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Abstract

Recent advances in agentic systems allow Al systems to conduct experiments,
interpret feedback, and modify their own workflows, transforming Recursive
Self-Improvement (RSI) from a theoretical concept into an engineering problem.
However, the field still lacks a unified account of what constitutes RSI and how
its improvement loop should be evaluated, making it difficult to distinguish one-
off revision, persistent self-evolution, meta-evolution, and genuinely recursive
improvement. To address this gap, we formalize the operational boundaries of
RSI through four stages: evolution, self-evolution, meta-evolution, and recursive
self-improvement. We anchor recursion in state inheritance, where an accepted
improvement becomes part of the starting state of a later improvement cycle, and
treat recursive progress as a stronger claim requiring separate evidence that the
inherited state improves the improver itself. Across these stages, we introduce
a common Proposal — Feedback — Optimization loop that covers candidate
generation, execution and verification, and the decision to retain, revise, reject,
promote, or roll back a change. We then organize RSI-related methods and systems
by four evolution targets: behavior, agent systems, models and data, and research
processes, while characterizing how the loop governs exploration and evidence
quality. Finally, we identify major research gaps and outline future directions
across seven dimensions, emphasizing evidence-based acceptance, reuse across
improvement cycles, and transfer beyond the tasks or evaluators that produced
the gains. This structured overview supports rigorous comparison and guides the
development of verifiable, persistent, and increasingly autonomous RSI systems.
An accompanying website maintains the living bibliography and updates at https:
//github.com/Lee1003-1ee/Awesome-RSI-Research.

1 Introduction

Al systems have traditionally been improved through development processes designed and run by
humans, including self-play, synthetic-data generation, and preference optimization [184, 200, 201,
236]. This boundary is beginning to blur as large language models and agentic systems take part in
software engineering and machine-learning experiments [23, 100, 230, 275]. Modern agents can write
and modify code [230, 275], use external tools [192, 283], and analyze failures using language or tool
feedback [78, 198]. Other systems generate training data and update models [236, 334], optimize
prompts and agent workflows [98, 307], and propose and execute new experiments [23, 100, 146].

This shift motivates renewed attention to Recursive Self-Improvement (RSI) [6, 30, 188]. In this
survey, we distinguish four stages of self-improvement: evolution, self-evolution, meta-evolution,
and recursive self-improvement (RSI). Evolution improves the current output or trajectory without
persistence; self-evolution retains an accepted improvement and reuses it in later tasks or runs; meta-
evolution occurs when an accepted change modifies the mechanism that produces, evaluates, selects,
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Figure 1: Overview of recursive self-improvement (RSI). The figure maps the survey’s scope
and boundaries across behavior, agent-system, model-and-data, and research-process evolution,
emphasizing the move from local revision toward persistent improvement loops.

or applies subsequent improvements. We reserve RSI for cases in which a later improvement cycle
inherits and builds on an improvement accepted and retained by an earlier cycle, rather than restarting
from the same base state; this state inheritance is what makes improvement recursive. We use
recursive progress for the stronger, separately evidenced claim that the inherited state also improves
a later improvement procedure, rather than merely improving a subsequent task outcome. Figure 1
summarizes this boundary by contrasting one-off output revision with persistent improvement loops
that carry accepted changes into later cycles.

Early discussions of RSI mainly appeared in theories of intelligence explosion and AGI safety
[16, 76, 299]. They asked whether continued self-improvement could speed up capability growth
and create control risks [16, 172]. Then, several self-evolving agents and autonomous research
agents put proposing changes, running experiments, reading feedback, and keeping or rolling back
improvements into repeated loops [20, 146, 148, 288, 304, 305]. More recently, a series of works
broadens this picture from source rewriting to recursive skill learning, posterior-guided harness
updates, release-oriented evaluation, and end-to-end scientific research [77, 125, 147, 234, 250, 252].

As aresult, RSI is moving from a thought experiment about future superintelligence toward a practical
issue for automating AI R&D, designing agent systems, and forecasting capability growth [49]. Yet
most current systems remain bounded rather than fully closed-loop RSI. RSI-related systems today
are therefore better understood as exhibiting different combinations of local evolution, persistent self-
evolution, meta-evolution, and state-inheriting recursion, with recursive progress requiring stronger
evidence [30]. The central thesis of this survey is that modern RSI is bottlenecked not by proposing
changes, but by reliably accepting changes that persist and transfer. Specifically, such systems differ
in what they can modify, how they verify changes, and whether they can retain them without human
approval. Repeated optimization can overfit benchmarks [161], exploit evaluator bias [324], or
verifier feedback [78]. Live evaluation tests transfer beyond fixed benchmarks [161, 243].

To make this distinction operational, we organize the literature through two complementary lenses:
evolution targets and improvement mechanisms. The latter follows a three-stage loop, Proposal —
Feedback — Optimization: Proposal selects a target and generates candidate changes; Feedback
executes and verifies them through tests, benchmarks, critics, simulators, or human review; and
Optimization retains, revises, rejects, promotes, or rolls back each change. These lenses are
complementary because the same mechanism can improve different targets, while the same target can
be improved by different mechanisms.

We therefore ask not only “did the score increase?”” but also “what changed, why was it accepted,
does it transfer, is it reused in later cycles, and does the retained change improve the process that
produces subsequent improvements?” This framework distinguishes bounded self-evolution from
recursive self-improvement and highlights the evidence missing from current systems. The key
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Figure 2: Historical development of recursive self-improvement, from early intelligence-explosion
ideas and bounded machine-learning optimization to contemporary agentic improvement loops. The
timeline emphasizes the shift toward persistent, executable, and system-controlled change.

transition is from generating better candidates to accumulating credible evidence, improving the
improvement process itself, and demonstrating compounding gains across tasks, evaluators, and
resource constraints. Further, we discuss future work and frontiers and examine seven dimensions
for this transition: reliability, efficiency, diversity, persistence, adaptability, controllability, and
generalization. We hope that this survey will help researchers and practitioners understand the current
state of RSI, identify gaps in the literature, and inspire new research directions.

This survey makes three main contributions:

» We give a practical definition of Recursive Self-Improvement and introduce a unified Proposal —
Feedback — Optimization framework together with a general model of the closed loop.

* We organize recent work around four evolution target families: behavior, agent systems, models
and data, and research processes.

* We identify the main challenges and research frontiers for reliable closed-loop RSI, including
reliability, efficiency, diversity, persistence, adaptability, controllability, and generalization.

2 Background & Historical Development

The history of RSI traces a shift from theoretical accounts of accelerating intelligence to bounded,
executable improvement loops rather than to fully autonomous self-improvement. Figure 2 places
this transition in historical context, from early intelligence-explosion proposals to executable, agentic
improvement loops.

The intellectual lineage predates modern machine learning. Butler’s Darwin among the Machines
imagined machines forming an evolving lineage [62]; Turing discussed machines improving through
interaction [219]; and Good formalized the intelligence-explosion argument in which a machine
designs a more capable successor [76]. These perspectives motivate the modern question of whether
an Al system can become not only a better system, but a better producer of subsequent systems.



2.1 Theoretical Origins

RSI originates from the intelligence-explosion argument: because machine design is itself an intel-
lectual task, a sufficiently capable machine might design a better successor, which would in turn
become a better designer [76]. The defining feature of this classical intelligence-explosion argument
is therefore not self-modification alone, but a positive feedback loop in which each improvement
increases the capacity for further improvement. This idea was later developed through the concepts
of seed Al instrumental convergence, and the control problem, linking recursive capability growth to
goal stability and control [16, 172, 299].

These accounts leave two enduring questions: whether improvements genuinely compound, and
whether objectives and controls remain stable as they do. However, classical RSI concerned
hypothetical autonomous systems, whereas current systems typically operate within externally
specified tasks, evaluators, resource budgets, and deployment gates. For contemporary systems, the
relevant question is therefore not whether an “intelligence explosion™ has occurred, but which parts
of the improvement loop are genuinely recursive, compounding, and controlled by the system itself.

2.2 Bounded Improvement in ML

Machine learning supplied concrete but bounded forms of iterative improvement. AutoML and
neural architecture search automate choices over models, hyperparameters, architectures, or training
pipelines [14, 63, 102, 204, 333]. Population-based training makes this iteration explicit by selecting,
perturbing, and reproducing a population of concurrently trained agents [105]. Self-play systems, with
roots in temporal-difference backgammon, such as AlphaGo Zero [200, 213] and AlphaZero [201],
generate experience with the current policy and use it to train a stronger successor. Meta-learning
optimizes adaptation itself [70, 93], while curriculum learning and synthetic-data bootstrapping alter
the data from which later models learn [13, 236, 302].

These paradigms demonstrate an important precursor to RSI: the output of one optimization cycle
can shape the next. Their boundaries are also clear. Search spaces, objectives, update rules, and
success criteria are largely specified in advance; in self-play, even the environment rules and outcome
signal are fixed. This is unlike open-ended learning settings in which the system can generate new
challenges or directions of search [47, 227]. The system improves a component within a designed
loop but rarely expands the loop itself, changes its verifier, or decides how an accepted modification
should be deployed. They are therefore best understood as bounded self-evolution or precursors
to stronger recursive-progress claims: they can produce inherited state, but typically do not show
that the inherited modification improves a later improvement procedure under a matched protocol.
This distinction shifts attention from whether optimization is automated to whether improvements
are persistent, inherited, and capable of altering subsequent improvement behavior. Persistent reuse
across later tasks supports self-evolution. RSI requires the stronger structural condition that an
accepted improvement is inherited by a subsequent improvement cycle and becomes part of the
state from which further optimization proceeds. An accepted change to the improvement procedure
itself constitutes meta-evolution, while recursive progress additionally asks whether the inherited
intervention improves that later procedure.

2.3 Agentic Improvement Loops

The broader LLM literature distinguishes parameter-frozen prompting from parameter-tuning
paradigms, a distinction that helps locate RSI targets before considering whether the update is
persistent [182]. LLMs expanded self-improvement from prediction and output revision to agentic
operations: generating and executing code, invoking tools, interpreting failures, and modifying
prompts, memories, workflows, or tool policies. ReAct connected language-model reasoning with
external action [283], while Reflexion [198] and CRITIC [78] demonstrated feedback-driven behav-
ioral revision. Although often local, these mechanisms provide the proposal, execution, and feedback
operations needed by persistent improvement loops.

Recent systems make larger parts of the agent itself editable and executable. Godel Agent [288],
Darwin Godel Machine [305], MOSS [20], and AgentDevel [304] explore modifications to agent
scaffolds or source code, together with evaluation, promotion, and rollback; autonomous research
agents [146, 148] extend the loop to experiments and research-state updates. The resulting shift is
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Figure 3: Definition and characterization framework for recursive self-improvement. The diagram
distinguishes evolution, self-evolution, meta-evolution, and RSI, and formalizes the three-stage
Proposal, Feedback, and Optimization loop with retained assets and criteria for recursive progress.

not yet to fully autonomous RSI, but from speculative recursion to bounded engineering loops whose
changes can be executed, evaluated, and inherited.

3 Definition and Characterization Framework

We characterize modern recursive self-improvement (RSI) as an iterative loop with three stages:
Proposal, Feedback, and Optimization. Proposal generates a candidate change, Feedback evaluates
its consequences, and Optimization determines what persists into later iterations. Figure 3 gives
the operational definition used throughout the survey and separates evolution from persistent and
recursive improvement.

3.1 Evolution Stages and Retained State

After a trial, agentic evolution can support different claims, which we organize into four stages. These
stages describe a conceptual progression rather than a strict prerequisite hierarchy: in particular,
meta-evolution and RSI characterize different properties, and a system may satisfy more than one.
Evolution improves only the current solution, trajectory, or task-local artifact, and the change is
not retained. Self-evolution retains an accepted improvement and reuses it in later tasks or runs.
Meta-evolution occurs when an accepted change modifies the mechanism that produces, evaluates,
selects, or applies subsequent improvements (the proposer, verifier, updater, harness, search rule,
or curriculum), but does not by itself show that the new improver is better at producing future
improvements. Recursive self-improvement (RSI) occurs when an improvement accepted in one
improvement cycle is retained as part of the starting state of a later improvement cycle, which then
continues optimization from that improved state rather than restarting from the same base state.
Minimal RSI denotes recursive state inheritance, while recursive progress denotes improvement
of the improver itself; the latter is the stronger claim and is the primary target of this survey. The
boundary between self-evolution and RSI is therefore not persistence alone: self-evolution requires
that a retained improvement affects later tasks or executions, whereas RSI requires that the accepted
improvement becomes part of the starting state of a later Proposal-Feedback—Optimization cycle.
State inheritance alone is insufficient when the inherited state is merely different rather than supported
as an improvement over the incumbent. We reserve recursive progress for the stronger, separately



evidenced claim that the inherited improvement also improves a later improvement procedure (an
improver gain), and compounding for repeated recursive-progress gains across cycles, tasks, or
environments.

Relation to prior notions. Classical RSI emphasizes successor design and positive feedback in
capability growth [16, 76, 299]. AutoML, NAS, self-play, meta-learning, long-horizon agents, and
self-evolving agents make parts of this idea executable, but usually with externally fixed objectives,
search spaces, release gates, or evaluation protocols. Relative to these prior notions, our framework
makes cross-cycle inheritance of an accepted improvement the auditable boundary for RSI, while
treating improver gain as the stronger condition of recursive progress. Externally optimized pipelines,
multi-agent organizations, and human-approved updates are therefore RSI-relevant only when the
retained state and its authority over later cycles are explicit.

Prerequisite assets. Agent interactions produce trajectories that can be retained as reusable assets:
content (memory, skills, knowledge, code, and tools), mechanisms (workflows, policies, agent
code, and harnesses), or parameters (updated weights). Because these forms differ in speed and
inspectability, each retained asset should include provenance and validation evidence and be placed
in a reversible external store, learned parameters, or both.

Recursive State Inheritance. Repeated improvement is not necessarily recursive. The minimum
recursive condition is that an update accepted as an improvement over the incumbent becomes part of
the state from which a later improvement cycle starts. Thus a candidate at a later iteration should be
generated from the inherited persistent state,

Ter1 € T (St41), St41 = P(St41, Miq15 Te41), (D

where (s¢11, myy1) contains a retained artifact, parameter update, workflow, memory, code change,
data recipe, verifier setting, or research state accepted in an earlier cycle. This excludes one-off
output revision and repeated calls to the same fixed optimizer from the core RSI claim: the next cycle
must inherit and build on a prior accepted improvement rather than restart from the same base state.
The inherited state should be explicit, reloadable, versioned, and traceable; a transient context effect,
random seed, cache entry, logging change, or accidental tool configuration change is not sufficient
unless it is declared, retained, and evaluated as the intervention.

3.2 Proposal-Feedback—-Optimization Loop

The evolution stages characterize different forms of improvement, while the Proposal-Feedback—
Optimization loop specifies how an improvement cycle operates. Let s; denote system state at
iteration ¢ and m; its persistent memory and version record.

Proposal Stage. In the Proposal stage, the system selects an editable target 7; and generates a
candidate state:
7 € T(st), 5y = P(s¢,my; 7). 2

Here, the proposal mechanism P is understood broadly. It may use textual revision, gradient-based
learning, search, evolution, program synthesis, or autonomous experimentation.

Feedback Stage. In the Feedback stage, an execution environment exposes the candidate’s conse-
quences, and a verification signal converts them into evidence:

O = E(gt), Tt = V(St, St, Ot)o 3)

This separation distinguishes observation from judgment: a repository, simulator, benchmark, or
training run produces outcomes, whereas tests, scoring rules, model judges, formal checkers, or
human review interpret them.

Optimization Stage. In the Optimization stage, an update policy uses the evidence to determine
the next persistent state:

(8t41,mit1) = U(sg, my, 8¢, 04, 7). 4)
The policy may retain, revise, reject, promote, or roll back a candidate. Memory and versioning
preserve the information and system components needed by later iterations. Verification and opti-
mization are therefore distinct: favorable evidence does not by itself authorize a persistent change.
Taken together, Proposal comprises the evolution target and candidate generation, Feedback the



execution environment and verification signal, and Optimization the update policy and memory
update. Section 5 classifies systems by what they improve; these components describe how the loop

operates. . . . .
State inheritance makes the loop recursive, but it does not show that recursion is useful. A retained

change may shape later cycles while making them no better, or may simply give later cycles more
compute, a stronger base model, or a wider search. Recent work has begun to study recursion
depth explicitly, rather than treating any persistent update as equally recursive [116]. We therefore
reserve recursive progress for the stronger claim that a named inherited intervention improves a later
improvement procedure. We write the later improvement procedure as

), = (Py, Ex, Vi, Uk, By), (5)

where P}, is the proposal or search mechanism, E}, the execution environment or task interface, Vj,
the verifier, U}, the update policy, and Bj, the resource-allocation rule or budget schedule. A change
in a random seed, cache, logging format, prompt wording, or tool default is not by itself evidence of
recursive progress. It counts only when that variable is the declared intervention, is retained with
provenance and validation evidence, and measurably changes later improvement behavior under a
matched protocol. In other words, for some later iteration k& > ¢, the inherited state must alter at least
one reported component of the improvement procedure:

@k(5t+1,mt+1) 75 ‘I)k-(St,mt)- (6)

This condition is not required for a minimal RSI claim based on the recursive inheritance of an
accepted improvement, but it is required for claims that RSI has improved the improver itself.
Recursive change also does not guarantee recursive progress. We therefore require evidence that the
changed procedure increases the expected quality of subsequent improvements:

E[Q(q’k;3t+17mt+1)] > E[Q((I)k;st,mt)}. @)

Here, (Q denotes a task-level quality or utility function, which may incorporate capability, cost, and
regression penalties. The expectation is taken over a fixed task distribution, execution environment,
random seed, and computational budget. RSI thus requires more than iteration: accepted improve-
ments must be inherited by later improvement cycles. Recursive progress requires the additional
evidence that this inheritance improves the process that produces further changes.

3.3 Operational RSI Claim Protocol

The preceding conditions define increasingly strong claims, but they are not sufficient as a measure-
ment protocol. A paper claiming RSI should therefore report a minimal experimental record that
makes state inheritance and, when claimed, recursive progress auditable:

» State and intervention. Specify the old and new persistent states, the edited component, the
allowed mutation scope, and the evidence attached to the retained artifact. A minimal RSI claim
must show that the retained intervention was accepted as an improvement over the incumbent and
that a later improvement cycle actually loads or otherwise depends on this accepted state.

* Counterfactual control. Compare the inherited-state loop with a frozen incumbent, a no-retention
ablation, or a best-so-far ancestor. The base model, tool access, data, prompt budget, search width,
wall-clock limit, training steps, and human-review budget should be matched unless the changed
quantity is the intervention under study.

* Replay and transfer. Run cross-cycle replay on previously solved and failed cases to test persis-
tence and regression, and evaluate held-out tasks, environments, seeds, or judges to test transfer
beyond the admission setting.

* Statistical evidence. Report the number of runs, aggregation rule, variance or confidence intervals,
and a significance or equivalence test when stochasticity is material. Single-run results should be
labeled as demonstrations rather than evidence of recursive progress.

* Failure criteria. Reject a minimal RSI claim when the retained intervention is not supported as an
improvement over the incumbent, when the later cycle does not inherit it, when it is inherited only as
unused context, or when it cannot be reloaded from a recorded version. Reject a recursive-progress
claim when the apparent gain disappears under matched compute, depends on a stronger base
model, comes only from increased search or more samples, weakens an independent verifier, fails
replay, or improves only the evaluator used for admission.
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Figure 4: System structure of modern recursive self-improvement. Six components organize the
Proposal, Feedback, and Optimization stages, showing how target selection, candidate generation,
execution environments, verification signals, update policies, and memory updates produce persistent
state.

This protocol separates state inheritance, ordinary capability gain, and improver gain. A system may
satisfy the recursive-inheritance condition because later cycles build on retained state, yet observed
capability gains may still come mainly from a larger model, more calls, broader search, or a better
hand-written harness. To support an RSI claim rather than mere recursive state propagation, the
retained intervention must itself be supported as an improvement under the stated evaluation protocol.
Those are useful engineering improvements, but they do not show that the retained update made the
later improver better. Evidence for improver gain requires an ablation in which the inherited change
is present or absent while the other resources remain fixed.

Dynamic environments and co-evolving evaluators do not remove the need for a fixed comparison.
They require a split protocol: a frozen replay slice for comparability across cycles, an adaptive slice
for discovering new failures, and a delayed held-out slice for transfer. The frozen slice checks whether
inherited state remains beneficial under a stable reference; the adaptive slice estimates whether the
system can keep finding relevant challenges; and the delayed slice checks whether the retained change
generalizes beyond the environment that selected it.

At the organizational level, recursive improvement need not be confined to a single agent. A failure
observed by one agent becomes an organizational improvement only when it is diagnosed, distilled
into a reusable artifact, independently validated, and selectively propagated to other agents. The
retained object is therefore not the raw trajectory itself, but an evidence-bearing improvement with
a defined scope of reuse. This distinguishes organizational learning from indiscriminate memory
sharing and makes propagation scope part of the RSI state.

4 System Structure of Modern RSI

Modern RSI systems can be decomposed into six architectural components organized into three
stages, following the Proposal, Feedback, and Optimization framework (see Figure 4). Each stage
separates the object being changed from the mechanism that generates, evaluates, or retains changes.
The following sections use the same pattern: define the component, identify its bottleneck, and
summarize representative design choices.

4.1 Proposal Stage

The Proposal stage determines both what may change and how candidate changes are generated. We
separate these roles into target selection, which chooses what to change, and candidate generation,
which produces possible changes. Candidate generation broadly includes textual revision, search,
learning, evolution, program synthesis, and other processes that generate candidate changes.

4.1.1 Target Selection

Target selection determines which system variable to change, its editable scope, and how long the
change persists. Candidate generation then proposes a new value or implementation for that target.



Granularity Selection. A target should identify one interpretable unit to modify, such as a prompt,
memory entry, skill, tool policy, data strategy, checkpoint, source module, or research decision, while
keeping unrelated components fixed [69, 98, 177]. If too narrow, it may fix only a symptom,; if too
broad, the source of improvement becomes unclear. A clear boundary turns self-modification into a
controlled intervention by comparing the modified component with a stable state. TextGrad [300]
and AFlow [307] target prompts and workflows, RSIBench-Data [156] isolates data-strategy updates,
and MOSS [20] isolates executable source changes. The target should be broad enough to address
the bottleneck but narrow enough to attribute gains and regressions.

A domain-specific harness should be treated as a control surface rather than as a thin prompt wrapper.
It determines the tools available to the agent, the representation of intermediate state, the execution
order, the feedback channels, the memory policy, and the conditions under which an update is released.
Harness evolution can therefore improve the behavior of a fixed model while preserving a more
inspectable and reversible intervention boundary than direct weight modification [29, 304, 325].

Target Persistence. The target definition should also specify the temporal scope of an accepted
change: when it takes effect, which subsequent tasks or versions inherit it, and what event expires
or rolls it back [114, 145]. A task-local output affects only the current run, whereas retained
memory, skills, prompts, checkpoints, and code can influence later cycles and therefore require
evaluation over a longer horizon. The relevant state can reside at several layers. At the agent
level, experience, subgoals, and skills are retained across tasks and become explicit targets for
improvement [26, 95, 225, 250, 252, 281]. At the harness level, persistent policies and skill libraries
support adaptation over open-ended task streams [37, 114, 120, 145, 258]. Model updates instead
change the training signals [248, 298], parameters [185, 266], or training data [161, 236] that govern
later training and serving [302, 334]. Finally, code and research-workflow updates can reshape later
improvement cycles themselves [146, 148, 305]. The evaluation horizon should match this causal
reach: current-task checks for temporary changes, cross-task tests for agent or harness changes,
downstream evaluation for model and data updates, and cross-version replay for code or research-
process changes [39, 106, 169].

Diagnosis & attribution. Given a failure, the system must identify the component most likely to
limit performance. Rewriting an answer may hide a retrieval failure whose actual source is a memory
policy, tool configuration, or execution environment [31]. Reliable attribution therefore requires an
intervention boundary [34]: change one component while holding the surrounding training stack,
harness, and evaluation protocol sufficiently stable for comparison [276, 304]. Versioned candidate
releases and controlled experiments make it possible to compare a modified component with a stable
state, rather than crediting an observed gain to every concurrent change [304]. The boundary weakens,
however, when multiple agents jointly revise a harness, when evolutionary search changes both the
candidate and the search procedure, or when the proposal mechanism itself is editable [ 122, 166, 317].
In such settings, a final score cannot distinguish a useful retained skill or research decision from a
favorable trajectory, an interaction effect, or a shifted evaluation distribution. Evidence must instead
follow trajectories, dependencies, and retained state across successive decisions [48, 83, 187, 231].
This turns diagnosis from selecting the easiest exposed variable into testing a causal hypothesis about
which component constrains later performance.

Key challenge. Target selection fails when the system edits the easiest component rather than
the component causing the failure. The symptom is a local gain with hidden regressions, unsafe
skills, unreliable self-verification, or contaminated memory [73, 82, 154]. Recursion then makes the
misdiagnosis persistent because the changed target also shapes later proposals and tests. Controls
are explicit mutation boundaries, independent stress tests, negative-result records, and held-out
comparison against the best known state [39, 226, 266].

4.1.2 Candidate Generation

Target selection determines what may change, whereas candidate generation determines how candidate
changes are produced. We distinguish three linked decisions. Proposal design defines the candidate
representation, search boundary, and construction procedure; proposal search allocates effort across
alternatives; and proposal revision uses retrieved experience or preliminary evidence to improve a
candidate before full evaluation. Together, these mechanisms map the current state and available
experience into one or more candidate states, which are then assessed by the execution environment
and verifier. The same mechanisms may operate on targets ranging from prompts to source code.



Proposal Design. Proposal design makes two coupled choices. The first is the proposal space:
what a candidate looks like and which changes it may describe. Candidates can be represented as
textual rewrites, structured prompt or skill edits, source-code patches, data-generation strategies,
or research plans [20, 69, 98, 148]. Constraining these representations makes candidates easier to
validate, compare, and attribute, but may rule out the intervention needed to address the bottleneck.
More expressive representations expand the reachable solutions, while increasing invalid candidates,
evaluation cost, and exposure to verifier exploitation [251, 310]. The design boundary may be
prescribed in advance or partly composed online by the optimizer, provided that the objective,
permitted interactions, budget, and evaluation protocol remain fixed [167, 265].

The second choice is how a new candidate is constructed within that space. When no suitable
state exists, the generator may synthesize training data or curricula [43, 236], executable code or
algorithms [171, 288, 305], or hypotheses and research workflows [148]. The construction procedure
can impose structure to preserve validity; for example, BenchEvolve [251] first evolves an executable
reference solution and then derives the corresponding task and tests. Because a synthesized candidate
has no validated state to inherit from, its design must also specify staged checks for syntax, interface
compatibility, resource constraints, and task-level performance [189, 320]. Proposal design therefore
determines not only which ideas are reachable, but also whether generated candidates can be executed,
evaluated, attributed, and rolled back.

Proposal search. Proposal search determines which changes to try, rather than merely generating
alternative answers at inference time. Given a system state and a defined mutation space, it maintains
multiple improvement hypotheses, executes or partially evaluates them, and passes the resulting
candidates to the Feedback stage. Tree-of-Thoughts [284] and LATS [326] are local precedents
because they search reasoning or action branches. PromptBreeder [69], GEPA [3], and E-SPL [310]
extend this idea to prompts or prompt populations that persist beyond a single answer. More direct
RSI-style systems evolve executable control programs and the proposal process itself, as in test-time
harness evolution and open-ended optimization [167, 265]. POET [227] expands the search state
by co-evolving agents and learning challenges, while recent multi-agent systems use asynchronous
exploration, shared memory, and compositional experience to sustain open-ended proposal genera-
tion [123, 183]. Because the search policy must divide a fixed budget between genuinely different
hypotheses and already promising candidates, random search, Bayesian optimization, and population-
based training offer useful baselines [14, 105, 204]. A method is RSI-relevant only if its selected
candidate can be tested, promoted, rejected, or retained as the starting point for a later cycle. The
main risk is not merely wasted computation: branches sharing the same tools, data, memory, or
verifier may converge on the same blind spot, while broad search may generate novelty without
discovering a better redesign [303].

Proposal Revision. Proposal revision modifies a candidate before full feedback, using cheaper
evidence to predict and correct likely failures. The simplest form uses intermediate execution: Ada-
Planner revises an action plan when an unexpected state appears, and AdaRefiner adapts the feedback
used to refine a decision [208, 313]. DEPS makes the prediction step explicit by explaining an ob-
served failure, replanning, and selecting the revised plan with the highest estimated success [240]. A
stronger form replaces a full execution with a simulated one: RAP evaluates candidate reasoning steps
through a language-model world model, while LATS combines partial trajectories, value estimates,
and reflection to redirect later branches [84, 326]. In embodied settings, Statler maintains interaction
state so that new observations revise the next action proposal [290]. The same progression now
reaches larger artifacts: real-time generation systems revise text before decoding is complete [118];
S* spends additional test-time computation on alternative code trajectories, with recent analysis
studying when one refinement is sufficient [115, 127]; and agentic systems revise complete solutions
or workflows from feedback and preferences [18, 235, 301]. Agent2World and OffSeeker extend
this pattern to world-model and deep-research workflows [97, 331]. Across these cases, revision
remains a proposal-side operation: it uses partial execution, prediction, or simulation to produce
a more promising candidate for later verification, rather than making the final promotion decision.
Its reliability depends on the fidelity of the surrogate evidence; systems should retain the original
candidate, record the evidence behind each edit, and evaluate both alternatives when the preliminary
signal is uncertain.

Key challenge. Proposal generation fails through collapse: candidates become minor variations
of one idea or learn to satisfy the evaluator without improving the system. Low branch diversity,
rising evaluation cost, and gains that disappear on independent tests are warning signs. Independent
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branches, diversity-aware selection, explicit budgets, Pareto archives, and held-out evaluation preserve
exploration and test whether gains generalize [168, 189, 227].

* Target selection chooses what may change and how long it persists; candidate generation
chooses how candidate changes are produced and searched.

* Proposal design fixes the candidate representation and construction procedure, while
proposal search and revision allocate effort across alternatives before full evaluation.

* The stage fails through misdiagnosis (editing the easiest rather than the binding component)
or collapse (converging on evaluator-satisfying variations without real improvement).

4.2 Feedback Stage

Evaluation exposes the consequences of a candidate and converts them into evidence. It pairs an
execution environment, which determines what can be observed, with a verifier, which assesses those
observations against the improvement objective.

4.2.1 Execution Environment

The execution environment is where a proposed change is run and its consequences are observed. It
supplies tasks, data, tools, constraints, and dynamics, but does not judge the result. A code patch
may be run against repository tests, a research strategy may be run through a training pipeline, and a
tool-use policy may be evaluated in an interactive task. The resulting trace records behavior, resource
use, failures, and side effects; the verification signal determines what those observations imply.

Long-Horizon Interaction. OSWorld provides a complementary benchmark for multimodal
computer-use tasks in real desktop environments [255]. VibeLifeBench and ClawMark extend
this setting to multi-week personal assistance and multi-day multimodal coworker workflows with
exogenous state changes and deterministic post-state checks [157, 207]. Long-horizon interaction is
not simply a task with more steps. It changes what the environment must expose and what an agent
must preserve before success can be judged. First, deeper interaction creates dependencies across
actions: an early navigation, tool, or code decision changes which later states remain reachable,
so evaluation must capture the trajectory rather than only the final answer [144, 199, 228, 274].
Second, persistent state makes recovery part of capability. Web pages, files, application data, dialogue
context, and partially completed workflows must remain consistent across many observations and
actions; a locally plausible step can otherwise corrupt the task much later [44, 53, 58, 88, 149]. Third,
realistic environments constrain interaction through interfaces, permissions, policies, and external
users, requiring the agent to adapt its plan while respecting conditions that are not reducible to a
single task score [211, 218, 285, 291]. These properties make long-horizon environments valuable
for RSI because they reveal whether an update improves planning, state tracking, tool use, and error
recovery across a complete trajectory. Recent environments extend this idea beyond web and software
tasks to interactive scientific experimentation, clinical record manipulation, embodied multi-agent
planning, tool-mediated computer use, and continual world-model adaptation [67, 74, 107, 109, 164].
They also make improvement harder to attribute: the final outcome may reflect one modification,
accumulated action errors, a changed environment state, or their interaction.

Environment Execution. Execution environments differ not only by domain but by how deeply
a proposal can affect the Al-development stack. Software benchmarks execute patches against
repository tests [110, 309]. AI R&D environments must additionally make data preparation, model
training, evaluation, and experiment state observable under explicit compute budgets [23, 100, 244].
Recent work therefore exposes training operations through constrained agent interfaces [295], uses
budget-aware and modular execution to improve attribution [28], or constructs small, verifiable MLE
sandboxes so that full pipelines can support on-policy training without the cost of repeatedly running
large datasets [330].

RSI-specific environments then connect execution to persistent improvement. Agents can design
bounded post-training experiments [185], revise data strategies using feedback from newly trained
checkpoints [156], and conduct multi-round autonomous post-training at model scale [197]. Exe-
cution failures can generate curricula for later post-training [142], while trajectories can train an
improver that is reused in subsequent search [276]. World models offer a complementary way to
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reduce the real-sandbox bottleneck when scaling research-agent training [280], and closed-loop
pipelines can join training, holdout evaluation, application replay, and release control [129]. The
progression is from testing an artifact, to training a model, to improving and governing the process
that produces later models. This is central to RSI, but it makes feedback slower and harder to attribute
because a failed run may reflect the hypothesis, data, implementation, infrastructure, or stochastic
optimization. Interaction mode, execution depth, and domain should therefore be reported separately.
For self-improving agents, the execution environment is also a security boundary. Network access,
package installation, shared credentials, mutable evaluation files, and cross-agent state can create
channels through which a candidate changes its evaluation conditions. Environment design must
therefore specify not only the task consequences that can be observed, but also the filesystem, network,
data, tool, and authority boundaries within which improvement is allowed [230, 270, 275].

Key challenge. Execution fails when the environment is underspecified, drifts, or exposes conse-
quences too sparsely or too late. The symptoms are unstable scores, irreproducible failures, and gains
that disappear when tools, tasks, seeds, or resource limits change; recursion can further optimize
an easier generated curriculum. Replayable environments, adaptive or held-out tests, and explicit
execution logs improve grounding and transfer [96, 97, 110, 243].

4.2.2 Verification Signal

The verification signal turns observed consequences into evidence for deciding whether a candidate
improves on the state. It answers three questions: What is being improved? (reference), What counts
as success? (rubric), and How is it checked? (judge). Keeping these roles separate prevents apparent
progress caused by changing the target, weakening the test, or gaming the evaluator.

Reference annotation. Reference annotation makes the intended target of verification inspectable.
Outcome-evidence layers record what is needed to verify a claimed result and distinguish evidence
passes, failures, and unknown cases [190]. Contract- and test-based frameworks instead translate
task requirements into executable checks that can be replayed across workflow versions [5, 126]. A
reference should therefore record the expected result, acceptable alternatives, required properties, and
known failure modes; for open-ended work, these may be claims, constraints, evidence requirements,
or expert judgments rather than a single gold string [5, 190]. The appropriate reference depends
on the object being improved: an answer needs supported claims, an agent needs observable state
transitions and task success, a code or training component needs executable tests, and a research
process needs reproducible evidence and an explicit target. Correspondingly, GAIA and WebArena
specify task contracts for tool-using agents [158, 328], SWE-bench links software issues to repository
tests [110], and MLE-bench packages machine-learning tasks with executable evaluation [23]. For
long-horizon RSI, the reference must also survive across iterations: LifelongAgentBench evaluates
transfer across task sequences [323], while TRACE and SEAGym replay trajectories against held-out
or regenerated tests [81, 322]. Contamination-aware evaluation is necessary when a fixed reference
can be memorized or repeatedly optimized [36, 243]. The annotation therefore establishes what
success means and which evidence must persist; the rubric below determines how that evidence is
applied to correctness, completeness, transfer, and regression.

Rubric creation. A rubric turns the reference into an evaluation procedure. It should specify the unit
being judged (outcome, step, trajectory, or retained state), the evidence required for a pass, the checks
for regression or failed transfer, and the rule for promoting a change [27]. First, define the criteria:
recent work replaces one holistic score with multidimensional, user-defined, or domain-grounded
criteria. LLM-Rubric studies calibrated multidimensional scoring [87]; iRULER makes criteria
user-defined and revision-oriented [10]; RubricRAG retrieves domain knowledge when constructing
criteria [55]; and case-specific rubrics have been explored for translation and evidence-grounded text
evaluation [92, 263]. Second, generate or refine the rubric: systems can synthesize criteria from
demonstrations, pairwise evidence, inline expert comments, contrastive failures, or multiple evaluator
roles [71, 133, 141, 273, 292], while reflect-and-revise and support-vector methods reduce the gap
between self-generated and human rubrics [85, 209]. Third, validate the rubric itself: studies examine
granularity, uncertainty, human alignment, and rubric-level meta-evaluation [27, 52, 174,293, 311].
Rubrics can also become optimization signals: step-wise criteria provide denser reasoning rewards,
while evolving rubrics extend reward design to open-ended generation [80, 256]. A weak or drifting
rubric can reward the wrong behavior even when the judge applies it consistently; rubric manipulation
is therefore itself an attack surface [57]. The central trade-off is coverage and adaptability against
calibration, reproducibility, and resistance to optimization pressure.
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Judge design. Judge design selects or combines the mechanisms that apply the rubric to observed
outcomes. The useful distinction is not the model brand, but where the evidence comes from and

which failure it can rule out [131]. The main judge types are as follows. (1) Model-based judge.
Language and reward models assess semantic quality, reasoning, or behavior, and process-level

variants can assess intermediate steps [61, 121, 135, 153, 155]. They are flexible and inexpensive, but
may inherit model bias or become exploitable under repeated optimization; meta-evaluation further
finds that more fine-grained process signals do not uniformly improve final outcomes [178, 221]. (2)
Rule-based judge. Explicit rules, constraints, and regression criteria provide reproducible checks
when success can be stated as observable conditions [40, 226]. They are easy to audit, but their
validity is limited by specification quality and coverage. (3) Execution-based judge. The candidate is
run in an environment and assessed by its observable behavior [96, 110]. This grounds evaluation in
behavior, but remains sensitive to environment fidelity, task distribution, and specification gaming.
(4) Formal judge. Formal checks verify whether a candidate satisfies an explicit specification
and can provide strong guarantees for covered properties [51, 117, 217]. Prover—verifier games
further show how separating proposal from checking can improve the legibility of model outputs.
Their applicability to open-ended objectives remains limited. (5) Human judge. Human review
assesses properties that remain difficult to encode, including novelty, scientific value, contextual
appropriateness, and safety [4, 79]. It is useful for high-impact updates, calibration, and auditing, but
its cost, latency, subjectivity, and limited reproducibility restrict continuous use.

These mechanisms should be composed as independent evidence sources, not collapsed into one
score. Jury-based and comparative studies combine or compare multiple model, reward, and process
judges rather than relying on one verdict [178, 221, 223]. A practical stack can then use a cheap
model or rule check for screening, execution or formal checks for decisive claims, and human
review for high-impact or ambiguous updates. Held-out or regenerated tests reduce optimization
against a fixed evaluator [81, 165, 243, 322], while uncertainty-aware judges can abstain or retrieve
external evidence when a verdict is unreliable [9]. When both agent and evaluator are editable, their
co-evolution must be monitored as a separate source of drift [103, 245, 316].

The verifier problem becomes deeply recursive in RSI. A false positive does not merely inflate one
candidate’s score; it may be silently written into memory, a skill library, training data, or a released
harness and then reused as evidence in later cycles. Verifier weaknesses can therefore become
persistent selection pressures. Evaluation should carefully distinguish genuine task completion
from evaluator exploitation, including benchmark leakage, test tampering, reward hacking, and
unauthorized changes to the execution environment [72, 156, 214, 249, 315]. Debate-style oversight
and weak-to-strong supervision motivate using evaluators that are at least partly independent from
the model being optimized [19, 104].

Key challenge. Verification fails when the judge rewards a proxy rather than the intended improve-
ment. Process-reward models can exploit stylistic or adversarial shortcuts [215]; fixed rubric rewards
can diverge from stronger held-out judgments under optimization [278]; biased false passes can
disable removal of harmful retained skills [314]; and self-authored tests or co-evolving metrics can
drift away from deployment behavior [82, 316]. Recursion turns an accepted proxy gain into the
baseline for later optimization. Independent judges, held-out or dynamic tests, adversarial checks,
disagreement logs, and versioned verdicts are therefore required.

* The execution environment determines what can be observed; the verification signal
converts those observations into evidence against the improvement objective.

* Long-horizon and RSI-specific environments expose deeper, slower, harder-to-attribute
consequences, so interaction mode, execution depth, and domain should be reported
separately.

* The verifier problem becomes recursive: a false positive can be written into memory, skills,
or a released harness, so reference, rubric, and judge should be kept independent and
separately validated.
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4.3 Optimization Stage

Optimization converts feedback about a candidate into a better persistent state for the next cycle.
It combines an update policy, which defines the objective, update rule, and state transition, with
memory and versioning, which carry validated information and retained state into later iterations.
Optimization is therefore broader than deployment: it determines how evidence changes the system,
what persists, and how the next improvement cycle is initialized.

4.3.1 Update Policy

The update policy implements the optimization step. Candidate generation has already produced
one or more candidate states; the policy now uses their observed outcomes and verification evidence
to decide what, if anything, should persist into the next cycle [243]. The important distinction is
between evidence and control: the verifier says how a candidate performed, while the update policy
decides which state to change, which alternatives to retain, and how much authority the change
receives [132, 265]. This is where a loop becomes an optimization system rather than a sequence of
independent experiments [89, 269].

Update Rule. The update rule is best understood as a ladder of intervention depth, not as a list
of unrelated algorithms [20, 235, 265]. At the shallowest level, the loop only selects among fixed
candidates; this gives clean comparison and rollback, but the next cycle uses essentially the same
proposer [132, 269]. A deeper level edits the persistent state that shapes behavior, such as a prompt,
skill, workflow, harness, or data strategy. This can accumulate task-relevant improvements without
changing model weights, as in workflow, source, and skill evolution [65, 194, 242, 277]. Deeper still,
selected trajectories change parameters or train an improver, allowing experience to transfer across
tasks but making credit assignment and regression diagnosis substantially harder [89, 233, 239, 252,
334]. The deepest level changes the mechanism that performs selection and proposal generation
itself, so the next cycle searches with a different improver [89, 132, 197, 269, 295].

The central design choice is therefore how much of the loop is allowed to change after one evaluation
round [132, 265]. Selection-only updates maximize interpretability but cannot compound much;
state edits offer a practical middle ground; parameter and improver updates offer the greatest transfer
potential but require stronger lineage, held-out evaluation, and rollback [89, 233]. Population
methods and evolutionary branches address the selection problem by preserving alternatives rather
than committing to one noisy winner [105, 168, 269, 305]; hybrid systems then combine branch
retention with experience distillation or improver training [66, 111, 187, 276]. Update depth alone
does not determine RSI status [89, 265]; the inheritance and recursive-progress criteria follow
Section 3. What remains is evidence that distinguishes genuine improver gain from lucky search,
evaluator adaptation, or uncontrolled drift [123, 134].

State Transition. State transition is the release boundary between an experiment and the next RSI
cycle [205, 265]. It has two independent questions: how far the change can propagate, and who is
allowed to authorize that propagation [65, 205, 242]. A prompt or memory update may be limited
to one task; a skill or workflow may affect a task family; a harness, data recipe, or checkpoint may
change the behavior of the whole system [65, 89, 134, 277]. As causal reach increases, promotion
must require stronger evidence and a more complete recovery state [89, 205, 233]. This is why
executable-code systems preserve branches and known-good ancestors, while data- and model-level
loops bind checkpoints to training recipes, downstream evaluations, and replayable application
tests [129, 134, 156, 194, 305].

The required release gate should scale with the causal reach of the change. A task-local prompt
revision may require local testing, whereas a shared skill, domain harness, data strategy, or model
checkpoint can alter future proposals and verification behavior across many tasks. Agents that execute
code or call external tools should not be trusted to unilaterally weaken their own sandbox or verifier.
Sandboxing, least-privilege authorization, external evaluation, monitoring, and bounded rollback
must remain outside the agent’s unilateral control [65, 79, 89, 270].

Authority then determines how quickly a change can cross that boundary [205, 265]. Suggest-only and
human-approved regimes spend more review effort to protect high-impact state; auto-applied regimes
gain throughput by relying on predefined gates, staged rollout, monitoring, and rollback [89, 205].
Several works represent complementary parts of this release pattern: regression-aware promotion,
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held-out gating, snapshot replay, and lifecycle records [12, 86, 165, 205, 304, 322]. The important
point is that authority and causal reach should be coupled [65, 205, 242]. A low-impact prompt edit
may be auto-applied after a narrow check, whereas a harness or checkpoint update should normally
require broader regression evidence, a quarantine stage, and an explicit rollback point [4, 79, 89, 194].

Key challenge. Update policy fails when intervention depth and release authority are mis-
matched [65, 89, 205]. A shallow edit can be mistaken for a durable capability gain, while a
parameter or harness update can alter future proposals and verification before its effects are un-
derstood [65, 194, 233]. The resulting error compounds because each promoted state changes the
evidence available to the next cycle [66, 123, 134]. Robust policies therefore tie gate strength to
causal reach, compare against a best-so-far baseline, preserve alternatives, require held-out or replay
evaluation for persistent changes, and keep a reversible release point [165, 168, 205, 243, 304, 322].

s

4.3.2 Memory Update

WikiSkill separates raw execution experience, consolidated knowledge, and executable skills, illus-
trating how persistent knowledge can mediate later skill evolution [212]. Memory update determines
what information and retained state from the current cycle remain available to later cycles. It answers
three practical questions: what is worth saving, why should it be trusted, and when may it be reused?
This differs from target selection: target selection chooses what to change, whereas memory update
decides what the system carries forward after the change. Recent work treats this state as more than a
text buffer: Experience Graphs organize executable artifacts, tool outputs, rewards, sibling compar-
isons, and causal lineage as a queryable substrate for later optimization [134], while MEGA uses a
self-evolving wisdom graph to compose durable optimization assets across cycles [123]. Without this
control, an RSI loop either repeats past work or builds new proposals on unverified conclusions [198].

Memory writing. Memory writing decides what from the current cycle is worth saving. The
system may retain observations, failures, subgoals, successful procedures, executable skills, or
structured relations among them. Reflexion stores verbal feedback across attempts, ExpeL distills
reusable experience, and HiAgent organizes long trajectories into hierarchical subgoals [95, 198, 319].
MemGPT moves information beyond the active context, while Voyager stores executable skills for
later retrieval and composition [173, 225]. SkillMaster makes skill creation, refinement, and selection
part of the agent’s learned behavior [277]; Experience Graphs extend item-level memory to a graph of
artifacts, outcomes, comparisons, and causal lineage [134]; and MEGA treats accumulated wisdom
as an optimization asset that can itself be revised by later operational evidence [123]. The goal is not
to save everything. Excessive compression can erase useful failure evidence, whereas indiscriminate
storage increases retrieval cost and spreads unreliable instructions; empirical work confirms that
memory-management choices materially change how agents follow prior experience [259]. A useful
memory item should therefore state the situation, the observed result, the lesson learned, and the
conditions under which that lesson applies.

Memory tracking. Memory tracking records where a saved item came from and what evidence
supports it. Each item should be linked to the version that produced it, the data and environment used,
the checks it passed, and its later outcomes. AgentDevel tracks candidate releases and regression
results [304]; AREX retains research state across experiment cycles [148]; RSIBench-Data records
data strategies, checkpoints, and evaluation histories [156]; and DGM preserves multiple branches
of executable versions instead of keeping only the latest one [305]. Experience Graphs make these
links first-class by storing sibling comparisons and causal lineage with the artifact and its execution
evidence [134]. Related evaluation frameworks use reproducible trajectories, frozen snapshots, and
replay for the same reason: an apparent gain must remain traceable to the state and evidence that
produced it [81, 322]. Without such records, the system may retrieve a plausible lesson but cannot
tell whether the underlying result was reproduced or merely asserted.

Memory reuse. Memory reuse decides whether a saved item may influence the next cycle and how
broadly it may apply. A note about one answer may justify only a local correction; a skill or prompt
may affect many tasks; and a code change, verifier setting, or training strategy may reshape how
future improvements are generated and selected. Cross-task reuse must therefore be evaluated for
both positive transfer and forgetting over task sequences [323]. The broader the effect, the stronger
the required evidence and recovery plan: self-evolving skill libraries can silently degrade when weak
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or stale skills remain active [315], and compromised memory can propagate harmful instructions
into later behavior [73, 249]. EVOMAL shows that a malicious skill can be imitated into new skills
and persist through the same write-retrieve loop intended to create capability, making self-poisoning
a specifically recursive failure mode [249]. Preserving the best-so-far version is essential because
continued search can end at a checkpoint worse than an earlier one [322]. Reuse should therefore
require versioned evaluation, a record of the execution environment, and an explicit rollback point.
Saving an item does not by itself justify using it again; its benefit, scope, and known failure modes
must first be clear.

Organizational reuse should therefore be selective rather than global. A failure discovered by one
agent should be classified by task, role, environment, and failure mode, then converted into a candidate
lesson and tested on related tasks before propagation. Private, role-specific, and globally shared
memories are different persistence scopes. This separation preserves exploration across agents while
limiting the spread of unsupported or evaluator-specific strategies [73, 134, 249, 315].

Key challenge. Memory update fails through state contamination: stale memories, unsupported
skills, or untracked artifacts enter later proposals. The symptoms are obsolete retrievals, irreproducible
gains, and failures that cannot be reconstructed [73, 259, 315]. Recursion repeatedly summarizes and
reuses the contamination. Selective writing, source tracking, evidence-gated reuse, and best-so-far
recovery keep persistence from becoming error propagation [198, 225, 305, 322].

* The update policy decides what persists and how much authority it receives; the memory
update decides what is carried forward into later cycles.

* Intervention depth and release authority should be coupled: shallow edits need narrow
checks, while harness or checkpoint updates need regression evidence and rollback.

* Memory fails through state contamination, so writing, tracking, and reuse must be selective,
evidence-gated, and tied to best-so-far recovery.

S Taxonomy of RSI-Related Evolution

Where Section 4 described the Proposal, Feedback, and Optimization components shared across
evolution loops, this section asks a different question: what kind of technical trajectory is being
evolved? We retain four broad families, namely behavior, agent systems, models and data, and
research processes, because they differ in the artifact or capability that the literature treats as its
main subject. These target families are orthogonal to the four evolution stages defined in Section 3:
the families identify what changes, whereas the stages characterize whether improvement is local,
persistent across runs, directed at the improver itself, or recursively inherited across improvement
cycles. A method in any family may therefore instantiate evolution, self-evolution, meta-evolution,
or RSI, depending on the evidence it provides. Within each family, the paragraph labels follow a
common three-part grammar: RSI Target Scope, Feedback Pattern, and Optimization Loops. These
are analytical questions, not additional RSI components; a single system can answer them across
several stages of the loop, while evidence requirements are stated where each loop is described [30,
188]. Figure 5 is the detailed hierarchical taxonomy tree, whereas Figure 6 provides a conceptual
overview for comparing the four evolution families. Figure 7 connects the evidence ladder to the
claims developed in this section: the ladder progresses from local improvement and persistent
transfer to recursive inheritance and recursive progress, while causal attribution strengthens claims
about the effect of retained interventions and repeated recursive-progress gains provide evidence of
compounding across cycles.

The taxonomy is not an RSI certification list. It includes local search methods such as Self-
Consistency, Tree of Thoughts, and LATS; fixed or mostly fixed agent-workflow patterns such
as ReAct, AutoGen, MetaGPT, CAMEL, and ChatDev; persistent memory or skill systems such as
Reflexion, ExpeL, and Voyager; and other RSI-related works such as Godel Agent, DGM, MOSS,
AgentDevel, RSIBench-Data, Frontis-MA1 under the OpenMLE evaluation setting, and AREX.
These works are grouped because they supply mechanisms that can appear inside an RSI loop, not
because they support the same claim strength. Figure 5 classifies mechanisms and target families,
whereas Table 1 calibrates claim strength.
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Table 1: Methods grouped by the characterization most directly supported by their reported evidence.
The categories form a conceptual progression, not a strict prerequisite hierarchy, and are not mutually
exclusive.

Stage Systems / methods Editable object Evidence Caveat

Evolution Self-Consistency  [232], Tree- Thought/action trace Better current output from local revise or Gains may reflect extra
of-Thoughts [284], LATS [326], search. search or compute, not per-
Self-Refine [152] sistence.

Self-Evolution Reflexion [198], ExpeL [319], Memory, rules, skills, or Retained artifact reused in later tasks or Separate persistence from
Voyager)f [225], AgentDevel * [304] release state Tuns. additional context, calls, or

a stronger base model.

Meta-Evolution Godel Agent [288], DGM [305], Source, harness, verifier, Retained update changes the improve- Changing the improver does
MoOsst [20] updater, or search rule ment mechanism. not show it improved.

RSI candidates Godel Agent [288], DGM [305], Accepted improved state The retained state is supported as an im- Separate inheritance from
Frontis-MA1 under the Open- inherited by a later im- provement over the incumbent, and a additional context, calls, or
MLE evaluation setting [276], provement cycle later improvement cycle explicitly loads a stronger model; improver-
AREXS [148] and depends on it; recursive progress gain evidence is rare.

adds matched-budget improver gain.

* AgentDevel: versioned release loop; RSI depends on explicit cross-cycle inheritance. T Voyager: borderline state-inheriting
RSI. ¥MOSS: meta-evolution only when source rewriting alters the improvement mechanism. $ AREX: task-local; classification
depends on the system boundary. SEAGym [322], PAST-Bench [266], AgentStream [268], RSIBench-Data [156], and
OpenMLE are evaluation settings rather than RSI methods.

5.1 Behavior Evolution

Behavior evolution refers to repeated local revision of outputs, reasoning, plans, or actions using feed-
back. These methods typically leave the model parameters and overall system structure unchanged,
establishing the core local generate—feedback-revise primitive. Their significance lies in providing
the basic reusable operational units of RSI: candidate generation, feedback reading, local selection,
and result revision [78, 152, 198, 306].

5.1.1 Output Self-Refine

RSI Target Scope: Solution Calibration. At this level, the editable solution artifact is the current
answer, program, reasoning trace, or report, not the model parameters or a persistent agent policy. The
minimal loop is correspondingly simple: generate a candidate, identify a concrete defect, and revise
the same output or component. Chain-of-Verification decomposes factual checks, Self-Debugging
uses execution results and code explanations, and DSPy assertions feed explicit constraints back
into generation. These methods can improve the current output locally, but cross into persistent
self-evolution only when the diagnostic evidence changes the state used by later instances [3, 41, 56,
198, 202, 253, 319, 323].

Feedback Pattern: Critique and Reflection. Critique methods are clearly distinguished by who
supplies the feedback and what evidence grounds it. In intrinsic critique, the same model rereads
its output and proposes a revision, as in Self-Refine, SelfCheck, and Self-Debugging. In grounded
critique, environment outcomes, tool calls, or a separate critic provide evidence beyond the original
generation, as in Reflexion, CRITIC, CGI, and CriticGPT. In learned critique, models are trained to
expose defects or critique—revision pairs are converted into supervision, as in self-critiquing models,
Constitutional Al, and Agent-R. All three can produce revisions, but feedback with more independent
and verifiable evidence is a stronger candidate for reliable persistent reuse [7, 11, 41, 78, 152, 155,
159, 191, 193, 198, 279, 297].

Optimization Loops: Reusable Critique. Reusable critique repairs the current output and, when
validated diagnoses persist, improves later attempts; without storage and reuse, it remains output-
level refinement. Experience may be stored as failure or mistake memories, success/failure-derived
insights, or compressed transferable principles, or written back into learning through self-critiqued
revisions [198, 224, 319], step-level critique data, and reflection memory for new web-navigation
tasks [8, 11, 297, 312]. A complete loop observes failure, forms and independently validates a
critique, stores it with provenance, scope, and version metadata, then retrieves or trains on it and
reevaluates unseen cases; validation guards against intrinsic critique missing errors or revising
correct answers, planning-verifier false positives, and misleading memory retrieval [73, 99, 112, 220].
Evaluation should separate same-instance revision, within-task generalization, new-task/domain
transfer, and retention, forgetting, or regression under replay; LifelongAgentBench tests task-stream
transfer, RSEA held-out update acceptance, and SEAGym validation, ID/OOD transfer, snapshots,
and replay [165, 322, 323]. Correlation is not attribution: causal evidence requires write/retrieval
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Figure 5: A technical taxonomy tree of RSI-related evolution primitives, precursors, methods, systems,
benchmarks, and evaluation settings. The figure organizes representative work by evolution target
family; inclusion does not imply that a work supports the same strength of RSI claim. RSI status
depends on whether later improvement cycles inherit retained state; stronger recursive-progress
claims additionally require controlled evidence that the inherited state improves a later improvement
procedure.

Researcl
E

ablations with matched call counts and context budgets. Local evolution requires only current-output
improvement, whereas transfer to unseen cases and sustained gains across cycles without sacrificing
prior capabilities support the stronger persistent self-evolution claim [143, 261, 286].

5.1.2 Test-Time Evolution

RSI Target Scope: Search Target. Where critique revises one candidate, search-time methods first
expand the candidate set and then decide which reasoning or action path to explore and retain. The
Long-CoT literature surveys deep reasoning, extensive exploration, and reflection as distinct axes
of inference-time search, clarifying why longer traces are not automatically better traces [35]. Self-
consistency votes over independent reasoning samples, Auto-CoT automatically constructs diverse
chain-of-thought demonstrations, Tree of Thoughts explicitly expands and evaluates intermediate
thought states, LATS extends tree search to agent reasoning and action, and Tree-Planner orga-
nizes candidate plans around live observations [94, 232, 269, 284, 318, 326]. These methods trade
additional inference-time compute for broader coverage without changing model parameters [193].

OMIBench provides a multimodal counterpart in which evidence is distributed across multiple images,
making cross-image aggregation and transfer part of the reasoning evaluation [33].
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Figure 6: Taxonomy of RSI-related evolution methods and systems. The four evolution families,
behavior, agent systems, models and data, and research processes, are compared by their editable
targets, persistence patterns, routes to compounding, and evidence standards.

Feedback Pattern: Search Feedback. More candidates help only when the scoring signal can
distinguish promising paths from plausible failures [34, 61, 135, 139]. Feedback may come from
voting, self-evaluation, process rewards, tool execution, or environment state, and determines which
branches are expanded, backtracked, or terminated. RBF++ diagnoses where additional reasoning
helps or decays, while step-level verification and ActPRM-style process models provide finer-grained
supervision over intermediate steps. Search is therefore jointly bounded by its proposal distribution
and evaluator: a weak proposer may never generate a good path, while a weak evaluator can spend
the budget on the wrong branches [139, 269, 284, 303, 326].

Optimization Loops: Reuse of Search Traces. A search run is still within-task optimization; it
becomes part of persistent improvement only when it leaves reusable state that future cycles can use.
Selected, rejected, and backtracked paths, together with verifier decisions, can be retained as prompt
examples, memories, skills, workflow rules, or process-supervision data [61, 135, 319]. These records
support later distillation and replay and help separate gains due to broader search, a better verifier,
or retrieval of prior experience. Search-time adaptation crosses the boundary of local optimization
only when traces update a later model or harness and improve unseen cases; SEAL exemplifies this
direction by using self-generated adaptation data for subsequent parameter updates [139, 334].

5.1.3 State Optimization

RSI Target Scope: State Types. The critiques and search traces produced above outlive the
current context only when they are compressed into reusable state that later runs can read. Such
state may specify what to do (a prompt or plan), what to remember (a reflection, rule, or experience
summary), or how to act (a skill description or executable routine). Experience can be converted into
reusable rules, evolved prompts, or composable skills. ExpeL distills reusable rules, PromptBreeder
evolves task and mutation prompts, and Voyager stores discoveries in a retrievable skill library;
MemGPT and recent experience-graph systems provide complementary external stores for these
artifacts [69, 134, 173, 187, 212, 225, 319]. Compared with parameter updates, textual records are
easy to edit, inspect, compare, and roll back, but their effect depends on whether the model retrieves,
interprets, and follows them in the right context [259, 277].
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Figure 7: Evidence ladder for distinguishing local repair from recursive self-improvement. The figure
progresses from local repair and persistent transfer to recursive inheritance and recursive progress,
while causal attribution provides supporting evidence for stronger claims. Repeated recursive-progress
gains across cycles provide evidence of compounding.

Feedback Pattern: State and Action Link. State feedback comes from whether a record is
retrieved in the right context, triggers executable behavior, and improves the resulting task outcome.
SkillRL and MetaSkill-Evolve organize skill descriptions, invocation conditions, and feedback into
updatable skill structures, while EvoAgentX extends this interface to workflow components and their
composition [235, 238, 252]. A rule remains memory when it merely advises the model; it enters
an execution-grounded feedback loop only when it changes tool choice, invocation conditions, or
execution order. Evaluation should therefore record activation, execution, and task outcomes rather
than judging the textual artifact alone.

Optimization Loops: Reused State. A textual record matters not merely because it is stored,
but because it changes the input state of future runs. This places natural-language state between
output refinement and harness evolution: a reflection may affect only the next attempt, whereas a
default prompt, rule set, or skill catalogue can shape many tasks. External state is readable and
decoupled from model weights, supporting human review and potential transfer across models, but
it can also carry stale, conflicting, or poisoned information [73]. The system must therefore treat
writing, retrieval, merging, expiration, and deletion as evaluable policies rather than implementation
details. Each retained item should record its provenance, scope, dependencies, validation evidence,
and version so that a harmful update can be located and rolled back.

* The reusable unit is a validated critique or error model, not merely a better answer.

* Retained artifacts should record provenance, scope, validation evidence, and version so
that harmful updates can be inspected and rolled back.

* Retention and later-task transfer establish self-evolution; RSI additionally requires later
improvement cycles to inherit and build on an accepted improvement.
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5.2 Agent-System Evolution

Agent-system evolution modifies structures outside the foundation model that persistently determine
how it operates [ 116, 137, 170, 235, 264, 304]. They include prompts, workflows, memory and tool
policies, agent roles, runtimes, and release procedures, jointly determining what the model sees, what
it can call, how execution is ordered, and which updates reach later versions. The same base model
can therefore behave as a different agent under a different harness, and a harness update can change
later behavior without modifying model weights. The boundary from the previous section is control:
text is a record while it merely offers advice; once it is loaded by default or governs execution, it
becomes part of the agent system.

A practitioner-oriented systems view suggests that near-term RSI may be most tractable in vertical
harnesses. A vertical harness combines domain-specific tools, workflow constraints, state representa-
tions, memory policies, verification procedures, and release rules. By narrowing the search space and
making feedback more concrete, it can support persistent improvement without requiring unrestricted
modification of foundation-model weights [29, 156, 325].

5.2.1 Workflow Evolution

RSI Target Scope: Prompt and Workflow Parameters. A prompt is the smallest harness target:
it leaves weights unchanged but persistently changes how the model interprets tasks, organizes
reasoning, and formats actions [69, 132, 180, 300]. Textual optimizers use gradient-like feedback,
black-box proposal, co-evolution, online execution traces, and learned operators to search prompts
and instructions [3, 24, 69, 176, 177, 180, 272, 300]. Prompt candidates are easy to inspect, replay,
and roll back, but repeated search against one evaluator can overfit wording, examples, or scoring
preferences. They should therefore be retested on frozen unseen tasks and alternative model backends
under matched token and call budgets.

Multi-agent orchestration makes role assignment an explicit workflow variable by decomposing the
self-evolution loop into proposer, implementer, critic, tester, reviewer, and planner roles. Role-based
frameworks support collaborative LLM applications and software workflows, making candidate
generation, implementation, execution, evaluation, and planning separately assignable within an
editable workflow [91, 130, 181, 247].

Feedback Pattern: Workflow Search and Role Diversity. Workflow optimization expands the
search target from one text string to an execution graph [21, 125, 151, 186, 242, 308]. Editable
variables include call order, branching and stopping conditions, role assignment, tool sets, and how
intermediate state is represented and passed. Workflow-search systems search agentic workflows,
automatically design agent systems, and jointly optimize tool calls and intermediate reasoning
structures [98, 125, 151, 186, 307, 308].

General-purpose workflows may not transfer cleanly to specialized domains. In domains such as
quantitative or scientific research, the bottleneck is often not the absence of a generic skill description,
but the lack of domain-specific tools, state abstractions, workflow constraints, and executable verifiers.
Plugin-oriented workflow design allows such domain modules to be added, tested, versioned, and
selectively promoted without rewriting the entire agent system [156, 325]. Structural search is more
expressive than prompt search, but it can also buy score with extra steps, context, or parallel branches,
making resource matching essential. For RSI, the main contribution of multi-agent orchestration
is structured diversity [75, 183, 221]. The system need not rely on a single model instance to both
propose and evaluate evolutions; instead, it can assign proposal, critique, execution, verification, and
promotion to different roles. This structure makes it easier to insert human-in-the-loop review and
to bind candidate evolutions to executable verification and version gating [75, 91, 247]. Structured
diversity is valuable only when candidate roles have partially uncorrelated error patterns. Role
decomposition can nevertheless add communication latency and coordination errors, so the number
of agents should not be used as a proxy for system quality by itself.

Optimization Loops: Workflow Search and Promotion. Workflow evolution becomes self-
evolution when execution evidence from one search cycle changes the default workflow reused in
later runs, and meta-evolution when the retained update changes how later workflows are proposed
or selected [21, 98, 125, 186, 242, 307, 308]. Each cycle generates variants of the call graph, role
assignments, tool set, branching conditions, and stopping rules, executes them under matched budgets,
and uses task outcomes to select candidates for the next generation [98, 125, 175, 307]. Structural
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change alone is not workflow improvement: a candidate must benefit tasks excluded from search
relative to the current best while satisfying cost, prior-task regression, and evaluator-exploitation
constraints [138, 165, 205, 322]. Multi-agent workflows should also be carefully compared with a
single-agent baseline under matched token, latency, and tool budgets, testing whether role separation
reduces correlated errors rather than merely adding extra steps [75, 304]. The selected workflow
should be inherited together with its execution traces, version, and provenance; if later replay reveals
any regression, promotion should be reversed and the previous version restored [29, 304, 322].
The recursive property of workflow optimization therefore comes from the coupling of candidate
generation, execution feedback, and inherited state, not from merely changing a prompt or harness
configuration by itself [81, 138, 235].

5.2.2 Memory Evolution

RSI Target Scope: Memory Policy. Memory policies determine which experience remains
available to subsequent decisions; hierarchical compression, executable skill libraries, text—code
memory, and experience graphs make memory organization itself an important harness tar-
get [95, 212, 294, 315]. The central trade-off in memory compression is preserving long-term
relevance without causing context growth [134, 253, 277]. An RSI system must also record prove-
nance and success evidence for memory entries so that erroneous experience can be withdrawn.

Feedback Pattern: Retrieval and Outcome Signal. Memory receives feedback from whether
a retrieved item changes an action and whether that action improves the task, with tool execution
providing an external outcome signal [78, 173, 192, 250]. The record should show whether the
item was used, which tool was chosen, what happened, and whether the task succeeded, so useful
experience can be separated from outdated, misleading, or backdoored memory [249, 289]. Memory
and tool evolution can thus optimize state representation, information acquisition, and action selection
jointly rather than merely adding context or APIs.

Optimization Loops: Memory Update Loop. The memory loop retrieves state, acts through
tools or skills, observes the outcome, and then updates, reuses, expires, or withdraws the retrieved
item [22, 42, 50, 252, 259]. Writing contributes to self-evolution only when later tasks read the item
and benefit from it; it supports an RSI claim when the item has been accepted as an improvement and
is inherited as part of the starting state of a later improvement cycle. A stronger recursive-progress
claim requires evidence that the retained item improves later proposal, verification, or update behavior.
Failures on replay should instead lower its priority, expire it, or trigger rollback [73, 95, 134]. The
runtime state is therefore an optimizable and testable variable, not a passive context cache.

5.2.3 Code Rewriting as a Bridge

RSI Target Scope: Code Target. Code rewriting spans the boundary between behavior and
agent-system evolution. If the edited program is only the task solution, it remains behavior-level
repair; if the edited code persistently changes routing, memory, tools, verification, release logic, or
other execution control, it is an agent-system update. Godel Agent [288] explores self-referential
modification of agent logic and behavior; the Darwin Gédel Machine [305] combines open-ended
search and code evolution in self-improving agents; and MOSS [20] enables autonomous agents to
modify their own source code or executable components. Recent comparative-evolution work such as
Mendel Godel Machine and DarwinX further treats executable variants and lineage as explicit search
objects [140, 317]. Because these changes can directly affect how later improvements are proposed
and verified, source-level evolution has substantially greater causal reach and risk than task-solution
or prompt revision.

Feedback Pattern: What Code Can Change. Prompt edits change instructions, whereas source
edits can change control flow, tool routing, error handling, memory schemas, and verification calls.
This wider mutation surface increases the chance of structural improvement as well as damage to
critical components [171, 287, 305]. Constrained mutation, static checks, sandboxed execution, and
comparison with a known-good version are therefore basic requirements for source evolution [287].

Optimization Loops: Code Update Loop. Executable variants can alter the mechanism and the
proposal or verification process used by later candidates, giving code updates greater inheritability
than ordinary task-solution edits [140, 288, 317]. Such inheritance establishes self- or meta-evolution
depending on what changes; evidence of recursive progress additionally requires that the altered
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procedure improves subsequent improvements. Rollback points, lineage records, and independent
evaluators are therefore central to promotion [20, 287, 305].

5.2.4 Harness Evolution

RSI Target Scope: Release Process. Harness and release engineering transform agent evolution
into a versioned software engineering process. Versioned harnesses and executable code make
candidate behavior editable, testable, auditable, and replayable, while software-agent studies show
that execution environments and tool interfaces are part of the effective system [29, 37, 170, 194, 230,
253,275, 304, 325]. Versioned records allow evolutions to be replayed across tasks, environments,
and model versions.

A likely near-term deployment form is the vertical harness: a domain-specific runtime that combines
specialized tools, workflow constraints, memory policies, and executable checks. Such a harness
makes RSI more tractable by replacing an open-ended search over general behavior with a bounded
search over domain-relevant procedures. However, a harness update should not be equated with
a capability gain. The updated harness must be evaluated on independent tasks, under strictly
controlled model and budget conditions, with regression checks, lineage tracking, and rollback
support [29, 156, 304, 325].

Feedback Pattern: Update Policy. This trajectory implements an Update policy in real engineering
practice. Candidate harness changes can first be tested in isolated environments, compared with
previous versions, promoted after passing regression checks, and rolled back when later evidence
does not support them [29, 205, 304, 322]. Therefore, harness and release engineering provide an
important engineering path from temporary agent optimization toward persistent RSI. Around this
point, Al Harness Engineering summarizes harness design itself as a systems engineering direction,
emphasizing the joint design of prompts, tools, state, evaluation, and deployment interfaces [325].
HarnessFix [29] studies, from the perspective of automated repair, how to locate and fix structural
problems in agent harnesses that cause task failures. The key to an Update policy is allowing the
system to propose and test changes without bypassing external acceptance conditions. This provides
a common interface for Update policies ranging from human suggestion to automatic application.

Optimization Loops: Regression Checks and Rollback. Recent harness research places self-
evolution more explicitly into regression-aware engineering processes. Recent harness-evolution
studies emphasize separating harness updates from independent validation, regression testing, and
interpretable benefit measurement [29, 138, 194, 304, 308]. HarnessEvolve further separates exe-
cution, evaluation, optimization, and gating, aligns failed runs with reference trajectories for credit
assignment, and admits a harness update only when it improves the current batch without degrading
recent or held-out tasks [108]. Thus, in modern RSI, release engineering is not an external accessory
process, but a core mechanism determining whether candidate evolutions can be inherited by the next
loop. A regression-aware harness should test both newly added capabilities and the preservation of
existing ones. For long-horizon RSI, the latter is often more predictive of reliability than a single peak
improvement [322, 323]. Source-level changes discussed above make version control, testing, replay,
promotion, and rollback especially important parts of harness release engineering [20, 170, 305].

* A harness changes the agent by controlling what the model can observe, call, execute, and
retain, even when the model weights remain fixed.

* Vertical harnesses make RSI more tractable by combining domain tools, workflow con-
straints, memory policies, verification, and staged release.

* A harness update constitutes meta-evolution when it changes how later improvements are
proposed, verified, or selected; recursive progress additionally requires evidence that the
altered harness improves later proposals under the same base model and resource budget.

5.3 Model & Data Evolution

Model and data self-evolution focuses on updates to training data, reward signals, post-training
procedures, and model parameters [236, 298, 334]. Compared with harness evolution, this trajectory
changes the system’s capabilities more directly, because updated data distributions, preference signals,
or model parameters affect the subsequent system’s abilities to generate, judge, and act [ 184, 298, 334].
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Its relevance to RSI mainly lies in feedback-driven data generation, model-generated supervision,
evaluator-generated preference signals, and loops in which subsequent models continue to produce
higher-quality data or evaluation signals [298, 331, 334].

5.3.1 Synthetic Data

RSI Target Scope: Data Generation. Synthetic data bootstrapping uses models to generate
instructions, rationales, corrections, or task examples and feeds the filtered samples back into training,
turning model outputs into training inputs [124, 226, 236, 260, 302]. The value of synthetic data
depends on whether it covers the real failure distribution rather than on sample count alone [124, 156,
162]. New data should also pass deduplication, contamination checks, and independent verification
to avoid training on the model’s own errors.

Feedback Pattern: Data Feedback. In the RSI framework, the target component of this trajectory
is the data distribution or training set, and a verification anchor may come from a teacher model, data
filter, benchmark, or downstream training result. It contributes self-evolution on the data-generation
side: the system observes gaps, generates samples, filters or scores them, and then incorporates those
samples into subsequent training [124, 162, 236]. When the dataset is the improvement target, data
versions and filtering rules become part of the RSI history. This lets researchers compare capability
gains from data strategies rather than comparing only final models.

Optimization Loops: Data Strategy. Recent R&D-level benchmarks treat the data strategy itself
as a component that agents can modify. RSIBench-Data fixes the training and serving stack and lets
the agent design the next data strategy from observed failures [156]; OffSeeker trains deep-research
agents with synthetic research tasks and preference trajectories [331]. DataFoundry extends this
loop from selecting training examples to evolving the data preparator itself: diagnostic feedback
from small pilot sets is compiled into modular adapters before large-scale data generation, while
downstream model utility serves as the external acceptance signal [271].

The data strategy is also a security-critical component: if hidden evaluation tasks, checker behavior,
or evaluator-specific traces leak into the data loop, recursive optimization may reward evaluator
exploitation rather than transferable capability [36, 156, 243]. These works shift synthetic data
bootstrapping from one-shot augmentation to an iterative loop that records and compares each data
change. A data strategy can choose the next task, sample type, difficulty, and feedback source, then
use the next model result to revise those choices. This feedback-driven selection is the strategy layer
of model-and-data self-evolution.

5.3.2 Meta-Rewarding

RSI Target Scope: Reward Signal. Self-rewarding and meta-rewarding methods let a model
generate responses, preference signals, and evaluator updates; recent challenger—solver—judge co-
evolution extends this loop without externally labeled preferences [46, 245, 248, 298]. Reward-model
benchmarks provide independent checks for these learned judgments [121].

Feedback Pattern: Independent Reward Checks. Reward feedback links a model’s answers
or steps to a score that selects what will be kept for training [18, 296]. Independent preferences,
verifiable outcomes, and human samples can expose shared errors between the generator and its
evaluator [215, 316]. The loop must therefore test both whether the model improves and whether the
evaluator itself becomes more reliable.

Optimization Loops: Evaluator and Model Update. The loop updates the evaluator, uses its
new scores to choose samples or trajectories, updates the model, and then gathers fresh evidence to
update the evaluator again [121, 296]. An evaluator update matters only when it changes later data
selection and improves behavior on unseen tasks rather than merely raising its own scores [18]. As
the evaluator and model co-adapt, external checks and adversarial samples are needed to prevent
them from rewarding one another’s errors.

5.3.3 Post-Training

RSI Target Scope: Trajectory Training. Agentic post-training turns actions, observations, and
outcomes from agent runs into data for updating model parameters [97, 135, 163, 197, 239, 331].
Agent2World, OffSeeker, and PostTrainBench illustrate online testing, offline trajectories, and agents
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that design bounded post-training experiments [97, 185, 331]. The target is not a shortcut for one
environment, but a strategy that transfers to new tasks [322, 323].

Feedback Pattern: Outcome and Process Signals. Feedback combines final outcomes with step-
level checks: WebGPT uses evidence and human feedback, process supervision scores intermediate
reasoning, and self-play supplies model-generated interactions [43, 135, 163]. These step-level
signals show which actions helped and let a verifier stop an incorrect branch before the final failure.
If filtering relies only on surface scores, however, the model may learn shortcuts spuriously tied to
the specific collection environment [322, 331].

Optimization Loops: Experience Updates the Model. The loop collects success, failure, and
repair trajectories, filters them and assigns credit, updates the model, and then checks whether future
trajectories improve [156, 197, 252, 331]. Failure traces can train filters, repairers, or hard-example
curricula instead of being discarded [43, 135]. Runtime experience counts as model improvement
only when the updated model produces better trajectories on unseen tasks, rather than merely seeing
more data [322, 323].

Table 2 summarizes quantitative evidence for the post-training loop discussed above, including the
original PostTrainBench protocol, later variants, and controlled post-training analyses [60, 136, 185,
295, 321]. Because these studies vary hardware, time budgets, base models, and task sets, results
should be compared only within the same benchmark and experimental setting.

5.3.4 Self-Play Evolution

RSI Target Scope: Curriculum Loop. Self-play and curriculum evolution organize training
around tasks and environments generated or co-evolved by the system itself. Classical self-play
exhibits recursive state inheritance at the training level, because an updated learner generates the
experience used in subsequent optimization. Whether it constitutes RSI under this survey depends on
the chosen system boundary: if the updated learner is treated as the inherited state of a subsequent
self-improvement cycle, it satisfies the minimum recursive structure; if the overall training procedure
is treated as a fixed externally designed optimizer, it is better regarded as a bounded precursor. A
stronger recursive-progress claim additionally requires that the curriculum, verifier, update rule,
or retained training state is itself modified, validated, and inherited across later cycles. Classical
game-playing systems demonstrate the recursive pattern in which a learner generates experience
through self-play, updates its model, and then uses the updated model to generate stronger experience.
Environment—solver co-evolution further extends this pattern by allowing tasks and agents to improve
together. Recent LLM work extends it to co-evolving skills, task generation, and automatic validity
verification [46, 67, 101, 200, 201, 227, 320]. The core of a self-play loop is that the learner and the
data distribution change together [320]. Verifiable rewards can constrain drift in open-ended task
generation, but they can also narrow the curriculum toward easily verified regions.

Feedback Pattern: Task Distribution. For modern RSI, the key point is that the curriculum itself
enters the evolution loop. The system no longer trains only on a fixed dataset, but can expand or
reshape the task distribution as its capabilities change. Therefore, self-play and curriculum evolution
are important directions within the model and data trajectory for connecting capability evolution and
evaluation coverage [13, 46, 67, 101, 227]. Task-distribution evolution makes evaluation coverage
part of the training-control problem. Curriculum selection should therefore optimize learning progress,
novelty, and cross-task transfer together.

Optimization Loops: Open Skill Loop. Recent self-evolution work generalizes self-play to open
task and skill spaces, allowing the system to shape its learning distribution by selecting the next
challenge, skill frontier, or opponent [101, 103, 252]. Thus, curriculum evolution provides RSI
with an intermediate route from fixed-environment loops toward open-ended skill expansion. An
open set of skills gives the model a broader potential evolution range than a fixed dataset. Without
difficulty control and external verification, the system may repeatedly generate familiar skills instead
of exploring genuinely new capabilities.
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Table 2: Reported automated post-training performance available by September 3, 2026. The first
block reports results under the original PostTrainBench 28-experiment protocol as reproduced and
extended by the separate ANDES follow-up; the remaining blocks cover protocol variants from
AutoTrainess and DataMaster and a controlled three-task analysis on Qwen3-1.7B-Base. Each block
retains its source paper’s hardware, time budget, base-model coverage, task set, and metric; values
are comparable only within the same experimental setting.

Automated post-training benchmarks and studies

PostTrainBench full protocol: four base models X seven benchmarks

Type Agent / method Harness / setting PTB weighted AVG A base
Reference Base Models zero-shot 7.53 0.00
Baseline Kimi-K2-Thinking agent-post-trained 7.25 -0.28
Baseline Qwen3-Max agent-post-trained 7.42 -0.11
Baseline GPT-5.1-Codex-Max agent-post-trained 7.65  +0.12
Baseline MiniMax-M2.1 agent-post-trained 933  +1.80
Baseline MiniMax-M2.5 agent-post-trained 9.50  +1.97
Baseline Sonnet-4.5 agent-post-trained 994  +241
Baseline GPT-5.4 (High) agent-post-trained 2023 +12.70
Baseline GPT-5.2 agent-post-trained 21.38 +13.85
Baseline Gemini-3.1-Pro agent-post-trained 21.59  +14.06
Baseline Opus-4.6 agent-post-trained 23.16 +15.63
Baseline Opus-4.6 (IM) long-context setting 24.82  +17.29
Baseline Opus-4.7 (xHigh) high-reasoning setting 28.56 +21.03
Proposed GLM-4.7 + ANDES OpenCode + evolving synthesis 33.39  +25.86
Reference Official Instruct Models human-curated post-training 51.14  +43.61

PostTrainBench protocol variants and later systems

Paper / protocol System Coverage and budget Py — Pn A
AutoTrainess [295] CLI-only, GPT-5.4 Codex 4 models x 7 tasks; H20; 10h 7.53 =+ 2321 +15.68
AutoTrainess [295] AutoTrainess, GPT-5.4 Codex 4 models x 7 tasks; H20; 10h 7.53 — 2694 +19.41
DataMaster [60] Codex* baseline (GPT-5.2-Codex) Qwen3-1.7B x 7 tasks; 12h 847 — 1846  +9.99
DataMaster [60] DataFlex baseline Qwen3-1.7B x 7 tasks; 12h 8.47 — 19.09 +10.62
DataMaster [60] ML-Master 2.0 baseline Qwen3-1.7B x 7 tasks; 12h 8.47 — 15.69 +7.22
DataMaster [60] DataMaster, GLM-5 Qwen3-1.7B x 7 tasks; 12h 8.47 — 31.17 +22.70

Controlled three-task post-training study on Qwen3-1.7B-Base

Setting GSMSK (%) HumanEval (%) AIME 2025 (%)
Base model 10.84 5.48 0.00
Opus 4.6 (Claude Code) autonomous baseline 64.70 £ 9.6 22.00 £10.4 3.33 £ 0.0
GLM 5.2 (Claude Code) autonomous baseline 4951 £ 7.2 44.51 £ 9.8 3.33£0.0
GPT-5.2 (Codex CLI) autonomous baseline 43.44 + 4.1 13.41 £ 8.7 0.00 £ 0.0
Experience-driven framework + Opus 4.6 (Claude Code) 77.30 £ 3.8 62.80 £ 6.1 5.56 + 1.57
Official instruct model 88.70 66.46 33.33

Notes. The PostTrainBench full-protocol block reports the official weighted aggregate of per-task accuracies over
AIME 2025, ArenaHard Writing, BFCL, GPQA Main, GSM8K, HealthBench Easy, and HumanEval for Qwen3-1.7B,
Qwen3-4B, SmolLM3-3B, and Gemma3-4B [185]. ANDES is a separate follow-up paper rather than part of the
original PostTrainBench paper; it reproduces all 28 experiments and reports the newer agent baselines and GLM-4.7 +
ANDES result [321]. AutoTrainess uses one H20 GPU and a 10-hour limit per run; DataMaster fixes Qwen3-1.7B-Base,
seven tasks, identical per-task training compute, and a 12-hour limit. The controlled three-task block reports mean +
one standard deviation over three independent runs [136]. Official instruct models are human-curated references rather
than autonomous agents.

» Parameter and data updates turn local feedback into a global prior that can transfer across
tasks and future training cycles.

* The same mechanism can amplify verifier mistakes, reward hacking, or contaminated data
throughout the system.

* RSI claims therefore require independent verification, held-out transfer, and multi-cycle
persistence rather than a larger score on the original evaluation.

5.4 Research-Process Evolution

Autonomous research agents advance the improvement target to the research workflow itself [32,
146, 148, 169, 195]. Such systems do not merely revise a single answer or prompt; they attempt
to generate hypotheses, design experiments, run code, analyze results, write reports, and choose
follow-up directions [28, 36, 254, 266, 267, 280, 332]. They are a prominent setting for studying RSI
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at the research-process level because the research workflow itself becomes an improvement target;
however, individual systems still differ in persistence, verification, and recursive evidence.

5.4.1 Scientific Operation Agents

RSI Target Scope: Scientific Toolchain. Domain-specific scientific agents connect general LLM
agents with scientific tools, simulators, databases, and proof environments. Chemistry, causal
inference, mathematics, and related domains provide executable experiments, simulations, and proof
checks that connect language plans to scientific workflows [15, 17, 75, 287]. A toolchain allows a
scientific agent to move from a language plan to executable experiments [77]. It also makes domain
knowledge, experimental cost, and safety constraints explicit in the evolution loop.

Feedback Pattern: Domain Tests and Concrete Checks. This trajectory shows how RSI can
first be tested in scientific domains with concrete tools and domain-specific checks. BABE grounds
biological-agent evaluation in experimental results and contextual knowledge, while AI Can Learn
Scientific Taste studies learned judgment and ideation against future-year and unseen-field out-
comes [216, 327]. In chemistry, causal inference, mathematics, or software engineering, systems
can connect language reasoning to executable experiments, simulations, or proof checks. There-
fore, domain-specific scientific agents are useful test cases before studying general research auton-
omy [77, 210]. Domain tests usually give more specific feedback than general language scores.
Its limitation is that evolutions may work only within that domain’s tools and task distribution. A
concrete check can turn a scientific hypothesis into an experiment result, simulation result, or proof
state, giving stronger factual constraints than text-only self-evaluation [83, 142, 287].

Optimization Loops: Experiment-Guided Iteration. The loop carries a hypothesis, tool choice,
experiment result, and unresolved constraint into the next question or experiment design [17, 77, 210].
The feedback therefore changes what is explored next instead of merely scoring the current answer.
Each gain still needs testing on new problems because it may work only for the original tools and
task distribution [75, 210].

54.2 AI4AI & MLE

RSI Target Scope: Experience Factory. MLE is a testbed where executable tasks turn proposed
changes into reusable experience. Each record keeps the starting state, proposed change, execution
result, and acceptance evidence, while the training and evolution modules reuse these trajectories
through memory, search, or parameter updates [45, 74, 113, 128, 171, 276, 330]. The key target is
therefore an experience-producing research process, not a static benchmark list.

Feedback Pattern: Training and Search as One Experience Loop. Feedback is an execution
score plus a record of how the change was made and why it failed or improved. Frontis-MAT1 stores
these details in Experience Cards, uses them to filter and rank training examples, and retrieves them
to guide later proposals [276]. This makes test-time memory and parameter learning two ways to
reuse the same evidence.

Optimization Loops: Experience Inheritance. The loop returns proposals, patches, outcomes,
and failure evidence to an experience pool, then uses that pool to train the improver or guide the next
search [128, 276]. Recursion should be checked by successor quality under fixed tasks and budgets,
transfer to unseen domains, and gains that persist across cycles [237, 330]. The evaluation must
separate a better improver from a better search method or simply more calls; Frontis-MA1 reports
gains on MLE-Bench and unseen NatureBench tasks under fixed frameworks [276].

Table 3 places this experience-driven research loop alongside recent evaluations on Agent? RL-Bench,
RSIBench-Data, Frontis-MA1 results under the OpenMLE evaluation setting, AI4AI-Bench, and
PACE-Bench, spanning RL post-training, data research, algorithm design, ML engineering, and
environment adaptation [38, 45, 156, 276, 303]. The reported metrics follow each source paper’s
native protocol and are therefore comparable only within the same benchmark.

5.4.3 E2E AI Scientist

RSI Target Scope: Research Workspace. Al4Research [32] organizes automated scientific
research into a broader taxonomy of research tasks and highlights rigor, scalable experimentation,
and societal impact as central open directions. This perspective helps distinguish systems that assist
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Table 3: Reported performance summaries for recent RSI-related model-training, AI-R&D, and
environment-adaptation benchmarks available by September 3, 2026. Agent?> RL-Bench evaluates
agentic RL post-training, RSIBench-Data evaluates data-centric model improvement, Frontis-MA 1
is reported under the OpenMLE evaluation setting for ML-engineering program evolution, AI4AI-
Bench evaluates training-algorithm design, and PACE-Bench evaluates code adaptation under changed
physics. This table is an audit index rather than a leaderboard: metrics, protocols, base models,
budgets, and reporting standards are source-specific and comparable only within the same benchmark
and experimental setting.

Model-training and AI-R&D benchmarks

Benchmark System / setting Metric Po /ref. Py /result A Audit status
Agent2 RL-Bench [38] Qwen3-8B-Base; Claude Code + Opus GSMSK score 83.02 88.78  +5.76 single run
4.6
Agent? RL-Bench same setting HumanEval 62.20 84.15 +21.95 single run
score
Agenl2 RL-Bench same setting AlpacaEval 14.68 2691 +12.23 single run
score
Agent? RL-Bench same setting ALFWorld 8.96 97.76 +88.80 single run
score
Agent2 RL-Bench same setting WebShop 0.00 78.00 +78.00 single run
score
Agent? RL-Bench same setting DeepSearchQA  12.25 23.00 +10.75 single run
score
RSIBench-Data [156] Claude Code Opus-4.8 SWE-bench 12.00 46.00 +34.00 per-task agent
Verified
RSIBench-Data Claude Code Sonnet-5 SWE-bench 7.00 22.00 +15.00 per-task agent
Multilingual
RSIBench-Data Codex GPT-5.6-Sol SWE-bench 0.00 9.00 +9.00 per-task agent
Pro
RSIBench-Data Codex GPT-5.6-Sol GPQA Dia- 61.00 65.00 +4.00 per-task agent
mond
RSIBench-Data Codex GPT-5.6-Sol AIME 2026 30.00 53.33 +23.33 per-task agent
RSIBench-Data Codex GPT-5.6-Sol Terminal- 1.12 20.22 +19.10 per-task agent
Bench 2.0
Frontis-MA1 under Open- Qwen3.6-35B-A3B — Frontis-MA1- MLE-Bench 39.39 60.61 +21.22 model changed
MLE eval. [276] 35B; OpenMLE-Evo Lite Medal
Avg.
Frontis-MA1 under Open- Qwen3.6-35B-A3B + OpenMLE-Evo MLE-Bench 39.39 71.21 +31.82 model+harness
MLE eval. — Frontis-MA1-35B + OpenMLE-Evo- Lite  Medal
Max Avg.
Al4Al-Bench [45] Opus 5 + Claude Code, mean over ef- normalized 0.100 0.250 +0.150 source protocol
forts ten-task aver-
age
AI4AI-Bench Opus 5 + Claude Code, medium normalized 0.100 0.288 +0.188 source protocol
ten-task aver-
age
PACE-Bench [303] Qwen3-14B: Vanilla — Reflexion Pass@2 32.0 359 +3.9 two runs

Notes. Py denotes the source paper’s matched base or repository-reference score and Py the reported improved score.
“Audit status” records the main comparison caveat visible from the source protocol; it is not an independent reproduction
claim. Rows should not be compared across benchmarks unless protocol, model, budget, harness, and metric are identical.
Agent? RL-Bench rows are the controlled Qwen3-8B-Base study with Claude Code + Opus 4.6 under a 12-hour budget;
each cell is a single run. RSIBench-Data uses the same Qwen3.5-35B-A3B-Base target model but selects the best official
researcher agent separately for each task, so its six rows do not describe one unified system. For Frontis-MA1 under the
OpenMLE evaluation setting, 39.39 is the Qwen3.6-35B-A3B result under OpenMLE-Evo; the 60.61 comparison changes
the model while holding the harness fixed, whereas the 71.21 comparison changes both the model and the harness and
should not be attributed to OpenMLE-Evo-Max alone. The reported setting uses a 12-hour per-task budget on one RTX
4090 capped at 12 GB VRAM. AI4AlI-Bench fixes the repository recipe at 0.1 and the task optimum at 1.0; 0.250 is the
strongest system mean and 0.288 the best single configuration. PACE-Bench Pass@2 is computed from two independent
runs per environment pair under iterative simulator feedback. Version identifiers, code links, confidence intervals, and
independent-reproduction status are not uniformly reported across sources; missing fields should be treated as unknown
rather than negative evidence.

isolated research steps from systems that attempt to close the hypothesis—experiment—evaluation
loop. This taxonomy also reminds us that different stages of research automation have different
feedback delays and verification difficulties. Success in a single module therefore does not imply that
a complete scientific loop has achieved RSI.
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Feedback Pattern: External Research Evidence. Al Scientist-style systems connect idea genera-
tion, executable experiments, analysis, and follow-up selection [113, 254, 332]. Their feedback is the
experiment result, error analysis, and reason for accepting or rejecting the next step. A paper draft
is only a record; it becomes RSI-relevant when its hypotheses, code, or evidence are used in a later
experiment [25, 150, 160].

Optimization Loops: Experiment-to-Decision Inheritance. The loop turns a question into a
hypothesis, an executable experiment, a result, and a failure explanation, and then into the next
question or method [28, 106, 146—148, 267]. It is recursive only when that evidence changes the next
problem, method, or resource choice; automating each step in isolation is workflow automation, not
by itself an RSI claim. Claims should use fixed environments, code, seeds, and data versions, then
check reproduction and improvement on unseen tasks across cycles [, 59, 64, 68, 206, 257, 262].

m )

* The improvement target is the research workflow itself: hypotheses, experiments, tool
choices, and follow-up decisions.

* A result becomes recursive evidence only when it is retained as an accepted improvement
that changes the next question, method, experiment, or resource allocation of a later
improvement cycle; isolated step automation is workflow automation, not by itself an RSI
claim.

* RSI claims require fixed environments, code, seeds, and data versions, plus reproduction
and transfer checks on unseen tasks across cycles.

6 Future Directions and Frontiers

This section maps future directions and frontiers for RSI: current systems can automate isolated
stages of proposal, feedback, and optimization, but still struggle to sustain reliable improvement
across cycles. Across these properties, the organizing test begins with acceptance, reuse, and transfer:
a change must be credibly accepted, remain usable in later cycles, and improve decisions outside
its original evaluation setting. A stronger recursive-progress claim additionally requires evidence
that the retained change improves a subsequent improvement procedure. Figure 8 summarizes the
seven dimensions developed in the subsections below: reliability, efficiency, diversity, persistence,
adaptability, controllability, and generalization.

6.1 Reliability of RSI Systems

Reliable RSI requires evidence that an accepted change improves the intended capability rather than
merely increasing a measured score. Current research primarily follows three approaches: (1) Robust
Reward and Benchmark Design: Reward gaming and specification gaming arise when systems
optimize the feedback signal instead of the intended objective [119, 203]. Recent work shows that
process-reward models and rubric-based rewards can themselves be attacked, motivating adversarial
testing, reward randomization, and abstention-aware judging [9, 215, 278]. Live benchmarks reduce
the exposure of fixed test sets to repeated optimization, while contamination-aware and self-evolving
benchmarks seek to reveal newly emerging weaknesses [36, 81, 126, 243]. (2) Execution-Based
Verification: Tests, simulators, live repositories, and interactive worlds expose semantic failures that
natural-language judgments may miss [96, 97, 110]. Programming-task studies further show that
agents may hard-code tests, edit evaluation files, or exploit loopholes even when an honest solution is
available [72, 190, 214]. (3) Hybrid and Independent Evaluation: Learned judges, process rewards,
held-out tasks, formal checks, and human review can provide complementary evidence, provided that
disagreement is retained rather than hidden in a single aggregate score [01, 90, 178, 223, 245, 324].

The main concerns regarding reliability are as follows: (1) Preventing Recursive Reward Ex-
ploitation: a false success can be written into memory, a skill library, training data, or a release
pipeline and reinforced in later iterations [82, 154, 249, 314, 315]; (2) Maintaining Comparability
Under Changing Evaluation: adaptive verifiers may resist overfitting but can make improvements
across cycles difficult to compare; and (3) Measuring Evidence Quality: future benchmarks should
report exploit resistance, held-out transfer, evaluator calibration, trajectory integrity, and cross-cycle
preservation rather than final scores alone [5, 246, 261, 286, 316].
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Figure 8: Bottlenecks and future directions for recursive self-improvement. The figure summarizes
seven dimensions: reliability, efficiency, diversity, persistence, adaptability, controllability, and
generalization. It also marks representative failure modes that can limit trustworthy progress.

The verifier problem is particularly severe in RSI because the verifier can itself become part of the
optimization target, or be indirectly optimized against through repeated selection. A candidate that
learns to predict judge preferences can appear successful while degrading the system’s ability to
discover or assess future improvements. Once a false success is written into memory, a skill library,
a data-generation pipeline, or a harness release, later cycles may treat the exploit as evidence of
competence. Reliability must therefore be evaluated not only at the level of candidate outcomes, but
also at the level of what the system learns to retain and propagate [72, 156, 214, 249, 315]. Recent
production evidence further suggests that an LLM judge should be treated as an advisory signal rather
than an oracle: deterministic acceptance checks, hermetic execution, frozen holdouts, and canary
cases are needed to prevent apparent gains caused by judge bias, parser failures, leaked answers, or
reward hacking [222].

6.2 Efficiency of RSI Systems

RSI systems must improve within finite compute, time, and review budgets. Current research
primarily focuses on three approaches: (1) Budgeted Search and Selective Evaluation: Search
policies allocate resources across hypotheses using random search, Bayesian optimization, population-
based training, pruning, and early stopping [14, 105, 204]. Recent harness-optimization systems make
this allocation explicit by selecting which proposed changes receive full execution, verifier feedback,
or further mutation [37, 120, 122]. (2) Experiment Throughput: Reproducible training, serving,
sandboxing, and automated checkpoint evaluation reduce the wall-clock cost of testing candidate
changes [169, 304, 322]. (3) Cost-Aware Review and Deployment: Staged promotion and risk-
tiered review allow low-risk prompt or workflow changes to be tested automatically while reserving
expensive human review for source-, model-, data-, or deployment-level changes [4, 49, 205].

The main concerns regarding efficiency are as follows: (1) Balancing Exploration and Throughput:
aggressive pruning may remove the only branch that could solve the bottleneck, whereas exhaustive
evaluation makes long-horizon RSI economically infeasible in practice; (2) Accounting for Total
Cost: compute, deployment, annotation, human review, observability, and rollback costs should all
be reported together; and (3) Comparing Improvement per Unit Resource: evaluations should
report gains against compute budget, wall-clock time, failed attempts, and review burden rather than
capability alone [185, 303].

6.3 Diversity of RSI Systems

Search quality depends on whether an RSI system can generate genuinely different hypotheses and
execution paths. Current research primarily follows three approaches: (1) Multi-Agent Proposal
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Generation: Role-based systems assign different agents to propose hypotheses, plans, repairs, or
research directions [77, 91, 181, 247]. Recent systems extend this design to collaborative harness
evolution and comparative selection among competing improvers [140, 166, 317]. (2) Branch and
Task Diversity: Tree search, agentic research search, skill self-play, and co-evolving task generation
expand diversity beyond textual outputs to experiments, skills, and environments [101, 103, 258, 267].
(3) Independent Verification and Branch Management: Independent judges, held-out tests,
snapshots, replay views, and lineage records help determine whether parallel branches are genuinely
different or merely correlated variants [75, 243, 322, 324].

The main concerns regarding diversity are as follows: (1) Correlated Errors: agents that share a base
model, prompt, memory, tools, and evaluator may converge on the same misconception or verifier
loophole [214, 221]; (2) Novelty Without Progress: a large number of distinct proposals is not useful
if none transfers beyond the local task; and (3) Selection Collapse: a single judge or benchmark
can flatten useful diversity during promotion. Future systems should measure disagreement, branch
distance, failure coverage, and independent transfer.

6.4 Persistence of RSI Systems

Recursive improvement requires more than discovering a successful change; the change must remain
available and useful in later cycles. Current research primarily focuses on three approaches: (1)
Lineage and Best-So-Far Preservation: Versioned components, decision and execution traces,
checkpoint archives, failure replay, and rollback preserve the causal path from proposal to out-
come [20, 134, 187, 304, 322]. (2) Memory and Skill-Library Management: External memory
and skill libraries make experience reusable, but outcome-driven lifecycle management is needed
to prevent retrieval degradation, false-positive injection, and performance stagnation [73, 231, 315].
(3) Durable Harness Infrastructure: Isolation, permission control, dynamic evaluation, release
gates, and reproducible serving provide benefits that are less likely to disappear as foundation models
become stronger [138, 234, 304, 329]. Tree-of-Experience provides a concrete mechanism for such
persistence by organizing experience into a hierarchy aligned with the agent’s reasoning process
and calibrating its branches with environmental outcomes, thereby supporting attribution, cross-task
transfer, incremental updating, and efficient retrieval [54].

The main concerns regarding persistence are as follows: (1) Discovery—Retention Gap: systems may
find a useful intervention but fail to preserve it consistently across later iterations [2, 156, 212]; (2)
Transient Scaffold Gains: prompt and workflow improvements may be absorbed by a stronger model
or fail after an environment change; and (3) Accumulated Memory Drift: unbounded retention can
make future retrieval and verification less reliable, with multi-run and task-order studies showing
that measured gains can be highly fragile [286]. Future evaluations should test later-cycle reuse,
regression recovery, artifact retirement, and maintenance cost.

Table 4 complements this discussion with PAST-Bench and S3Gym evaluations of retained experi-
ence and experience-to-policy transfer, together with BAITBENCH evidence on whether iterative
improvement remains reliable under reward-hacking pressure [179, 196, 266]. These benchmarks use
different protocols and metrics, so their values should be compared only within the same benchmark
and experimental setting.

6.5 Adaptability of RSI Systems

Living-world evaluations such as VibeLifeBench and ClawMark make exogenous updates, delayed
action, and multi-day state consistency explicit, exposing adaptation failures that static episodes
hide [157, 207]. AgentStream makes this requirement explicit by evaluating self-evolving agents
under isolated, sequential, and interleaved task streams; its results show that self-evolution reliability
depends jointly on the base model, evolution method, and stream composition, with no single
method dominating across all settings [268]. RSI systems operate under changing tasks, evaluators,
tools, and environments rather than a fixed distribution. Current research primarily follows three
approaches: (1) Dynamic Evaluation: Live benchmarks and adaptive challenge generation update
tasks as agents improve and expose failures that static tests no longer reveal [103, 126, 243]. (2)
Verifier—Environment Co-Evolution: Learned evaluators and environments can be revised as part
of the improvement loop rather than treated as external constants; recent work makes the co-evolution
of metrics and skills explicit [245, 316, 324]. (3) Replayable and Versioned Contexts: Frozen audit
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Table 4: Reported performance summaries for recent benchmarks for persistent, experience-driven,
and safety-critical self-improvement available by September 3, 2026. PAST-Bench measures the
family-balanced effect of retained cross-session experience, S3Gym compares whole-trajectory
improvement under two experience-reuse pathways, and BAITBENCH measures reward-hacking
frequency in autonomous ML tasks. This table is an audit index rather than a leaderboard: metrics
and comparison endpoints are source-specific and comparable only within the same benchmark;
lower is better only for BAITBENCH.

Benchmark System / setting Metric Py /ref. Pp /result A Audit status
PAST-Bench [266] Hermes agent (GPT-5.4); persis- family-balanced 0.51 0.75 +0.24 three runs
tence off — on overall score
S3Gym [196] GPT-5.5: History ICL — Sum- Chess AUCT 0.474 16.840 +16.366 game-specific
mary Memory
S3Gym same pathways and model PvZ AUCT 548.499 33.219 -515.280 game-specific
BAITBENCH [179] all seven evaluated agents average reward- - 57.14+26 — diagnostic
hacking rate (%,
b
BAITBENCH Kimi K2.5, lowest observed rate ~ average reward- - 20.8£5.8 — diagnostic
hacking rate (%,
b
BAITBENCH Claude Opus 4.6, highest observed average reward- - 76.1+5.9 — diagnostic
rate hacking rate (%,
)

Notes. “Audit status” records the main comparison caveat visible from the source protocol; it is not an independent
reproduction claim. Rows should not be compared across benchmarks unless protocol, model, budget, harness, and metric
are identical. PAST-Bench reports averages over three runs; Py and Py are the Hermes persistence-oft and persistence-
on macro-averages for GPT-5.4. For S3Gym, the two columns compare whole-trajectory AUCT under History ICL
and Summary Memory rather than temporal initial and final checkpoints. AUC™ is the positive area above the initial
evaluation score across checkpoints and is game-specific, so Chess and PvZ values should not be compared with each
other. BAITBENCH values average three tasks and two binary judges after collapsing reruns; the reported + values are
95% bootstrap-confidence-interval half-widths. BAITBENCH is a safety diagnostic rather than a before—after capability
evaluation, so no Py or A is reported. Version identifiers, code links, and independent-reproduction status are not uniformly
reported across sources; missing fields should be treated as unknown rather than negative evidence.

suites, evaluator versioning, replayable environments, and contamination-aware protocols preserve a
stable reference while allowing part of the evaluation distribution to evolve [5, 36, 322].

The main concerns regarding adaptability are as follows: (1) Overfitting to the Current Environ-
ment: an agent may optimize a generated curriculum without acquiring a transferable capability; (2)
Loss of Comparability: if the evaluator changes too quickly, improvements across iterations become
difficult to interpret; and (3) Adaptation Lag: if the environment changes too slowly, the system can
exploit stale tests. The central research problem is to separate frozen evidence for comparison from
adaptive evidence for discovering new weaknesses.

6.6 Controllability of RSI Systems

Least-privilege authorization is an explicit control boundary: AuthBench shows that coding agents
can both omit permissions needed for execution and grant unnecessary sensitive access, motivating
separate sufficiency and tightness checks [270]. As RSI systems gain authority to modify different
targets, controlling that authority becomes a technical requirement. Current research primarily
focuses on three approaches: (1) Sandboxed Execution: Candidate changes are first tested within
explicit filesystem, network, data, model, and tool boundaries [23, 230, 275]. (2) Tiered Permissions:
Read-only, suggest-only, sandbox-executable, human-approved, and auto-applied modes provide an
autonomy ladder whose authority matches the causal reach of the target change [79, 89]. (3) Release
and Incident Control: Monitoring, external evaluation, release gates, pause authority, versioned
artifacts, and rollback keep persistent changes reversible [4, 6, 65].

The main concerns regarding controllability are as follows: (1) Authority Mismatch: a shallow
prompt edit and a model-weight update should not pass through the same gate; (2) Delayed Detection:
changes to the improvement process may alter future proposals and verifiers before their effects are
visible; and (3) Irreversible Deployment: autonomy is unsafe when stopping, auditing, or reverting
is technically difficult. Recent release-oriented and self-modifying coding systems provide concrete
testbeds for this problem [20, 122, 140]. Audits of self-improving agents further show that harness
edits can create illusory gains by violating authorization, provenance, or completeness constraints,
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and that such tampering can persist in the lineage of the best-performing agent [229]. Future systems
should couple permissions and review intensity to target scope, verifier strength, deployment context,
and observed failure severity.

The execution boundary should be treated as part of the control problem rather than as an implemen-
tation detail. For agents that can execute code or call external tools, indirect network access, shared
credentials, uncontrolled package installation, mutable evaluation files, and cross-agent state can
undermine the intended release boundary. A safe RSI protocol should therefore test both permission
sufficiency and permission tightness, while ensuring that the agent cannot unilaterally weaken the
sandbox, verifier, or monitoring process [65, 79, 89, 230, 270, 275].

6.7 Generalization of RSI Systems

A key test of credible RSI is whether an accepted change improves later decisions beyond the task
and evaluator that produced it. Current research primarily follows three approaches: (1) Held-Out
and Cross-Task Transfer: Independent tasks, live repositories, and replay evaluation test whether
gains survive changes in data, tools, seeds, and resource limits [165, 243, 309, 322]. (2) Agentic
Post-Training and R&D Evaluation: Trajectories, failures, repairs, tool interactions, and process
rewards can become training signals, while MLAgentBench, MLE-bench, RE-Bench, AREX, and
recent scientific-discovery benchmarks evaluate research decisions rather than isolated answers [23,
61,97, 100, 148, 195, 244, 257]. (3) Product and Scientific Deployment: Real-world products and
open-ended science introduce delayed, noisy, multi-objective feedback and require domain tools,
expert constraints, staged rollout, monitoring, and scientific lineage [12, 32, 77, 86, 147, 169, 309].

The main concerns regarding generalization are as follows: (1) Benchmark-Bound Improvement:
a system may improve the optimized score without improving the underlying research or decision
process; (2) Distribution Shift: product and scientific environments change in ways that are not
captured by offline tests; and (3) Evidence Reuse: a trajectory that succeeds once may not provide
areliable training signal for later systems. New work on Al-scientist capability, scientific integrity,
and end-to-end research automation makes these concerns measurable but also shows that polished
artifacts are insufficient evidence of scientific progress [64, 147, 195, 282]. Measurement-audit work
further shows why a frozen control and repeated held-out evaluation are needed before attributing a
gain to self-improvement [261]. Future evaluations should measure transfer, reproducibility, cost,
human review, downstream reuse, and improvement of the next research decision.

Transfer should also be evaluated across harness scopes. A change that improves a general coding
harness may fail in a specialized domain because the domain requires different tools, state abstractions,
workflow constraints, and verifiers. Conversely, a vertical harness may achieve strong in-domain
gains without demonstrating transfer beyond its niche. Evaluation should distinguish within-domain
transfer, cross-domain transfer, and transfer of the improvement procedure [156, 157, 165, 243].

Taken together, the seven properties describe an evidence-oriented evaluation profile rather than seven
independent capabilities. Reliability determines whether a change deserves admission; efficiency
and diversity determine whether the loop can search; persistence and adaptability determine whether
progress accumulates under change; controllability determines whether updates remain reversible; and
generalization determines whether the resulting improvement is real beyond its evaluation context.

7 Conclusion

In conclusion, this survey addresses key gaps in Recursive Self-Improvement (RSI) research by
defining four stages of self-improvement (evolution, self-evolution, meta-evolution, and RSI), where
RSI is the recursive form of self-improvement in which an improvement accepted in one cycle is
retained as part of the starting state of a later improvement cycle, which then continues optimization
from that improved state. We further distinguish this minimum RSI structure from recursive progress,
in which the inherited improvement also improves the later improvement procedure itself. By
introducing the Proposal-Feedback—Optimization framework, an operational RSI claim protocol, and
a taxonomy spanning behavior, agent systems, models and data, and research processes, we provide
a unified view for comparing existing approaches without treating every RSI-related primitive as
an equally strong RSI system. We summarize current progress, identify verification and reliable
cross-cycle transfer as the central challenges, and specify the evidence needed to distinguish state
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inheritance, recursive progress, and compounding gains. Our analysis aims to guide future research
toward auditable, persistent, transferable, and safely controlled improvement systems.

A practical implication is that near-term RSI may first emerge through domain-specific harnesses
that improve tools, workflows, memory, routing, and evaluation under controlled release procedures,
rather than through unrestricted modification of foundation-model weights. This view also makes
reward hacking, data isolation, selective memory propagation, and permission control central design
requirements for any claim of persistent recursive improvement.
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