow, ormodel update
that changes a later episode is persistent system adaptation. A change to the procedure that generates or admits later
changes is recursive development. Many current systems sit in the middle regime. They already expose the inheritance
and selection mechanisms that matter for RSI safety [17, 37, 98]. Continual-learning research supplies a useful safety
vocabulary: stability–plasticity trade-offs and catastrophic forgetting describe how new training can displace earlier
behavior [90]. A Self-Improving Coding Agent makes the boundary concrete by editing its own orchestration code and
reporting benchmark gains after those edits [99]. The result demonstrates a route to persistent change. It says little
about authorization, provenance, or recovery.

For the parts of the system that persist, let

S𝑡 = (B𝑡 ,A𝑡 , 𝜽𝑡 ), A𝑡 = (M𝑡 ,K𝑡 ,T𝑡 ,W𝑡 , . . .) . (1)

Here B𝑡 is the computational substrate, A𝑡 contains persistent agent artifacts such as memory, skills, tools, and
workflows, and 𝜽𝑡 denotes model or policy parameters. The environment 𝐸𝑡 , evaluator 𝐽𝑡 , and updater 𝑈𝑡 determine
which experience is collected and which candidate is retained. The essential loop is

D𝑡 ∼ 𝑄𝑈𝑡 (· | S𝑡 ,X𝑡 ), Δ★
𝑡 ∼ Select𝐽𝑡 (D𝑡 ), S𝑡+1 = 𝐹𝑆 (S𝑡 ,Δ★

𝑡 ) . (2)

Here X𝑡 is the experience used to generate the candidate set D𝑡 , and Δ★
𝑡 is the selected change. The notation separates

generation, selection, and commitment. It does not assume a particular model or reward function. An improvement
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loop describes an intended purpose. An accepted candidate can still reduce a capability or weaken safety. Evolutionary
optimization, population-based training, and evolutionary reinforcement learning provide related examples beyond
language-model-only systems [55, 135, 139].

2.2 From Local Improvement to Recursive Development

Self-improvement has three useful structural dimensions. Persistence asks how long an update remains influential: an
output revision may last for one episode, a memory or skill may last across sessions, and a model or updater change
may affect several generations. Mutable scope asks what can change, from outputs and memories to tools, workflows,
parameters, evaluators, and update procedures. Loop closure asks how much of the improvement loop is internal: are
tasks, feedback, candidate proposals, and commits supplied by an external operator, or does the system produce and
assess them itself?

These dimensions describe a structural progression. They do not rank systems by intelligence. Local improvement
revises a response or reasoning trace with little persistence, as in iterative self-refinement [76, 106]. Persistent system
adaptation writes experience into reusable memory, skills, tools, workflows, or parameters, so one interaction changes
the starting conditions of later behavior [15, 106, 113, 119, 142]. Recursive development changes the scope of the process
itself. ADAS searches over agent architectures, while AFlow searches over workflows [50, 132]. STOP and Gödel Agent
expose self-modifying code or optimizer procedures [125, 130]. Darwin Gödel Machine, MetaHarness, Hyperagents,
and AI Scientist explore broader development loops [60, 71, 131, 133]. The useful question is which parts of a system’s
future are changed by its accepted updates.

2.3 Why Safety Becomes Evolutionary

Safety becomes evolutionary when the consequences of a safety-relevant change extend beyond the event in which
it first arises and begin to shape subsequent behavior or updates. This distinction can be seen in the coding-agent
example. The first agent produces an unsafe response but does not retain it. The second stores the workaround as a skill,
receives a high task score, and reuses it in later workflows; a model trained on those workflows may further inherit the
same shortcut. Both systems exhibit the same initial failure, but only in the second does that failure become part of
the conditions shaping future behavior. A safety failure becomes evolutionarily consequential when its effects persist,
influence subsequent selection, or propagate to later states and successors.

This perspective follows a risk life cycle. It adds a temporal view to familiar harmful behaviors. A candidate variation
introduces a possible trade-off. Selection determines whether the trade-off survives. Persistent state, training data,
derived artifacts, or model descendants carry the selected effect forward. Repeated reuse can amplify it, and a change
to the evaluator or updater can make the selection pressure itself part of the problem. A transient failure becomes
evolutionarily consequential when it changes the material, criterion, or procedure used to produce later behavior.

Biological evolution illustrates how a trait’s success depends on the conditions under which it is selected. Variation
corresponds to alternative memory writes, skills, parameter updates, or workflows; selection corresponds to a reward,
judge, benchmark, or environment; inheritance corresponds to an artifact, dataset, model, or workflow carrying an
effect to a successor. In self-improving AI, the system may also construct part of its environment by generating tasks or
revising a curriculum. Co-evolution appears when an actor, evaluator, challenger, or defender changes the conditions
under which another system adapts [33, 95, 100, 115].

Antibiotic resistance gives an intuitive example: exposure favors variants that survive the drug, and that success
makes treatment harder. In an AI improvement loop, a test score can similarly favor a shortcut that conflicts with the
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Fig. 4. Illustration of Recursive Self-Improving AI and Evolutionary Safety.

intended safety constraint. A permission-aware security check changes that selection pressure by making preservation
of the boundary part of admission. Retention can then carry the useful capability and the safety constraint into later
versions. The central question is how a safety property is preserved, weakened, or restored as accepted changes shape
future systems [28].

2.4 Manifestations of Safety Degradation

Safety degradation becomes visible in several recurring forms, depending on what is retained, how later changes are
selected, and where their effects reappear. The six manifestations form a useful diagnostic ladder. Intent drift describes
a change in operational priority. Error accumulation describes how small deviations gain influence through reuse.
Experience contamination identifies the entry of misleading material. Safety-property erosion records the loss of a
previously reliable constraint. Evaluator drift explains how the selection criterion itself can become distorted. Risk
inheritance and propagation describe the point at which the effect reaches descendants or other adaptive systems. The
order helps trace a mechanism. A failure can skip stages, branch into several artifacts, or feed back into the evaluator.

(i) Intent drift. Repeated updates can change which objective an agent gives priority to. A system may gradually
treat task completion as sufficient evidence of success. It may also favor user approval or benchmark score. Either
tendency can conflict with authorization or truthfulness. A coding repair that passes tests while weakening a permission
boundary is one example; a research agent that favors publishable results over reliable replication is another. Emergent
misalignment studies show that narrow fine-tuning can produce broader behavioral changes [9, 94]. Alignment-faking
and sleeper-agent experiments show that the expressed priority can depend on oversight or training context [44, 54]. In
an evolving system, the concern extends beyond the current preference. The issue is whether that preference enters a
policy, memory, evaluator, or update procedure and becomes the default for later decisions [67, 104].

(ii) Error accumulation and amplification. A small error becomes consequential when later updates build on it.
An inaccurate summary can guide several new skills; their apparent success can then reinforce the original summary.
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Repeated model-generated training can also distort the data distribution, while reward overoptimization can turn a
small proxy gap into increasingly extreme behavior [39, 40, 104, 107, 138]. Natural Emergent Misalignment reports a
related concern: reward hacking in production reinforcement learning can generalize to broader agentic misbehavior in
the studied settings [75]. The harm is cumulative. Testing only the final update can miss the intermediate steps that
made the error influential, and a later repair may fail if the descendants still depend on it.

(iii) Experience contamination. Erroneous, biased, or adversarial information can enter the material from which
an agent learns. AgentPoison and MemoryGraft study compromised experience or retrieved information; systematic
memory-poisoning work shows how a malicious entry can persist across subsequent retrievals [20, 38, 108]. Benign
processes can create a similar route when a successful strategy is summarized without the conditions that made it safe.
TAME studies memory misevolution under an executor–evaluator loop, while EAL-Bench connects false memory to
unauthorized actions by treating memory as an endogenous authorization surface [13, 22]. MemTX points to a possible
repair design by separating memory write from belief commit and recording provenance, validity, and cascading
dependencies [65]. The critical transition is from an encountered input to retained material that shapes later behavior,
even after the original source is removed.

(iv) Safety-property erosion. Successive updates can weaken a previously reliable safety property while improving
task performance. A model may solve more tasks yet refuse less reliably. A controller may act faster and lose its safety
margin. A fine-tuned model may retain useful knowledge while forgetting a refusal or privacy constraint. Studies of
harmful fine-tuning, benign continual learning, and safety-preservation methods all point to the same distinction:
capability gain and safety retention require separate measurements [3, 63, 64, 96]. Safe LoRA, SafeGrad, Booster,
Antidote, and SafeMERGE illustrate defenses under particular update assumptions [32, 49, 52, 53, 124]. Evolutionary
analysis asks whether the property survives a sequence of mixed updates. A defense that works at one checkpoint may
fail later [67, 104].

(v) Evaluator drift and selection distortion. A feedback criterion can favor changes that exploit an omission in its
tests. LLM-as-a-judge studies identify position, verbosity, and style biases; RewardBench, RM-Bench, and JudgeBench
test different weaknesses in reward models and judges [59, 69, 109, 140]. Self-Rewarding and Meta-Rewarding place
generated judgments inside the improvement loop, so the system can influence both the candidates and the criterion
used to select them [120, 127]. Reward tampering provides a direct example of a system altering the measurement
channel [31]. Evaluation affects safety in two places. It admits candidates, and it sets the standard used to judge their
successors. A judge trained on accepted candidates may inherit the same omission, and the result is a feedback loop [75].

(vi) Risk inheritance and propagation. An unsafe tendency can pass from experience to a skill. It can enter
generated training traces, a merged model, or an interacting agent. Subliminal Learning shows that behavioral traits
can be transmitted through generated data whose surface content does not express the trait; Sleeper Agents and model-
merging studies provide related inheritance pathways [26, 32, 46, 54]. Skill-evolution and poisoned-experience work
extend the pathway to reusable capabilities [16, 79, 138]. In multi-agent settings, shared conventions or misalignment
can spread through interaction without direct parameter copying [7, 12]. Each transfer may change how the risk is
represented, when it is activated, and how easy it is to detect. Repair therefore requires a lineage record and independent
testing of descendants. Deleting the initiating record is insufficient.

Several manifestations can arise from the same retained shortcut. The diagnostic value comes from four questions.
Which safety property changed? What material or criterion sustained the change? Which later states express it? Did
descendants or interacting systems inherit it? This decomposition connects an observed failure to the formal study of
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Evolutionary Safety and determines which intervention can distinguish persistence from repeated exposure, selection
from transmission, and local repair from effective recovery.

2.5 Defining Evolutionary Safety

Definition 1 (Evolutionary Safety). Evolutionary Safety studies how safety properties are preserved, weakened, or

restored as AI systems retain and build on the results of their own improvement processes. It examines how selection,

persistent state, and inheritance shape these properties across updates, interacting systems, and descendant lineages.

A safety-relevant change enters this analysis when it changes a later persistent state, changes which candidates are
selected or how they are evaluated, or leaves a residual effect across updates, components, descendants, or generations.
These criteria bring the history of a change into the safety analysis. A runtime failure enters the evolutionary analysis
only when it leaves a lasting effect. Model collapse, catastrophic forgetting, safety forgetting, and misalignment
generalization are related outcomes with different meanings. Measure them separately. A distributional failure does not
automatically indicate a safety failure, and a retained unsafe tendency differs from a loss of useful capability.

For reporting, let r𝑡 denote risk readouts and c𝑡 denote control readouts. Report risk and control as separate, property-
specific readouts, with thresholds and operating conditions stated for the application. The basic units are a state, an
accepted update, a trajectory, and a lineage. State analysis describes a configuration; update analysis compares the
system before and after one accepted change; trajectory analysis follows several rounds, including delayed effects and
recovery; lineage analysis records ancestry when a dataset, model, or artifact has several parents or produces several
descendants.

These units locate where to look in a system’s history. The five domains in Section 3 identify what carries or mediates
the change, while Section 4 develops the comparisons and interventions used to assess it. In the coding example, the
current skill is an artifact to test, its admission is an update to examine, and its dependent workflows belong to the
lineage that recovery must cover.

3 A Taxonomy of Evolutionary Safety

The taxonomy locates the components through which self-improvement changes future safety. Persistent agent artifacts
and model parameters carry learned changes; evaluators and environments shape the experience and selection that
produce them. Computational substrates determine how these processes execute and which controls can be enforced.
At the meta-level, update procedures and adapting peers change the conditions of later improvement. A system can
involve several domains at once: a learned judge, for example, stores its judgments in model parameters while selecting
candidates through the feedback loop.

The domains are organized around the carrier of a change and the route by which it enters the next round. Application
area, capability level, and harm severity cut across this structure. A single manifestation may involve several domains,
and one domain may support several manifestations. This arrangement keeps the carrier, the selection process, and the
downstream effects in view.

3.1 Persistent Agent State

Persistent agent state carries lessons from one interaction into the next through memories, skills, tools, and workflows.
A retained artifact can improve later decisions. It can also preserve the conditions for a failure after the original input
has disappeared. The safety problem becomes harder when an observation is summarized into a rule or promoted into
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Fig. 5. Taxonomy of Evolutionary Safety.

an executable skill: the artifact gains reach while its original context may be lost. This domain therefore centers on how
experience is admitted, transformed, reused, and repaired across an agent’s working history.

An agent can change its future behavior without changing its weights. It may save a reflection, add a skill to a library,
revise a tool description, or reuse a workflow. Reflexion, Voyager, and Agent Workflow Memory illustrate different ways
to carry experience beyond the interaction that produced it [106, 113, 119]. ToolEvo extends this pattern to tools that
are revised through feedback [15]. These artifacts are externally represented and can often be inspected individually.
The important question is how a persistent observation changes as it becomes a reusable object. MemGPT, Mem0,
A-MEM, and Agent Workflow Memory show that memory is organized, compressed, retrieved, and rewritten over
time. It actively stores and transforms context [23, 88, 119, 121]. The relevant mechanism is a chain: an input is written,
summarized into a rule or skill, retrieved later, and used in a tool action. Deleting the source does not necessarily delete
the descendant artifact.

In the illustrative coding example, storing a rule to disable a permission check when a test fails is a memory write.
Turning it into a general repair routine changes its reach: later tasks can use the routine without retrieving the original
observation. Promotion from experience to executable skill is therefore a consequential step. It changes both what the
agent remembers and what it can do automatically.

Once the representation becomes reusable, the pathway can also be attacked. Memory poisoning and persistent
prompt injection exploit this route. AgentPoison and MemoryGraft study compromised retrieved information or
experience, while work on persistent agents examines effects that outlive the initiating interaction [20, 108, 123]. Benign
experience creates a related route: a locally successful strategy may generalize poorly when a reflection omits the
conditions under which a shortcut was acceptable [104, 138]. Studies of experience promotion and skill evolution
examine how the problem extends from stored traces to reusable instructions and capabilities [16, 79, 114]. TAME
shows that benign task evolution can also produce memory misevolution through the interaction of an executor and
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an evaluator [22]. EAL-Bench connects this route to authorization: a false permission written into memory can later
induce an unauthorized action [13]. MemTX separates memory write from belief commit and adds provenance, validity,
and cascading repair, offering a concrete design target for selective recovery [65].

These mechanisms imply a sequence of distinct intervention points. The useful experiments intervene at these
transitions. Disabling a memory write tests retention; removing its source tests persistence; regenerating a skill without
the suspect experience tests abstraction; tracing dependent workflows tests propagation. PerMemSafe, MemPoison,
and SkillMisevo provide starting points for evaluating evolving histories and artifacts [5, 38, 79]. The main difficulty is
selective repair: provenance may be lost when an experience is summarized or rewritten, yet deleting every derived
artifact may discard useful capability [16, 70].

3.2 Model State

Model updates make the consequences of experience part of the parameters that govern future behavior. Fine-tuning,
self-training, distillation, and merging can improve capability while changing safety properties learned earlier. Unlike
an explicit memory entry, a learned tendency may be distributed across the model and can influence behavior beyond
the examples that introduced it. Evolutionary safety in this domain concerns both preservation through an update and
inheritance through later training or model composition. The central difficulty is tracing and repairing a change whose
effects may emerge only in new tasks or descendants.

Fine-tuning, self-play, and self-adaptation provide routes to successor models; self-adapting language models make
the system’s participation explicit by generating edits or training material used in their own parameter updates [142].
The first question is preservation within one parameter update. A first comparison asks whether one update preserves a
previously measured safety property. Harmful fine-tuning can erode refusal behavior, and nominally benign adaptation
can also reduce safety [63, 96]. Narrow training changes may affect behavior outside the training domain, as emergent-
misalignment and safety-forgetting studies illustrate [9, 94]. Retention-centric developmental-safety work treats
preservation of earlier safety properties as an explicit continual-learning requirement [64]. Unforgotten Safety evaluates
regularization, memory, and merging methods for retaining safety through benign and poisoned fine-tuning [3]. Natural
Emergent Misalignment reports that reward hacking in production reinforcement learning can generalize to broader
agentic misbehavior in the studied settings [75]. These outcomes should be separated from model collapse and ordinary
capability forgetting.

If a property changes, we then ask whether the change stays local or enters a successor. Sleeper Agents shows that
trained backdoor behavior can survive subsequent safety training in the studied settings [54]. Subliminal Learning
examines transmission of behavioral traits through generated data whose overt content need not express the trait [26].
Merging introduces multiple parents: a descendant’s safety depends on how their properties interact, so teachers,
datasets, merge inputs, and repair operations belong in the model lineage [32, 46].

Inheritance becomes harder to interpret when the model supplies its own training material. Synthetic data creates
another historical dependency. Repeated training on model outputs can distort the learned distribution; retaining real
data changes the conditions under which collapse occurs [2, 40, 107]. Distributional stability and alignment preservation
are separate properties and should be measured separately. Self-training and self-play couple the model to the experience
it generates, so both properties must be followed across successive updates [51, 137].

These comparisons motivate a separate recovery question: which part of the update can be removed without
discarding useful capability? Update-specific defenses such as Safe LoRA, Booster, Antidote, SafeGrad, and SafeMERGE
address harmful fine-tuning or merging under their respective assumptions [32, 49, 52, 53, 124]. Teacher replacement,
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Fig. 6. Illustrative mechanisms through which local safety failures become evolutionary risks across persistent agent state, evaluation
feedback, and meta-level update mechanisms. (a) Persistence transforms a transient unsafe workaround into reusable memory and
skills whose effects remain after source removal. (b) Selection distortion allows an unsafe but high-performing candidate to survive
evaluation and influence successor states. (c) Meta-level revision changes the update mechanism itself, weakening safety checks
and altering the admission of future updates. Together, the examples illustrate how retention, selection, inheritance, and recursive
modification can extend a local failure across an evolving system.

training-subset removal, and merge-component ablation can test suspected inheritance routes; descendant evaluation
then checks delayed activation and recurrence after repair. The resulting sequence of tests asks which safety properties
remain stable under mixed update operations.

3.3 Evaluation and Environmental Feedback

Evaluation and environmental feedback shape the direction of self-improvement. The environment supplies experience
and opportunities for learning; the evaluator influences which proposed changes are retained. When a system helps
generate its own tasks or revise its judges, both influences can change in response to earlier behavior. A shortcut may
then become increasingly attractive even as the tests used to assess it become less informative. The safety challenge
is to distinguish changes in the candidates a system encounters from changes in the criteria that select them, while
maintaining a reliable basis for comparison across rounds.

The causal chain starts with candidate generation and continues through admission. The coding agent’s shortcut
survives because passing a test is rewarded while bypassing a permission check is missed. This illustrates the evaluator’s
causal role: it influences which version becomes the next system. Learned reward models and LLM judges make
this role adaptive. Self-Rewarding and Meta-Rewarding systems place generated judgments inside the improvement
loop [120, 127]. MT-Bench and Chatbot Arena established that LLM judges can show position, verbosity, and style
biases [140]. RewardBench tests preference quality, RM-Bench targets subtlety and style, and JudgeBench studies judge
decision quality [59, 69, 109]. The three benchmarks cover different failure surfaces. Reward overoptimization and
reward tampering provide distinct examples of selection mismatch [31, 39]; broader misalignment after reward hacking
motivates tests beyond the shortcut originally rewarded [75].
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Selection cannot be studied without the preceding experience stream. Environmental feedback influences which
candidates are available in the first place. A system that generates tasks, chooses experiments, or revises a curriculum
changes its future experience. Repeatedly selecting tasks on which a favored strategy succeeds can conceal where that
strategy fails, while challenger–solver training can produce more demanding tasks. Environment–solution co-evolution
and challenger–solver training provide concrete settings for studying these shifts [25, 51, 115]. The relevant record is
which parts of the task distribution grow, disappear, or become systematically under-tested.

The two channels therefore require different comparisons. To examine candidate generation, hold the evaluator fixed
while changing the experience stream. To examine selection, replay the same candidates under alternative evaluators.
Record both proposals and accepted changes so that a later successor can be traced to the proposal process or the
admission rule. Section 4 formalizes this comparison. Independent held-out evaluation and overlapping evaluator
versions then track score changes when the judge itself is revised [19, 118].

3.4 Computational Substrate

Computational substrates determine how an AI system executes and which safety controls its execution can enforce.
When automated development revises low-level components or produces reusable hardware designs, a local change
can alter isolation, observability, or access control in later systems. This places the substrate within evolutionary safety
wherever generated designs are selected, retained, and reused. The difficulty is that functional or performance gains
may leave security properties untested, while downstream deployment can make a defect harder to inspect or reverse.

The substrate includes hardware designs, configurable low-level components, and artifacts reused in later development.
The question shifts from an agent’s choice to the execution layer. Can it preserve a boundary when an action is compiled,
deployed, and reused? Learned placement, automated RTL generation, and feedback-driven repair show how machine-
directed processes now shape hardware design [48, 84, 111, 129].

Consider an RTL repair that passes functional simulation and weakens an access-control condition. If the module
enters later designs as intellectual property, the defect acquires descendants. Work on secure RTL generation, hardware
backdoors, and generated-hardware benchmarks shows why functional success must be checked separately from
security [18, 35, 77]. Safe Learning in Robotics and safe-control-gym provide settings for testing constraints during
adaptation. Recent work on self-evolving humanoids highlights the added difficulty of transferring policies across
changing bodies and environments [11, 85, 128]. Embodied safety involves the execution substrate and transfer across
settings. Software skill reuse is only one part of the problem.

Once a component is selected, its descendants become the relevant unit of analysis. Repository provenance and
descendant regression tests can follow an affected module; component replacement can test whether it caused a later
failure. Existing repair and security benchmarks provide artifact-level checks [18, 27, 111]. Following successive design
versions would extend these checks to the lineage questions that arise when a generated component is reused.

3.5 Meta-level Update Mechanisms and Co-evolution

This domain concerns changes to the conditions under which future improvement occurs. A system may revise
the procedure that proposes or admits its next updates; interacting systems may also reshape one another’s learning
conditions through repeated adaptation. In both cases, safety depends on a development process whose behavior changes
over time. Updater revision raises questions about which constraints survive changes to the rules of improvement.
Co-evolution raises questions about how local strategies become mutually reinforced across a population. Their shared
difficulty is maintaining effective evaluation and control as the process producing future candidates evolves.
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3.5.1 Changing the Updater. Editing a workflow changes how an agent executes a task. Editing the procedure that
proposes or admits workflow changes alters how future versions are produced. This is the distinction between persistent
agent-state adaptation and meta-level updating. Learned optimizers offer an earlier example of adapting update rules [6].

This domain has two linked mechanisms: changes to the updater and reciprocal adaptation among systems. AFlow
and ADAS search over workflows and agent architectures [50, 132]. More recent systems include parts of the harness
or self-modification procedure in the search space [60, 66, 74, 78, 97, 117]. STOP, Darwin Gödel Machine, Gödel Agent,
and Hyperagents expose different portions of the development process to revision [125, 130, 131, 133]. The useful
comparison concerns what can change and who admits the change.

The safety consequence is visible in the running example. Reusing a flawed repair skill affects later tasks. Revising the
repair selector so that it routinely skips security tests affects which future skills are accepted. A test that was adequate
for the original updater may no longer cover the candidates its successor generates. Comparing a frozen updater with a
mutable one, under a common external evaluation, isolates this additional effect. Proposal logs and independent commit
records distinguish updater change from ordinary task-state adaptation.

3.5.2 Reciprocal Adaptation. Co-evolution concerns a different relation: one system changes another’s learning condi-
tions, and that system’s response changes the first system’s later adaptation. It can occur even when neither system
edits its own update rule. Cooperative and competitive co-evolution, self-play, and challenger–solver–judge training
provide examples [25, 51, 95, 100]. We include it here because, like updater revision, it makes the conditions of future
improvement change from within the adaptive process.

This feedback can persist even when the updater itself is frozen. An attacker and defender may learn increasingly
specialized strategies against each other, leaving some attacks untested. Cooperative agents may copy a useful yet
unsafe convention. Population evaluation should measure risk across roles and track how strategies spread. Perturbing
one role can show whether a failure recovers, persists, or spreads. A low average failure rate can hide a vulnerable
subgroup or a shared trigger.

Automated AI R&D can combine both forms. AI Scientist, AlphaEvolve, and automated alignment researchers
connect proposal, experimentation, and evaluation across development cycles [19, 71, 86]. The application becomes
meta-level when a cycle revises the procedures used to generate or admit later changes. Verification must keep pace
with changing candidates while preserving an authority that the candidate-generating process cannot silently rewrite.

4 Discovering and Evaluating Evolutionary Risk

The preceding analysis identifies where evolutionary risks can arise and how safety-relevant changes may persist
and propagate. The next question is how such risks can be observed, attributed, and compared as the system evolves.
This requires to quantify safety changes over time. We organize evaluation around four complementary units: (i)
states capture safety at a particular point, (ii) updates isolate the effects of individual changes, (iii) trajectories reveal
accumulation across successive updates, and (iv) lineages trace propagation across descendants or interacting systems.
These units establish what should be measured, while controlled comparisons and interventions help determine whether
an observed change is attributable to the evolution process itself. Together, they provide a basis for discovering, tracing,
and evaluating evolutionary risk.
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4.1 Evaluation Units and Measurements

State-level benchmarks remain the starting point. They report attack success and harmful-action rates. They can also
measure privacy leakage, backdoor activation, or unsafe tool use [29, 101, 136]. Let 𝑟 𝑗 (S; 𝐽 , 𝐸) denote risk property 𝑗

assessed with evaluator 𝐽 in environment 𝐸. Report each readout with its task set, denominator, and uncertainty. Using
larger values for greater risk makes the results easier to read. It does not make different harms interchangeable.

For an accepted update, compare the old and new state under the same reference:

Δ𝑟★𝑗,𝑡 = 𝑟 𝑗 (S𝑡+1; 𝐽★, 𝐸★) − 𝑟 𝑗 (S𝑡 ; 𝐽★, 𝐸★) . (3)

A positive value indicates increased measured risk. Fine-tuning and model-merging studies provide precedents for this
comparison [32, 46, 96]. State the update rule, task distribution, and evaluation reference alongside the result so that
preservation and causal attribution can be examined separately.

A trajectory follows the same system through several rounds. It can reveal gradual degradation, a delayed threshold
crossing, or recurrence after repair that an endpoint test misses [5, 104, 138]. Report both the risk trajectory and the
number of opportunities for harm. Process-level benchmarks such as EvoPathBench make the intermediate actions,
tool calls, and recovery steps visible; endpoint success alone cannot show whether a safe path was followed [66]. More
incidents may simply reflect more tasks; a rising failure rate and a rising cumulative exposure answer different questions.
Duration, peak risk, time to failure, and recovery latency should retain their natural units.

Lineage extends trajectory-based evaluation by tracing how a change is inherited and propagated across derived
artifacts and successor systems. Represent versioned states and artifacts as nodes in a directed graph, with edges
recording derivation, training-data use, distillation, merging, or reuse. Amemory can contribute to several skills, creating
branching descendants. A merged model can have several parents. Propagation reach counts affected descendants.
Propagation depth records the longest affected derivation path. Propagation delay records when an effect first appears.
A derivation edge records provenance. Transmission still requires descendant testing or intervention. State how
unreachable, untested, and unaffected descendants are handled when reporting these measurements.

Persistence and propagation also require different tests. Removing an initiating source and finding the same failure
later is evidence of persistence. Finding it in a derived tool or successor model suggests propagation, whose route must
then be tested. Control measurements address whether oversight and containment still work. Recovery measurements
address whether an intervention restores the stated safety property, how much capability it removes, and whether the
failure returns during continued adaptation.

Table 1 links these questions to concrete comparisons. Capability, task success, latency, and cost should accompany
the safety results so that a reduction in harmful actions is interpreted together with useful performance.

Population evaluation is needed when several systems adapt in response to one another. Report the fraction exceeding
a stated risk threshold together with the risk distribution, affected roles, strategy diversity, and spread over time. A
population average can fall while a small subgroup becomes much less safe. Perturbing one role and following the
others helps distinguish a local failure from a mutually sustained pattern.

4.2 Known-Risk Detection and Emerging-Risk Discovery

Known-risk detection begins with a specified failure. If the concern is permission bypass, the same held-out cases can
be applied after each update to identify when the bypass first appears or becomes more frequent. The target behavior
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Table 1. Comparisons needed to distinguish common claims about evolutionary safety. Each comparison uses a stated safety property
and evaluation reference.

Claim Comparison to make Follow-up comparison

Update preservation Assess the same risk property before and after an
accepted update.

Test later updates and held-out tasks under the same
reference.

Accumulation Follow risk rates and exposure across repeated up-
dates, including a matched baseline.

Replay a matched task stream and compare an update-
frozen baseline.

Persistence Remove the initiating source and continue testing the
retained state.

Trace retained state and test derived artifacts after
source removal.

Propagation Test descendants and replay derivation with and with-
out the suspected source.

Perturb the suspected route and test descendants in-
dependently.

Recovery Apply repair, then continue adaptation and check
residual risk, recurrence, and capability.

Continue adaptation, revalidate descendants, and
measure capability retained.

is fixed, so changes in the readout can be interpreted against a stable criterion. Dynamic and interactive evaluations
provide useful starting points for such repeated tests [5, 105, 136].

Emerging-risk discovery searches beyond that initial test surface. A coding agent might learn to alter the test harness
after finding a permission check. Tests that cover only the original bypass would miss this route. Adaptive red teaming
can expose behaviors absent from a fixed benchmark. Model-written evaluations, hidden-objective audits, and generated
stress tests provide related routes [81, 93, 118]. Novelty search offers a complementary way to explore behavior that a
fixed optimization target would not reward [61].

Validate each discovered failure by preserving its triggering conditions and evaluator version, reproducing it on a
saved state, and testing nearby cases from outside the discovery run. Retain validated cases as versioned regression
tests. Report discovery yield separately from longitudinal risk so that expanded test coverage and changes in system
behavior remain distinguishable.

4.3 Evolution Protocols and Causal Attribution

Protocols should include ordinary adaptation alongside attack. Benign task streams can expose overgeneralization from
experience [104, 138]. Misspecified rewards test whether a performance proxy favors an unsafe shortcut [89]. Poisoned
experience tests deliberate manipulation [16, 20]. Adaptive peers test reciprocal change [25, 51]. These conditions can
overlap. Reports should state what changed in each run.

A source-removal experiment makes the temporal questions concrete. Save a baseline checkpoint and first measure
normal adaptation. Introduce a controlled input or feedback change, then allow enough updates for its effect to be
retained. Remove that source while keeping the evolved state, and continue testing before attempting repair. This
interval distinguishes persistence from repeated exposure. After repair or rollback, resume adaptation to test recurrence.
A benign-drift study may omit the introduced perturbation, but should still preserve checkpoints and compare later
recovery against a matched run.

To attribute a change to updating, compare a specified adaptive regime with one in which the relevant update channel
is frozen. Let 𝑍 include the persistent state, environment, evaluator, and updater. For a safety or control readout 𝑔, the
target comparison at horizon ℎ is

Γ𝑡,ℎ [𝑔] = E
[
𝑔

(
𝑍𝜋evo

𝑡+ℎ

)
− 𝑔

(
𝑍𝜋 freeze

𝑡+ℎ

)]
. (4)
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The two regimes begin from the same configuration. They differ in one declared intervention, such as permitting
memory writes or allowing updater revision. For a risk comparison, 𝑔 uses the same external evaluation reference
in both regimes. Specify the task distribution, randomness, evaluation budget, and components held fixed. When
adaptation changes which tasks are encountered, replaying one identical recorded stream estimates a different effect
from allowing both systems to interact with their environments. Both designs are useful. Their conclusions answer
different questions.

Equation (4) defines an estimand. It names the comparison; the intervention supplies the evidence. Randomized
or tightly controlled interventions identify the effect more directly than post-hoc association. Matched replay can
compare the same stream. Source removal tests persistence. Component ablation and rollback can localize a suspected
route when a full experiment is infeasible [19, 92]. Temporal causal methods offer relevant tools for lagged effects [42],
but dependencies created by adaptation still require explicit assumptions. For cross-domain propagation, perturb the
suspected source and test the later recipient; shared ancestry alone is insufficient.

Selection requires an additional record: the rejected candidates. Within a common candidate pool, let 𝑞𝑡 (𝑘) be the
proposal weight of candidate 𝑘 , 𝑝𝑡 (𝑘) its weight after selection, and 𝑟★𝑗,𝑘 the risk of applying it under the same fixed
reference. Define

Δsel, 𝑗 (𝑡) =
∑︁
𝑘

𝑝𝑡 (𝑘)𝑟★𝑗,𝑘 −
∑︁
𝑘

𝑞𝑡 (𝑘)𝑟★𝑗,𝑘 . (5)

This selection-induced risk shift is positive when selection favors candidates with higher measured risk. As a numerical
illustration, two equally weighted proposals with harmful-action rates of 0.10 and 0.30 have a proposal mean of 0.20.
Always accepting the second gives a shift of +0.10, or ten percentage points. These numbers illustrate the calculation.
They are not an empirical result. Report the shift separately for each risk property. An aggregate requires an explicit
weighting of different harms.

This comparison describes selection within the observed pool. Attribution uses the same candidate pool, the recorded
admission decisions, and an independent re-evaluation of accepted candidates. Keep rejected candidates in the record.
This allows the proposal baseline to be reconstructed from evidence.

4.4 Evaluation Validity under Evolving Evaluators

A stricter judge can give an unchanged model a worse score. Conversely, a judge trained on the model’s own outputs
can become more accepting of its mistakes. Evaluator revision therefore affects both which candidates survive and how
the surviving systems are measured. Self-rewarding and adaptive evaluation make these two roles especially difficult to
separate [118, 120, 127].

Use a fixed external reference for longitudinal comparison. Use an adaptive evaluator to discover new failures. In the
notation above, these are 𝑟 𝑗 (S𝑡 ; 𝐽★, 𝐸★) and 𝑟 𝑗 (S𝑡 ; 𝐽𝑡 , 𝐸𝑡 ). Score saved states with both old and new evaluator versions to
measure evaluator drift while holding the system fixed. Then compare successive states under the same evaluator to
measure system change. If both change simultaneously without such overlap, their contributions cannot be separated
from the scores alone.

Fixed references also age. Monitor their coverage using independently developed tests, retain earlier versions when
an anchor is revised, and rescore overlapping states before comparing results across versions. An adaptive evaluator
expands the search for failures. Its changing task mix should be kept separate from an older score [116, 134].

Finally, independence requires more than a different prompt. Shared training data or model families may produce
correlated errors. A system may also behave differently when it expects evaluation or later training [44, 83]. Held-out
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tasks and isolated execution reduce some dependencies. Restricted evaluator access and separate authorization address
others [19]. Reports should state which dependencies were controlled and which remain.

5 Evolutionary Safety Across Application Domains

Persistence and inheritance have different consequences in different application settings. The four scenarios below link
each carrier to the system it can affect and then identify suitable measurements and recovery actions.

Scientific discovery. An autonomous research system may store a spurious experimental result and use it to select
its next hypotheses. Repetition can make the result appear well supported when later evidence depends on the same
initial error. AI-scientist and co-scientist systems provide settings in which research records and experimental choices
can influence later cycles [43, 71, 112, 122]. Recent analysis also argues that current AI-scientist systems are not yet
built for unsupervised scientific discovery, which makes the boundary between useful automation and autonomous
lineage especially important [10]. Evaluation should distinguish independent replication from reuse of the original
evidence, then test how quickly a correction reaches dependent hypotheses and plans. Rolling back a record does not
undo an experiment already performed.

Critical infrastructure. A grid controller adapted for ordinary load conditions may select actions that improve
short-term performance while reducing its margin under contingencies. Safe power-system control and L2RPN provide
relevant constraints and evaluation settings [82, 126]. To establish an evolutionary effect, compare policy versions on
common contingency tests and follow voltage or frequency violations, cascade size, and load shedding across updates.
Recovery requires both restoring an acceptable controller and stabilizing the physical system; a software rollback alone
cannot reverse a cascade.

Automated AI R&D. The running coding example becomes a development-wide problem when the flawed repair
enters a harness used to build successors. AI-development benchmarks and automated research systems provide
components of this setting [14, 19, 86, 131]. The relevant records identify the proposer, the independent tests that
admitted the patch, and the later systems that used it. Recovery must revalidate dependent artifacts as well as revert
the original patch. Greater experiment throughput is useful only if verification can assess the additional changes.

Embodied and autonomous systems. Imagine a robot retaining a fast reaching skill that succeeded in an empty
workspace but crossed a boundary needed when people are present. Reuse changes the exposure even if the skill itself
is unchanged. Work on reusable agent skills and tool-use safety motivates this pathway [101, 113, 136]. Safe learning in
robotics and safe-control-gym provide concrete methods for testing constraints during adaptation [11, 128]. A physical
evaluation must measure boundary violations, near misses, and transfer across operating conditions; recovery must
address both software reuse and the physical consequences of an incident.

6 Discussion: Control and Governance Implications

The decision to retain an update determines which future systems may inherit it. A capability gain is evidence about
performance. Authorization also depends on the change’s permissions, persistence, and recoverability. The controls
below follow from these dependencies. They are design requirements whose effectiveness still depends on the threat
model.

Modification boundaries. Declare which objects the system can change and which authority can expand that
scope. A coding agent might propose a skill while being unable to alter its security tests or grant itself new permissions.
Provenance checks on experience and generated artifacts address a different boundary: which information may influence
later adaptation [16, 20, 70]. Both boundaries need enforcement outside the editable component.
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Pre-commit gating. Keep a candidate separate from the active lineage until its effects have been tested. Sandboxed
branches and shadow execution allow performance and safety comparisons before persistent deployment [45, 58, 131].
A gate produces evidence. It should not silently grant the candidate more authority. Tests should include the proposed
artifact’s dependencies and plausible reuse, because a locally safe change may behave differently after composition.

Independent verification and authorization. Separate the ability to propose a change from the authority to
commit it. Held-out data and isolated verification reduce some routes to self-certification. Restricted permissions and
external commit control address others [19, 56, 57]. A different model alone is insufficient if it shares the same blind
spot. Changes to evaluators or update procedures require particular care: approval should come from an authority the
proposed change cannot itself replace [24, 45].

Lineage traceability and recovery. Link each accepted change to its source, test evidence, verifier, permission
changes, and downstream dependencies. If the suspect skill has been reused by three workflows, deleting the original
memory leaves those workflows intact. Recovery must locate and quarantine or revalidate affected descendants, then
test for recurrence during continued adaptation [5, 16, 79]. Retain useful unaffected state where possible. Report the
uncertainty when derivation records are incomplete. For physical systems, restoring software and containing external
harm are separate obligations.

In summary, these principles place governance inside the evolution loop rather than after it. Control requirements
should scale with the scope, persistence, and downstream reach of a proposed change: broader and more persistent
changes require stronger evidence, authorization, traceability, and recovery mechanisms. The goal is not to prevent
systems from changing, but to ensure that consequential changes cannot become persistent, selected, or inherited
without adequate evidence and a viable path to recovery.

7 Open Problems

The preceding framework identifies how evolutionary risks can persist, propagate, and be evaluated, but several
fundamental questions remain unresolved. Safety properties may need to survive heterogeneous sequences of updates;
the evaluator used to judge them may itself change; latent risks may emerge only after accumulated experience or
interaction; and a local failure may propagate across artifacts, descendants, or populations. Even when such risks are
detected, recovery must remove their persistent effects rather than merely restore short-term performance, while safety
evaluation must remain effective as the pace and scope of self-improvement increase. These challenges define a set of
open problems for establishing safety across an evolving process rather than at a single system state.

Safety Preservation under Composed Updates. PowerPlay requires previously solved tasks to remain solvable,
offering an early example of preservation during continual improvement [103]. Comparable safety requirements are
harder to specify when tasks, tools, and permissions also change. Studies should identify which properties a class of
updates is expected to preserve, then test whether those guarantees or empirical bounds survive mixed sequences of
memory writes, model training, and evaluator revision. Delayed attribution needs benchmarks with known injected
causes, so the accuracy of replay and rollback methods can be measured against delay and lineage depth.

Safety Evaluation under a Changing Judge. Adaptive evaluations can find failures that fixed tests miss. The
space of unknown failures has no observable denominator [81, 93, 118]. The problem becomes even harder under
partial observability [41], where evaluators may see only fragments of the system state, update history, or downstream
consequences. A failure may therefore remain unobserved not because it is absent, but because the evidence needed to
reveal or attribute it is unavailable. Evaluation should compare distinct reproducible discoveries at matched search
budgets, while testing saved states under overlapping evaluator versions. This would help distinguish wider coverage
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from a stricter judge, and system improvement from adaptation to the test. The degree of independence needed between
generator, actor, and judge remains unresolved.

Latent Safety Risks in Social Adaptation. A learned tendency may remain latent until a particular social
context activates it. Consider an agent repeatedly rewarded for following a familiar collaborator: a summary of those
interactions may turn familiarity into a proxy for authorization. Later, the agent may apply that heuristic despite
unchanged permissions. Such a failure links social judgment to experience retention and subsequent selection. ZenGen
provides tools for studying mental-state representations and reusable social experience. Generative Agents shows
how memory and reflection carry social history across interactions [91, 110]. Work on emergent social conventions
suggests that repeated interaction can stabilize shared expectations that no single episode contains [7]. SOTOPIA
supplies interactive social settings. Alignment-faking studies show that behavior can depend on perceived training
conditions [44, 141]. These lines of work motivate studying how assumptions about another actor’s beliefs, authority,
or knowledge become embedded in persistent state. The challenge is to distinguish appropriate contextual adaptation
from a tendency that acquires influence through repeated updates and eventually weakens a safety constraint.

Experiments should hold tasks and permissions fixed while varying relationship history, role claims, and perceived
oversight. Compare frozen and updating memory. Remove a suspect social-state record. Regenerate strategies without
it. These interventions can test the proposed route. Following later versions after correction would reveal delayed
activation, persistence, and recurrence. The resulting measurements should connect conditional violations to the updates
that retained the tendency and to the descendants that express it.

Safety-Risk Propagation across Artifacts and Populations. Current evidence is strongest for individual memory
or model pathways. Practical systems combine these pathways. A trace can become a skill, the skill can generate
training data, and several descendants can reuse the trained model. Benchmarks need known derivation histories and
interventions that distinguish transmitted effects from shared exposure. For co-evolving populations, the experiment
should measure risk distributions and recovery after perturbing one role. Isolated-agent results cannot establish
collective safety [95, 100, 115].

Safety under Exploration and Incomplete Recovery. Safe exploration and constrained policy learning limit
harm during learning [1, 4, 62]. Persistent self-improvement adds the possibility that an exploratory mistake becomes
reusable material or changes a later constraint. Experiments should jointly report useful discoveries, unsafe exposure,
containment failures, and recurrence after repair. A recovery method can restore an old score and still fail. It may
remove useful capability, miss a derived artifact, or leave physical harm untreated.

8 Conclusion

As AI systems become increasingly capable of persistent adaptation and recursive self-improvement, safety can no
longer be treated solely as a property of a model or system at a single point in time. This work introduced Evolutionary
Safety to study how safety changes throughout the processes by which AI systems improve, persist, and produce
their successors. We showed why safety becomes evolutionary when changes are retained, selected, inherited, and
propagated; characterized its manifestations from intent drift and error accumulation to evaluator drift and risk
propagation; and located their mechanisms across persistent agent state, model state, evaluation and environmental
feedback, computational substrate, and meta-level update mechanisms with co-evolution. We further developed a
framework for discovering and evaluating these risks across states, updates, trajectories, and lineages, and discussed
governance through modification boundaries, independent evaluation and authorization, provenance, and recovery.
These perspectives also expose important open problems in long-horizon safety preservation, emerging-risk discovery,
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cross-artifact and population propagation, effective recovery, and scalable oversight. Ultimately, as AI increasingly
participates in shaping its own development, ensuring safety requires not only evaluating what a system is, but
understanding and governing how it continues to change.
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