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Abstract

Building agents that learn from experience is a central goal of artificial intelligence. Harness self-evolution
offers a path toward this goal by adapting the system around a fixed base model. This article develops a
unified framework for examining how execution feedback produces persistent harness changes. We organize
algorithms by their update targets, distinguishing instructions, memory, and workflow specifications
interpreted by fixed components from executable tools and runtime logic, and compare how they propose
and admit changes. The theoretical analysis views harness evolution within the framework of evolutionary
algorithms and draws on PAC learning theory for continual learning to provide insights into algorithm
design. For evaluation, we distinguish four claims behind a reported gain: selection, whether the estimate
is independent of the search or accounts for selection; activation, whether the accepted update operated
in the scored runs; attribution, whether it caused the difference under controlled evaluation conditions;
and improvement, whether the difference holds beyond the tasks that produced it. The reviewed protocols
show why held-out performance, component use, and retained gains require different evidence. This article
covers applications in personal assistance, enterprise automation, scientific discovery, robotics, and public
services. We also discuss potential effects on productivity and skills, economic distribution and market
structure, innovation and public services, privacy and security, and institutional governance. Drawing on
these analyses, we identify future directions in updating algorithms, supporting infrastructure, evaluation,
and responsible deployment.
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Figure 1 The path of harness self-evolution.
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1 Introduction

Progress toward artificial general intelligence (AGI) requires agents whose competence can develop
after deployment. In open environments, agents face unfamiliar problems and changing task
conditions. A fixed model can generalize to new problems, but repeated execution alone does not
turn feedback into persistent revisions of instructions, memory, or control logic. Self-evolution
makes these procedures revisable through experience, connecting early work on recursive self-
improvement and self-referential problem solving with current self-evolving agents [1-4]. Revision
can also change how experience is generated: tool choices and search paths shape which observations
and failures feed later updates. Execution experience can therefore be history-dependent and
non-i.i.d. even when tasks are sampled from a fixed distribution. The challenge is to make this
feedback yield capabilities that remain useful across later tasks and revisions.

Self-evolution can target either the base model or its execution harness. Model updates alter
internal weights; the harness is the external runtime that turns a general-purpose model into
an operating agent by orchestrating prompts, memory, workflows, and executable tools across
runs. We focus on harness self-evolution for three reasons. First, harness design strongly affects
deployed behavior: performance varies substantially across scaffolds even when the model is
fixed [5-7]. Second, it can operate without access to model weights, making adaptation possible
with black-box, proprietary, or API-hosted models. Third, harness artifacts expose a readable
and locally editable surface: instructions, memory entries, and code changes can be inspected,
versioned, and compared. Our analysis concerns harness changes under a fixed base model; for
co-evolving systems, we consider comparisons that isolate the harness contribution.

Recent work spans revisions to guidance and memory as well as workflows and executable
components [6-10]. Figure 2 traces this growth and classifies representative systems by primary
emphasis. The literature describes evolution through different update targets, feedback signals,
and search procedures, making methods difficult to compare on a common basis. We organize the
literature by the update target, what a proposal modifies, because it identifies the state that later
runs inherit. Within each target, we compare how execution feedback produces revisions and how
candidates are admitted.

We study harness self-evolution as a continuing operational feedback loop: the system’s own
execution feedback drives revisions to harness state, and later runs inherit and load the accepted
state (Section 2). We also review the offline optimizers these systems build on and related methods
whose updates do not persist. Our taxonomy separates instructions, memory, and workflow
specifications interpreted by fixed host components from executable implementations, including
callable tools, harness source, and plugin compositions (Sections 3-4).

A controlled final-state comparison can establish an overall gain without showing what each
revision contributed or whether the gain survives later updates. We distinguish four claims behind
a reported gain: selection, whether estimation is independent of search or accounts for its influence;
activation, whether the update operated in scored runs; attribution, whether it caused the observed
difference; and improvement, whether the difference extends beyond the tasks that produced it.
Section 6 develops these evidence criteria and uses them to examine current evaluation practices.

Existing surveys organize self-evolution by operational component [3], optimizer feedback [4],
externalized infrastructure [11], the role of code [12], or update target paired with signal origin
or loop closure [13, 14]. Table 1 compares their harness-relevant coverage. Recent surveys also
address evaluation. Ren et al. [13] call for separate test data, independent final judges, and
component substitution. Zhou et al’s coding-agent survey [15] distinguishes runtime activation
from candidate admission and proposes comparisons under a common budget with cost and
activation recorded. We build on this work by applying comparison-level evidence criteria to
reviewed results and examining how successive updates and benchmark refresh affect the evidence
for improvement.
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Figure 2 Growth and classification of harness self-evolution work. The inset counts each work drawn in
Figure 3 once, at the period of its first public version, split by primary emphasis into update algorithms and
evaluation, for works released through September 2026; every date comes from a public record except the
one product page dated from the authors’ information, and the ledger in the repository names it. The road
places representative systems along the same periods, tracing the field’s progression from early prompt,
memory, and workflow systems to executable components and runtime logic; the systems it names are
examples rather than the roster the inset counts. The classification is descriptive, and inclusion does not
imply continuing self-evolution or measured improvement.

This article makes three contributions:

+ Scope and Operational Taxonomy (§2-§4): We define harness self-evolution as a persistent oper-
ational feedback loop and hold the base model fixed when evaluating harness changes. We then
organize the design space by update target, separating revisions to guidance and coordination
specifications interpreted by fixed components from revisions to executable implementations,
and review offline antecedents alongside the methods that reuse their mechanisms.

o Synthesis and Empirical Review (§3-§4, §6—-8§7): Using this taxonomy, we compare existing
methods and find that mutation scope and persistence vary independently. We examine what
their primary comparisons establish under the four evidence criteria and state the controls
needed when the harness and the benchmark change together. Across deployment settings,
admission checks must reflect the cost of a wrong update.

o Theoretical Perspectives (§5): We map harness search onto evolutionary paradigms and analyze
generalization and retention from a continual PAC-learning perspective. The analysis gives a
sufficient condition under which an admission comparison certifies improvement on a round’s
task mixture, and shows that repeated executions of one task reduce execution noise but add
no independent tasks.

Organization. Section 2 formalizes the operational lifecycle of harness self-evolution. Sections 3—4
classify interpreted and executable update targets. Section 5 develops the evolutionary and
continual PAC-style theoretical perspectives. Section 6 examines empirical evaluation practices
and dynamic benchmarking. Sections 7-9 cover deployment regimes, societal implications, and
open research frontiers, and Section 10 concludes.



Table 1 How recent surveys cover the harness self-evolution lifecycle. Each cell records the strongest
treatment found in the survey: v a dedicated section or subsection that reviews multiple methods, o a

substantive discussion without a dedicated treatment (including future work), and

no body-text treatment

beyond a table entry, passing clause, or explicit scope exclusion. For base model held fized, o denotes
a definitional or scope-based separation; v would require an experimental control, which none of these
surveys supplies. For the four evaluation claims, v requires an explicit evidentiary criterion rather than
inference from a terminal task score. For theory, v requires formal results developed by the survey itself;
societal impact excludes technical safety. Columns follow preprint order. The Zhou et al. columns are the
externalization review [11] and the coding-agent survey [15], whose declared scope is software engineering
alone, so its v for applications covers deployed products in that one domain.

. . Gao Fang Zhou Ning Chen Ren Zhou
Dimension 3] 4] [11] [12] [14] [13] [15] Ours
Scope
Base model held fixed o o o )
Update target
Instructions and prompts v v o — — v v v
Context and memory v v v v v v v v
Workflow and control v v o v o o v v
Executable artifacts v o o o v v v
Evaluation claim
Selection o Ve o v
Activation v v
Attribution ) o o v v v v
Improvement v o o o o v o v
Analysis and implications
Theory o o o o v
Applications o o v v
Societal impact — o o — o — — v

v dedicated O partial absent

2 Definition of Harness Self-Evolution

Table 2 The agent harness by component. Runtime responsibility states what the component must
supply while a run is in progress; mechanisms lists the sub-functions through which it supplies it. A given
implementation may fuse several components into one module or omit them entirely.

Component

Runtime responsibility

Mechanisms

Agent loop and
execution control

Tool and skill
orchestration

Context construction

Memory and state
management

Context compaction

Scheduling and
coordination

Execution infrastructure

Advances a run from one model
call to the next and decides
when it ends

Exposes external capability and
reusable procedure to the model
Assembles what the model sees
on each call

Carries state beyond the current
call or session

Keeps the assembled context
within budget as a run grows
Distributes work beyond a
single loop

Bounds what a run may do and
records what it did

Model invocation; tool execution; continuation and
stopping rules; cancellation; error recovery

Tool interfaces; registration and invocation; skill
loading and invocation

System instructions; tool descriptions; conversation
history; injected context

Reusable memory and retrieval; session persistence;
resumption; forking

History summarization; retention and triggering
policies; tool-output pruning

Sub-agent delegation; task scheduling; background
execution

Sandboxing; permissions and approval policies;
storage; model adapters; logging and replay




Harness. Following DeepSeck Harness’s view of an agent as a model combined with a harness [16],
we define a harness H as the software and configuration surrounding a model M that govern
its execution and interaction with a task environment E. Table 2 summarizes its functional
components, including the agent loop, tool orchestration, memory, skills, and context compaction.
These are composable capabilities rather than mandatory components of every harness. Model
adapters belong to this surrounding software, while model weights belong to M. A rollout T,
comprising the interaction trajectory and its outcome, is generated as

T ~Run(M, H, E). (1)

A rollout is scored by an evaluation procedure J, comprising the task scorer, any verifier used to
decide the outcome, and the bookkeeping that records it, giving y = J(7). We place J outside H
by stipulation, and Sections 5 and 6 keep it outside the surface a candidate may modify, so that a
change in J is a change in the measurement rather than a harness update. Internal critics and
provisional verifiers may belong to the mutable harness, provided an external J judges the final
outcome. A system that exposes this final scoring or verification procedure to its own proposals
breaks that stipulation: the code is then part of what the update may rewrite, and its scores
before and after an update no longer measure the same quantity. Section 6.2.1 treats this failure
separately from the statistical failures of selection, because the remedy is structural rather than
statistical.

Harness self-evolution. We define harness self-evolution as an iterative optimization process in
which an agent system uses batches of execution experience to revise its own harness, with the
aim of improving task performance or reducing resource use, while keeping the backbone model
M fixed. Section 6.2.3 evaluates performance together with inference cost. At update round k,
the current harness H} interacts with a batch of sampled task environments to produce

B = {Tk,i}?:17 Tk ™~ Run(M, Hy, Ek,i)’ (2)

where b is the batch size, Ej; is a sampled task environment, and each rollout includes its
interaction trajectory, outcome, and available feedback. The harness is then updated as

Hj. 1 = Update(Hy, Bx). (3)

Here, k indexes update rounds. As in minibatch training, different rounds may use different task
samples or revisit samples from a fixed training set; temporal task arrivals and changing task
distributions are not required. Equation (3) abstracts diagnosis, candidate generation, evaluation,
and retention. The update procedure may internally maintain historical feedback and candidate
archives or collect additional evaluation rollouts. Rejected revisions leave Hyp,; = Hj, and
single-rollout updates are recovered by setting b = 1.

The index 7 counts rollouts within a round; the b rollouts need not come from b distinct task
environments. Section 5 therefore distinguishes tasks from repeated executions and makes the
feedback history and candidate archive explicit in the evolution state.

Recursion refers to the feedback between harness revision and experience generation: adopted
revisions govern subsequent execution, and the resulting rollouts inform further revisions. We
designate an update process as harness self-evolution when two conditions hold.

1. Operational feedback and update continuity. Within the operating lifecycle of the agent,
feedback from its own executions is used by an algorithmic process to form or select the revision,
and the update mechanism remains in place after the transition, so later executions can trigger
further updates. External environments and automated evaluators may supply evidence, and
humans may give feedback or control admission, but a human does not simply author the



payload and install it as the next state. This excludes manual configuration, and design-time
optimization that terminates after exporting a frozen artifact: an offline optimizer removed
once it has delivered a static prompt, workflow, or program leaves a harness behind but no
loop, and Sections 3 and 4 mark such systems as offline antecedents.

2. Persistence across runs. When a candidate is accepted, the resulting harness state is persisted
and actually loaded by a subsequent run, so that it can affect rollouts it did not generate.
This excludes candidates evaluated and discarded inside a search, within-run reflection that
never changes later execution, and passive logs that are stored but never read by the harness.
Whether the loaded state then operated in those runs is the activation claim of Section 6.1, not
a condition of scope.

These conditions define a repeatable capability rather than a minimum number of observed rounds.
An experiment may contain a single operational update and still demonstrate the mechanism,
provided the accepted state stays inside the same feedback and update lifecycle. Ordinary execution
under unchanged rules, such as appending a session log or triggering a fixed compaction policy,
meets neither condition, because nothing was revised; revisions may instead change those rules, or
distill reusable knowledge and skills that guide later execution. Methods that revise the update
mechanism itself add a further level of recursion, and Section 4.1 covers the cases that change
a memory-management process rather than its contents. Improvement is the objective of the
process, not a guarantee assumed for every update: sampling independence, generalization, and
retention require separate analysis.

Naming. This process is called harness self-evolution in the title of this article and harness RSI,
for recursive self-improvement, in much of the literature. We retain harness RSI as a conventional
short name for this research area, not as a claim that every accepted revision improves performance.
We use self-evolution for the update mechanism whether or not the accepted state performs better,
and reserve self-improvement for a beneficial change supported by an explicit comparison.

For systems that also train the model, we review the harness-side update under the two
conditions above and assess comparisons that hold the task model fixed. Weight-only updates
and fixed components without an update mechanism are outside this scope.

Sections 3 and 4 also review the offline antecedents of these mechanisms—prompt, workflow, and
program search that export a frozen artifact—together with boundary cases such as tool synthesis
whose output never persists. The prose identifies these lifecycle differences when introducing each
work.

Figure 3 maps the literature reviewed under this definition onto three of the sections that
follow. Its branches separate what an update may change—interpreted payloads in Section 3 and
executable implementations in Section 4—from what an evaluation may claim in Section 6. How
the search over candidates is organized is taken up separately in Section 5. The components of
Table 2 are the hosts of that first split: Section 3 covers the payloads they interpret, and Section 4
covers the case where a component is itself what the update rewrites. Applications and governance
lie outside this map and are treated in Sections 7 to 9.

3 Interpreted Update Targets

Interpreted updates revise instructions, memory, and workflow specifications while leaving the
model, native tools, and host implementations fixed. Their effects depend on how those fixed
components read the revised content or enact the revised coordination. Figure 4 places these
targets alongside the executable changes of Section 4.
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3.1 The Rise of Harness RSI

The idea of a machine improving its own problem-solving machinery predates language models.
Good’s 1965 argument placed machine design among the intellectual activities an advanced
machine could perform: a better designer could construct a better successor, which could in
turn improve the design process [1]. This was a prospect of recursive amplification rather than
an implemented update procedure. EURISKO later made heuristic discovery an operational
part of search, learning domain concepts and heuristics, including heuristics for modifying other
heuristics [17]. Its relevance is the change in what learning may act on: the procedures that guide
future search can themselves become objects of search.

The Go6del Machine addressed self-revision through a different mechanism. Its initial program
contains a proof searcher and an axiomatic description of the hardware, software, and utility; it
may rewrite any part of that software, including the proof searcher, once the usefulness of doing
so is proved [2]. The formal guarantee is relative to the encoded assumptions and what can be
proved within them. This connects the benefit of a rewrite to the cost of continuing to search for
alternatives. EURISKO and the Gédel Machine thus offer distinct precedents: empirical revision
of search heuristics and formally justified revision of the problem solver itself. Neither requires
the modern separation between a pretrained model and its surrounding harness.

Language models make that separation a practical site of adaptation. A fixed model can interpret
revised instructions, summarize execution experience, and generate callable code, allowing feedback
to change later behavior through external artifacts. Reflexion stores textual feedback for another
attempt, Expel extracts reusable insights across tasks, and Voyager retains executable skills [6-8].
These systems expose different routes from experience to future execution, with within-task
reflection supplying a precursor to the persistent lifecycle defined in Section 2. Promptbreeder
extends the mutable state to the prompts that generate further mutations [18]; repository-level
systems such as the Darwin Gédel Machine extend it to the agent’s implementation, using empirical
evaluation and an archive of alternatives [19]. The locus of revision can therefore move from
guidance for a fixed executor to the machinery that implements execution and subsequent updates.

Harness RSI brings these developments together around a concrete question: what learned state
does the next run inherit? Keeping the task model fixed makes instructions, memories, workflows,
and executable components available for separate inspection and revision. The historical continuity
lies in making problem-solving procedures revisable; the contemporary form uses model-generated
proposals and execution feedback to maintain those procedures as external state. The following
subsections and Section 4 distinguish the resulting update targets and their lifecycles.

3.2 Instructions and Prompts

The first target is text supplied directly to the base model: system instructions, prompt templates,
few-shot demonstrations, and mutation specifications. Updating these artifacts changes the context
that steers token generation, not the native tools, scheduling policy, or host runtime [20]. The
effect is therefore behavioral rather than enforceable: an instruction can shift output tendencies,
but it cannot by itself impose a runtime invariant, rigid schema, or execution boundary.

Score-guided search. Black-box prompt search evaluates candidate instructions through task
scores. APE samples instructions from input—output examples, while OPRO conditions its
optimizer on a history of scored candidates [21, 22]. The score identifies promising candidates,
but supplies little information about which instruction caused a failure. Search must infer a useful
revision from the candidate text, examples, and evaluation history available to it.

Trace-guided revision. Execution traces expose intermediate decisions and failures that a final
score leaves unexplained. ProTeGi uses critiques to guide prompt edits, TextGrad propagates
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Figure 4 Harness update targets and the operational update loop. Under a fixed base model, interpreted
targets comprise instructions and prompts, persistent memory and reusable procedures, and workflow
specifications enacted by fixed host components. Executable targets cover tools and code patches, repository
and runtime logic, and plugin implementations and compositions. The first two describe mutation scope;
plugin interfaces organize binding and replacement across these scopes. Callable tools and bounded patches
share a fixed surrounding executor. The lower panel connects execution feedback, proposal, admission,
persistence and deployment, and downstream reuse. Accepted revisions govern later executions, whose
rollouts inform further revisions. Persistence and deployment alone establish neither operational activation
nor improvement.

textual feedback through a computation graph, and GEPA uses execution feedback to evolve
complementary prompts [23-25]. Trace likewise organizes optimization around graph-structured
computations [26]. These methods give the proposer evidence about where a procedure failed,
so it can revise the instruction associated with that failure. Related methods adapt optimizer
prompts, domain-specific prompts, and long-lived system instructions [27-29].

Updating the proposer. Promptbreeder co-evolves task prompts and the mutation prompts
used to revise them; later variants guide mutation directions or compare candidates through
tournaments [18, 30, 31]. Retaining a useful mutation prompt changes how later candidates are
generated. This adds adaptation to the search procedure, while the resulting task instructions
remain text interpreted by the fixed model. Most prompt optimizers freeze those instructions
after search; operational self-evolution also retains the mechanism that revises them from later
experience.

Carrying prompt revision into continued operation creates a context-management problem.
Accumulated instructions consume attention and inference resources and can reduce retrieval
precision as context grows [32, 33]. Curation and external memory address this accumulation; the
following subsection examines how systems maintain guidance beyond a single prompt.

3.3 Context, Memory, and Reusable Procedures

Persistent memory stores experience-derived guidance outside the immediate context window and
retrieves it into later runs. Its contents range from episodic reflections and cross-task strategies
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to playbooks and reusable skill files [11, 34]. The learning problem includes both forming these
entries and deciding which ones to retain and retrieve.

Forming reusable guidance. The intended reuse horizon distinguishes early memory systems.
Reflexion stores feedback for another attempt at the same task [8]. ExpeL and Agent Workflow
Memory extract insights or recurring sub-goal procedures for reuse across tasks [6, 35]. Trace2Skill
and SkillClaw package experience as modular skill documents [36, 37], making the reusable unit a
procedure that can be maintained within a larger library.

Reusable guidance can span domains or remain tied to one environment. Agent KB and
ReasoningBank retain cross-domain experience or reasoning strategies [38, 39]; software-repair
memories retain repair outcomes and repository structure [40, 41]. EvoRepair scores and reuses
vulnerability-repair experience across long-horizon repairs under a fixed executor [42]. Work
on behavioral-rule transfer tests whether extracted guidance remains useful outside its source
setting [43]. Repository-specific skills make a different choice: gskill learns Markdown documents
containing a codebase’s conventions, testing patterns, and modification procedures from executions
on generated repository tasks [44]. The reusable knowledge is tied to the codebase even when a
different agent reads it.

Turning an episode into a procedure requires choosing which details to preserve and when
the resulting guidance applies. Memp compares storing successful trajectories, abstracting them
into natural-language scripts, and pairing the scripts with the original trajectories; its update
policies include filtering new entries by successful execution and revising a retrieved memory
using the error trace from a failed attempt [34]. CODESKILL separates task-level strategies
from event-driven instructions for recurring command errors or test-output patterns. With
the downstream coding agent frozen, its trained manager revises a skill’s trigger conditions or
instructions, then adds the candidate, merges complementary guidance, or rejects redundant and
weakly grounded candidates [45]. SkillForge instead mines historical support tickets into branching
handling procedures with tool guidance and escalation fallbacks. Later failures are aggregated and
mapped to missing, insufficient, or incorrect passages in the skill; its optimizer makes targeted edits
under an instruction to preserve existing working content [46]. These approaches retain different
units of procedural knowledge: an example with an abstraction, a condition-linked instruction, or
a domain workflow that can be repaired at a specific branch.

Maintaining the library. As experience accumulates, the updater must decide what to add, revise,
combine, or remove. Dynamic Cheatsheet and Agentic Context Engineering (ACE) rewrite and
consolidate accumulated strategies, while SkillOpt, SkillOpt-Lite, and Meta Context Engineering
(MCE) search revised skill sets or archived candidates before replacing the active library [47-52].
Admission can be separated from the rule that generates these revisions. VALVE uses a statistical
gate over paired outcomes on a fixed validation panel [53]; Janus wraps an existing updater and,
when a candidate deviates from the recent update direction, compares the previous and candidate
memories on coverage, boundary, and fresh tasks before deploying either [54].

Maintenance can also change how procedures are organized. GSE consolidates trace-local
proposals and updates a graph of dependencies, co-usage, and conflicts alongside skill contents,
so revising one procedure can trigger changes to related ones [55]. MUSE-Autoskill keeps usage
notes with each skill and supports refinement, merging, and pruning from the active catalog [56].
Its skill packages may also contain executable scripts; the instructions and notes are interpreted
state, while revisions to those scripts cross into the executable targets of Section 4.1.

Library optimization can also target compression or competing objectives [57-59], or constrain
revisions through specifications [60]. Changing the machinery that maintains the library crosses a
different boundary: MemEvolve’s outer loop rewrites the code that encodes, stores, retrieves, and
manages memories, which we classify with the executable targets of Section 4.1 [61].
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Use in later runs. Project memories and file-based skills also persist across sessions in deployed
coding agents [62-65]. Engineers may maintain such rules manually by codifying accepted review
comments [66]; this is configuration under Section 2, rather than algorithmic self-evolution.
Measurement studies examine how generated skills are used and which management choices
affect outcomes [67, 68]. Whether authored by people or generated by a loop, the stored
guidance is interpreted probabilistically [69]: a useful skill may go unretrieved or be ignored after
retrieval [70, 71]. Stale strategies and prompt-injection payloads can persist through the same
mechanism [72, 73], making conflict detection and regression checks part of library maintenance [54].

3.4 Agentic Workflows and Topologies

Workflow and topology targets specify how fixed model and tool components coordinate across
multiple steps: role allocation, communication graphs, conditional routing, and verification or ter-
mination cycles [74, 75]. We restrict this category to coordination specifications enacted by a fixed
orchestration framework. Whether represented as text, graphs, or code, the mutable specification
determines task decomposition, communication, routing, and stopping. Node implementations,
tool interfaces, and the orchestration framework remain fixed.

Searching coordination. Workflow methods expose different coordination choices to search. DSPy
optimizes prompts and demonstrations within a programmer-defined pipeline; MIPRO jointly
searches these choices across pipeline stages [20, 76]. GPTSwarm learns connections between
fixed operations, Mass searches prompts and communication topologies, and MaAS samples
query-dependent architectures from predefined operators [74, 75, 77]. AFlow searches code that
composes reusable operators [9]. Its code changes their arrangement and prompts while leaving
operator implementations fixed, which places it on the interpreted side of the taxonomy.

AgentSquare and Symbolic Learning extend workflow search into module or tool implementation:
AgentSquare generates new modules as it searches compositions, and Symbolic Learning jointly
revises structure, prompts, and tools [78, 79]. Their primary placement here follows their
contribution to workflow optimization; their generated implementations cross into the executable
surface of Section 4.1.

Feedback and persistence. The feedback horizon determines whether a searched workflow be-
comes continuing operational state. SEW mutates prompts and topology across alternative
representations, and JudgeFlow uses outcomes and block-level diagnoses to revise sequences, loops,
and conditionals [80, 81]. RHI revises roles, instructions, communication contracts, and interaction
hops within one task episode [82]. Meta-Team carries experience across tasks in retained prompts,
teammate profiles, collaboration notes, and coordination rules [83].

Most workflow methods export a pipeline or revise it within one optimization episode. In
Meta-Team, later tasks inherit coordination state and contribute experience to its next revision.
This continuity depends on what the system retains and updates after search.

Instructions steer individual model calls, memory preserves experience for later retrieval, and
workflow specifications organize coordination among fixed operations. Across these targets, the
inherited state changes what the existing executor is asked to do. Section 4 turns to changes in
the implementations that supply those operations and enact their coordination.

4 Executable Update Targets

Executable updates change tools, middleware, control programs, repository code, or runtime
component bindings [12]. We organize them by component implementations, repository and
runtime logic, and plugin implementations and compositions. The first two describe the scope
of revision: a bounded component or the control program that coordinates several harness
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functions. The third describes how implementations are exposed, bound, and replaced through
declared interfaces, and can support either scope. A work is placed by its main contribution, with
overlapping mutable surfaces described where they matter to its operation.

4.1 Tools and Code Patches

A callable tool, function, or designated component file gives the update loop a bounded executable
target. Keeping the surrounding executor fixed makes testing and rollback local to that unit,
although faults can still propagate through its outputs or shared state.

Tool synthesis. Callable-tool systems turn successful execution into independently invoked code.
Synthesized functions may be retained for later retrieval or composition while the scheduler
and tool-loading machinery remain fixed [7, 84]. FlowEvo makes the boundary with Section 3.4
explicit: it compiles a successful workflow into a validated callable artifact, stores it in a persistent
skill bank, and later either executes it directly or supplies its structured description to workflow
generation [85]. The first route is an executable update; the second remains an interpreted use
of the same record. Live-SWE-agent provides the contrasting lifecycle: its generated Bash and
Python tools are discarded with the task container, so it demonstrates tool synthesis without
persistent harness evolution [86].

Component revision. Bounded patching systems diagnose failures and revise declared components.
Agentic Harness Engineering (AHE) uses runtime observability to identify local code or configura-
tion changes; related methods constrain edits through placement rules or workspaces covering
tools, middleware, memory, prompts, and subagent configuration [87-94]. GUI-HARVEST uses
repeated executions of a task to identify recurring failure modes and records an edit’s predicted
behavioral effect before testing it [95].

MemEvolve exposes a memory provider’s encode, store, retrieve, and manage implementations
to its outer update loop [61]. The mutable object is thus the code that manages experience,
rather than the memory entries reviewed in Section 3.3. Bounded edits can also probe the limits
of harness adaptation: a long-horizon planning study uses them to distinguish process failures
repaired by the harness from failures addressed by weight training [96].

Admission and composition. Admission and bookkeeping vary within this common mutation
boundary, from regression checks and separate validation tasks to file-level rollback. HarnessBank
maintains an explicit record: candidates are held in an archive partitioned by semantic descriptor,
each must declare the trace beacon its patched path emits, and the evaluation code itself sits
in a kernel candidates cannot modify [97]. Sections 6.2.1 and 6.2.2 take up the kernel and the
beacon as evidence requirements. CHASE changes what the gate asks: a Challenger proposes
benchmark-protocol transformations intended to destroy the candidate’s gain over the parent
rather than its raw score, and a patch is admitted only if its gain survives every transformation
confirmed into the archive [93].

Some systems revise interpreted and executable artifacts together. AgentSquare and Symbolic
Learning generate modules or tools alongside the workflow changes described in Section 3.4 [78, 79].
ReCreate edits roles, processes, tools, and memory at textual and code levels, while keeping
execution-environment and system-infrastructure adaptation outside its scope [98]. RoboPhD
co-evolves a deterministic Python database-analysis tool and model-readable SQL instructions; its
deployed package no longer depends on the evolutionary infrastructure [99]. These systems show
how a bounded tool implementation can complement guidance interpreted by the model.
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4.2 Repository and Runtime Logic

This category makes the end-to-end control program mutable. Unlike a local patch whose enclosing
interfaces remain fixed, an update may cross component boundaries and revise context construction,
tool dispatch, verification and recovery, the agent loop, or the code that proposes later changes.
The update boundary spans several harness functions, whether the substrate is a single program,
a multi-file repository, or live process memory.

Whole-program search. One mechanism synthesizes a complete control program inside a fixed
outer search loop. ADAS uses a fixed meta-agent to generate agent forward implementations
and retains evaluated candidates in an archive [100]. Meta-Harness gives an external coding
agent the source, scores, and traces of prior candidates and asks it to synthesize a complete
task-specific harness program [101]. RRSI regularizes the same search with annealed edit budgets,
leakage screening, and noise-adjusted acceptance floors, trading gain on the evolution set for
out-of-distribution transfer [102]. All three are offline antecedents in the sense of Section 2: their
output is an executable harness selected for later deployment, while the deployed harness does not
continue updating from new task experience.

Repository revision. Versioned-repository methods retain implementations from which later
revisions can branch. SICA exposes its multi-file Python codebase, including tools, subagents, and
control flow, to the best archived agent [10]. The Darwin Gédel Machine (DGM), DarwinX, and the
Huxley-Godel Machine (HGM) preserve alternative lineages for selection and inheritance [19, 103,
104]; Group-Evolving Agents lets selected parents share patches, tools, and execution experience
before producing framework-level revisions [105]. The archive supports future search, while
promotion determines which candidate actually becomes the runtime.

Promotion mechanisms include release-candidate regression, reviewed commits, health-checked
container replacement, and validation before a merged program is broadcast as shared state [106—
109]. MOSS rewrites routing, hooks, state management, and dispatch code, then requires a health
check and human authorization before replacing the running container. VERSE also makes the
optimizer mutable: it revises the executor’s harness and its own prompts, tools, hooks, and notes,
with execution checks on draft edits and both models’ weights fixed [110].

Runtime revision and persistence. Runtime updates can also act directly on the running process.
Godel Agent uses monkey patching to replace decision methods, action spaces, and modification
routines in live Python memory; the revised methods govern later decision steps but disappear
when the process ends [111]. TTHE instead evolves executable harness programs from execution
traces and carries the selected program into subsequent inputs, so it is persistent across test-time
rounds rather than merely an ephemeral interface change [112].

Life-Harness combines environment contracts and model-readable skills with executable action
realization and trajectory regulation, then freezes the runtime interface for evaluation [113].

Runtime adaptation in HarnessOpt. HarnessOpt extends SkillOpt-Lite from editing a skill docu-
ment to revising allowlisted harness scripts, with candidates checked in an isolated subprocess [50].
Its spreadsheet-agent analysis identifies different bottlenecks across models. Incomplete observa-
tions and weak final checks prompted wider spreadsheet previews and a dedicated output-inspection
step. For models caught in repetitive reasoning after a tool failure, an interception policy retries
with a lower reasoning-effort setting. The revisions change what information the model receives,
how it checks completion, and how execution continues after failure. They complement a retained
skill by changing the conditions under which its procedure is carried out.
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4.3 Everything Is a Plugin

Plugin-based harnesses place executable components behind declared interfaces and lifecycle
hooks [12, 114]. An update may change a plugin’s implementation or the composition that binds
tools, memory, providers, agent loops, and verifiers into the runtime. These bindings select which
implementation supplies a service, such as memory retrieval or tool dispatch, rather than only
arranging fixed operators in a task-level graph. A fixed kernel governs the available interfaces,
dependency checks, and mounting and replacement operations.

Composition and admission. DeepSeek Harness’s Fverything Is a Plugin (EIP) architecture gives
this design a concrete form. Agent capabilities are plugins, while the Cordis kernel manages
their mounting, unmounting, and dependencies; append-only records support checkpointing
and replay [16, 115]. Feedback-driven systems use plugin interfaces to revise implementations
or compositions under typed hooks, dependency constraints, and activation checks [116-119].
HarnessX, for example, checks hook types, singleton constraints, and smoke tests before committing
an AEGIS-proposed configuration. These systems add proposal and admission policies to the
substrate’s operations for binding and replacing components.

Runtime composition in DSH Everything. DSH Everything makes the binding between a capa-
bility and its executable implementation an explicit update target [120]. In its Codex reference
patches, a common capability view supplies both the tool declarations shown to the model and the
routes used to execute its calls. Each model request captures a stable snapshot, so calls produced
by that response use the versions declared when the request was made. Catalog replacement checks
the expected version before committing a new set of bindings, which becomes available to the
next step. This lets the available capabilities change during a session while the native agent loop
remains fixed. The example implements the catalog and binding mechanisms; the surrounding
protocol assigns candidate generation, isolated validation, worker activation, evaluation, and
promotion to an external runtime.

Validation and recovery. Declared interfaces make compatibility and replacement easier to check.
Behavioral interactions still arise through outputs and shared state, so a candidate must be
assessed in its intended composition. Checkpoints and dependency reconciliation support recovery
within runtime-managed state [115]; external actions require pre-execution checks or, after an
effect has occurred, compensation. These operational responsibilities connect the plugin boundary
to the reuse and deployment choices in Section 9.

The update target is the machinery used to perform tasks. Harness-of-Harness instead revises
the task’s software deliverable while keeping its harness-model configuration fixed [121]. Mutation
scope and persistence vary independently within these targets. Repository and runtime logic alone
illustrates the range: ADAS, Meta-Harness, and RRSI select programs offline, MOSS promotes
revisions into a running container, and Gédel Agent’s live patches disappear with the process. A
comparison therefore needs to identify both the editable surface and the lifecycle through which
an accepted change reaches later execution.

5 Theory of Harness Self-Evolution

We examine harness RSI from two theoretical perspectives: optimization and generalization.
Turing-complete harness languages can express arbitrary computable control logic in principle,
although interfaces, permissions, and resource budgets constrain deployed systems. Expressivity
alone does not explain how to find a useful program or establish that it helps. Many reviewed
methods perform derivative-free search over discrete harness state, using objective evaluations and
rollout feedback to guide revisions (Section 5.1). Continual harness evolution then raises questions
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of generalization and knowledge retention, for which PAC learning and its continual-learning
formulations provide useful theoretical foundations (Section 5.2). Recent work makes these limits
explicit: Harness Evolution as Learning studies approximation, generalization, and optimization
constraints, while Reliable Self-Evolution derives adoption conditions whose ceiling depends on
verification and evaluation cost [122, 123].

5.1 An Evolutionary Perspective on Harness Search

Harness self-evolution can be understood through the evolutionary algorithm (EA) framework of
representation, variation, evaluation, and selection. A candidate encodes an executable harness
configuration, which may include instructions, tool interfaces, control flow, or reusable skills. Exe-
cution on a collection of tasks supplies empirical fitness, while an optimizer proposes modifications
and decides which candidates to retain. Empirical fitness supports selection, while traces, diagnos-
tics, and natural-language critiques can guide proposal generation. These methods generally do
not differentiate task performance through the discrete prompt, workflow, or code edit. The EA
framework captures shared search structures without reducing the available feedback to a scalar
or asserting that every harness update implements an evolutionary algorithm. For skill evolution,
the search can operate on an individual skill or a skill library within the surrounding harness.
Table 3 organizes these methods by the evolutionary paradigms and mechanisms they instantiate
or resemble. We use the broader EA framework because the surveyed methods include evolution
strategies, archive-based program search, and quality-diversity search, beyond conventional genetic
algorithms. The categories are not mutually exclusive: a system may combine one selection
strategy with several variation and resource-allocation mechanisms.

The simplest correspondence is elitist single-offspring search: a candidate is generated from the
incumbent and replaces it when evaluation indicates an improvement. MCE explicitly adopts
a history-informed (1 + 1) evolution strategy [51], while SICA, SkillOpt, SkillOpt-Lite, and the
skill-refinement path of SkillClaw exhibit related selection structures [10, 37, 49, 50]. These
methods differ in how they generate edits and use feedback, but share the principle of retaining a
preferred incumbent across iterations. Self-Harness extends this pattern by proposing multiple
edits from a common incumbent and evaluating them before promotion [87]. Its search therefore
resembles an elitist (1 + A) scheme, although merging several compatible accepted edits differs
from selecting a single survivor in canonical (1 + A)-ES.

Archive-based methods broaden the search beyond the current incumbent. DGM, DarwinX, and
HGM retain candidate programs and organize subsequent exploration through parent selection,
modification, and lineage expansion [19, 103, 104]. Their correspondence is to evolutionary search
over programs; this does not imply the use of classical tree-based genetic programming operators.
HarnessBank further structures its archive using semantic descriptors and competition within
cells, following a MAP-Elites-style quality-diversity design [97]. This organization preserves
candidates addressing different mechanisms instead of ranking the entire archive solely by one
global score. HGM adds a complementary mechanism: Thompson sampling allocates lineage-
expansion and candidate-evaluation budgets, coupling evolutionary search with bandit-based
resource allocation [104].

Variation also differs from conventional fixed mutation and crossover operators. In these
systems, language models can use execution traces and failure diagnoses to propose targeted
changes to natural-language instructions or executable code. Recombination combines content
from different candidates, as in DarwinX, MCE, and HarnessCompass, or merges compatible
edits, as in Self-Harness [51, 87, 89, 103]. The strength of this correspondence depends on the
surrounding search procedure. For example, Trace2Skill consolidates trajectory-derived patches,
which resembles recombination at the level of information reuse, but patch consolidation alone
does not establish a complete evolutionary selection loop [36]. Similarly, HarnessCompass’s
component-wise optimization and subsequent combination resemble cooperative coevolution, while
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lacking an explicit implementation of independently evolving subpopulations [89].

Selection need not reduce candidate quality to a single task score. Meta-Harness considers
performance—cost trade-offs, while Self-Harness requires non-degradation on both held-in and held-
out splits and improvement on at least one [87, 101]. SkillMOO applies the same principle one level
down, selecting among skill sets under several competing objectives rather than one [58]. Meta-
Harness and SkillMOO consider competing objectives, while Self-Harness applies a dominance-like
acceptance condition across evaluation splits. These are correspondences at the selection level,
rather than evidence that the systems implement a complete algorithm such as NSGA-II. Together,
the mappings in Table 3 distinguish how systems generate variation, preserve alternatives, and
allocate evaluation effort. They also expose a shared limitation: evolutionary selection operates
on observed fitness, so retaining an empirically better candidate does not by itself establish
improvement on unseen tasks or preservation of earlier capabilities. The following subsection
examines these generalization and retention requirements.

5.2 Generalization and Retention from a Continual PAC-Learning Perspective

Evolutionary search explains how harnesses achieve higher empirical fitness, but empirical selection
alone does not establish improvement on unseen tasks. Successive revisions must also preserve
previously acquired capabilities. The continual PAC-learning framework motivates studying these
requirements jointly [124]. We use this perspective to distinguish sample stability, historical
retention, and reliable candidate selection. The bounds below give sufficient conditions under
explicit sampling assumptions; they do not establish PAC learnability of the surveyed systems.

Continual refinement and its scope. Let X} contain the complete evolution state after round
k, including the current harness, skill library, candidate archive, and feedback memory, and let
Hj, = Deploy(Xy) denote the resulting executable system. Write X = Ag(Xk_1, Dg; Ux), where
Dy contains ny independent tasks from D and Uy represents auxiliary randomness and any
external evaluation samples. For the stability argument, task draws are independent within and
across rounds, the distributions are exogenous, and auxiliary random sources are independent of
these draws. Feedback generated from a task remains part of the evolution process, rather than
an independent observation. We hold the backbone model and evaluator fixed and use a bounded
task loss ((H, z) € [0, 1], averaged over execution randomness. Define

Ry(H) = Boup ((H,2),  By(H) = ni S U(H, 22) (4)
S =1

This formulation covers both skill updates and broader harness changes. Adaptive curricula, such
as Voyager’s [7], require an extension of the exogenous-sampling model, or a separate evaluation
stream.

Stability and reusable structure. Algorithmic stability relates sensitivity to individual observa-
tions to generalization [125]. Let H ,gs’z) be obtained by replacing z;; with an independent task
from D, and rerunning the entire downstream evolution process with coupled random sources. In
particular, later feedback, archive contents, and selection decisions must be recomputed. Define

1 o EX)
Bok = — B [[U(Hy, 250) — (H 22)

S i=1

. s<h (5)

A replace-one exchangeability argument then gives

[E [Ry(Hy) = Ro(H))| < Bo (6)



Table 3 Harness and skill optimization methods mapped onto evolutionary algorithm paradigms. Mapping
rationale and scope states what each correspondence rests on and where it stops: a method appears in a
row when its search exhibits that paradigm’s structure, which is weaker than implementing the algorithm.
Rows are not mutually exclusive, so a method may appear in several. Section 5.2 takes up the limitation
they share, that selection acts on observed fitness.

EA Paradigm /
Mechanism

Mapping Rationale and Scope

Representative Methods

Elitist (1 + 1) search /
evolution strategies

Elitist (1 + \)-style
search

Archive-based
evolutionary
program search

Recombination /
crossover

Quality-diversity /
MAP-Elites

Cooperative
coevolution

Pareto selection in
multi-objective EAs

Bandit-guided
evolution

A single candidate is compared with the
incumbent, retaining the better solution. MCE
explicitly adopts a history-informed (1 + 1)-ES;
the other methods share its selection structure.
For SkillClaw, this mapping applies to
refinement of existing skills.

Multiple edits are proposed from the same
incumbent and evaluated before acceptance.
Merging compatible accepted edits differs from
canonical (1 + A)-ES survivor selection.

Programs serve as evolving individuals. Parent
selection, code modification, and lineage
retention organize the search. This is a
program-level EA correspondence, rather than
evidence of classic tree-based GP operators.

Complementary content from prior candidates
is combined. MCE explicitly defines agentic
crossover. Trace2Skill provides only a
patch-consolidation analogy, without a complete
evolutionary selection loop.

Semantic descriptors partition the archive into
cells, with elites retained within each cell.
HarnessBank explicitly draws on MAP-Elites,
while modifying parent selection and adding
verification gates.

Component-wise optimization followed by
combination resembles cooperative coevolution.
The correspondence is limited: independent
evolving subpopulations are not explicitly
maintained.

Performance—cost frontiers or multi-criterion
acceptance gates resemble Pareto-based
selection. This is a selection-level
correspondence, not an implementation of a
complete multi-objective EA such as NSGA-IL

Thompson sampling allocates lineage-expansion
and candidate-evaluation budgets, combining
evolutionary search with bandit-based resource
allocation.

SICA [10]; MCE [51];
SkillOpt [49];
SkillOpt-Lite [50];
SkillClaw [37]

Self-Harness [87]

DGM [19]; DarwinX [103];
HGM [104]

DarwinX [103];
HarnessCompass [89];
Self-Harness [87];

MCE [51]; Trace2Skill [36]

HarnessBank [97]

HarnessCompass [89]

Meta-Harness [101];
Self-Harness [87];
SKillMOO [58]

HGM [104]
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This controls the absolute value of the expected signed gap, not the expected absolute gap or a
high-probability deviation. Trace2Skill’s aggregation of trajectory-local lessons [36], SkillOpt’s
structured refinement [49], and PolySkill’s polymorphic abstraction [84] are consistent with
seeking reusable structure. However, abstraction and small edits do not themselves bound 3, j:
a single observation can still change a shared rule or the selected lineage. Establishing stability
requires algorithm-specific analysis; task-replacement experiments provide an empirical sensitivity
diagnostic, rather than a proof.

Retention requires controlling accumulated regressions. Generalization and retention are distinct.
Define F;, = Rs(H}y) — Rs(Hs), where positive values indicate forgetting and negative values
indicate backward transfer. Equation (6) implies the decomposition

ER,(Hy) < ER(H,) + fss + EF . (7)

This is not a retention guarantee unless forgetting is separately controlled. For example, if each
subsequent update satisfies Rg(H,) — Rs(Hy—1) < €54, then telescoping gives

k
Fs,kg Z Esu- (8)
u=s+1

Thus, even small tolerated regressions can accumulate. Self-Harness uses split-wise non-degradation
checks [87], HarnessX tests previously passing tasks and isolates variants [116], and AHE uses
execution evidence to identify and roll back harmful changes [90]. These mechanisms address
empirical retention, but historical replay alone does not certify the population inequalities in
Equation (8). A stronger protocol allocates explicit regression budgets to historical task groups
and assesses them with appropriate uncertainty control. It must evaluate the deployed composition:
independently successful edits can interact after merging, and variant isolation still depends on
the behavior of the shared router.

From empirical selection to confidence-adjusted acceptance. Let Ry(H) =k~ 'S*_| R,(H) be
risk on the uniform historical mixture. Suppose round k constructs at most K candidate harnesses
before accessing a fresh validation set Vi of m independent tasks from this mixture. Conditional on
the preceding history and the constructed candidates, V}, is independent of candidate construction.
For candidate H’, define

A(H') = Ry(H') — Ri(Hp—1),

Bu(H) = = 3 [(H2) ~ (1. 2). ©)

z2eVy

Each paired difference lies in [—1, 1]. Hoeffding’s inequality [126], conditional on the history, and
a union bound over at most KT' comparisons, where 7' is the number of rounds, imply that, with
probability at least 1 — §, simultaneously for every evaluated candidate and round,

AR(H') < A(H') + mn(ff/é) (10)
Accepting a candidate only when the right-hand side is negative therefore certifies improvement
on that round’s mixture, under these assumptions; otherwise the incumbent can be retained. In
the terms of Section 6.1, this is the improvement claim with its three indices set: the reporting
tasks are fresh draws from the uniform historical mixture, the baseline is the incumbent Hj_q,
and the round is the one at which the candidate is accepted. Here the same tasks Vj decide
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admission and report the gain, which the selection condition rules out for an uncorrected score;
the union bound over K'T' comparisons is what makes this use valid, and reusing Vi without that
correction, or in a later round, would not be. This sufficient condition is conservative, but makes
explicit why a positive empirical gain alone is insufficient. The guarantee applies to the evaluated
candidate, not to an untested merge or a further revision made after inspecting Vj,. Nor does it
imply improvement on every historical distribution, on an arbitrary future distribution, or at any
later round.

HarnessBank provides a concrete step toward uncertainty-aware admission through task-level
paired comparisons and a significance gate [97]. However, its screening tasks are sampled from
the training set, and its stated per-comparison threshold does not establish the fresh-data and
simultaneous error control assumed in Equation (10). SkillOpt and SkillOpt-Lite gate updates
using validation gains [49, 50], while MCE stores validation results in its evolutionary archive [51].
Such feedback makes admission adaptive. Similarly, Self-Harness’s fixed held-out set influences
later candidates through repeated promotion decisions, even though its task contents are hidden
from the proposer. Reusing a holdout in this way requires an adaptive-valid analysis or a controlled
reuse mechanism [127]; a union bound alone does not restore the missing independence.

Lack of a per-round certificate does not invalidate evaluation on a separate, untouched final test
set. HarnessBank and MCE’s offline protocol report such a separation, and SkillForge reserves a
final temporal partition for evaluation [46, 51, 97]. These protocols provide evidence about the
final system under the evaluated test conditions, rather than certifying every accepted update.
Temporal tests additionally require care when interpreting results under distribution shift.

What these guarantees measure. The independent unit is a task, not an individual rollout:
repeated executions of the same task can reduce execution noise but do not create new independent
tasks. Equation (10) also holds for unbiased bounded estimates of each paired loss when task
clusters are independent. Correlated user sessions or support tickets require corresponding
grouping or a dependence-aware analysis, and non-additive metrics require their own concentration
arguments. Finally, validation only assesses the specified loss. Fresh tasks do not prevent
exploitation of a misspecified evaluator. If evaluator risk differs from target risk by at most 7 for
both a candidate and its incumbent, the upper bound on their target-risk difference requires an
additional 27 term. Estimating or bounding this discrepancy requires external evidence, such
as executable checks or independent human review. Overall, reliable evolution needs reusable
updates, historical coverage, and selection-aware evaluation; none alone establishes all three.

6 Evaluating Harness Self-Evolution

Evaluation serves two roles in harness self-evolution: it ranks and admits candidates inside the
update loop, and it supplies evidence about the resulting system. Using the same feedback for
both can make a selected gain look like an independently measured one. Even with separate
reporting tasks, a comparison must account for how the harness changes execution: recent studies
find substantial performance differences under a fixed model and show that published comparisons
often leave the harness uncontrolled [128-130]. For continued adaptation, evaluation must also
follow what happens to a gain as later tasks and updates change the harness.
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6.1 Four Claims Behind a Task Score

A reported gain raises questions about both the evidence used to estimate it and the mechanism
credited with producing it. We distinguish selection, activation, attribution, and improvement,
summarized in Figure 5.

Four Claims Behind a Task Score

» Selection: The reported number is an unselected estimate, or its inference accounts for
selection. For an uncorrected estimate, no outcome on the reporting tasks fed the proposal,
the ranking, the admission, or the choice of which round and configuration to report.

» Activation: The accepted update operated in the runs that produced the number. It is
read from execution records, not scores, at three grades: available, reached, and carried.

» Attribution: The difference came from the update, not from execution variation, a larger
inference envelope, or a changed evaluator. It needs arms that differ only in the update,
a controlled envelope, and a margin beyond measured execution variation.

» Improvement: The difference holds away from the conditions that produced it. Three
indices locate it: distance from the tasks that formed the update, baseline, and round.

The required evidence depends on the claim. Crediting a gain to a particular accepted component
requires activation and attribution; extending that gain beyond the tasks that formed the update
also requires improvement. A frozen final-state comparison can estimate overall performance
against a baseline without tracing individual components. Selection and attribution determine
whether a positive difference can be credited to the evolved state under the tested conditions; the
improvement claim specifies how far that difference extends. Evidence about the final state does
not certify every update on the path to it.

Task distance describes how reporting tasks relate to those that formed the update: held-out
tasks test generalization, while later probes on earlier distributions test retention (Section 5.2).
Selection asks how their outcomes were used. A held-out score that ranks candidates or decides
admission is search feedback; using it to report a gain requires inference that accounts for selection,
as in Section 5.2.

Persistence establishes that an accepted state was saved and loaded by a later run (Section 2);
activation records what happened after loading. A controlled component ablation with an effect
beyond measured execution variation implies that the component operated somewhere, but does
not identify the runs or paths involved. Activation is therefore assessed from direct execution
records, with the outcome difference considered separately under attribution.

6.2 Current Evaluation Practices and Benchmarks

Corpus and evidence coverage. We audit the primary comparison of each method in the two
update-target branches of Figure 3: its headline result against a same-model baseline or pre-update
state. The curated corpus covers work through 8 October 2026, with 93 scored comparisons and
2 methods without empirical evaluation; five additional works read for the audit fall outside its
scope. All four verdicts refer to the same comparison; other experiments are recorded separately.'

Figure 6 summarizes evidence coverage, and Table 4 gives the per-method verdicts. Activation
requires direct records of at least one identified update reached or carried in scored runs, with
coverage recorded separately. Improvement is graded on task distance only; it does not certify a
positive effect or its persistence. Selection is graded on the uncorrected estimates reports provide.
These criteria describe evidence, and their combined count is not a method ranking: a final-state
comparison need not trace individual components.

! Audit materials provide the rubric, source passages, and coding history.
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Figure 5 Four claims behind a reported gain. Selection concerns how reporting evidence was used;
activation, attribution, and improvement concern the update’s operation, causal effect, and reach. The
lower panel extends these questions across successive updates and separates harness changes from benchmark
refresh. Table 5 specifies the corresponding controls.

The protocols differ in where their evidence enters the loop. HarnessBank separates final
scoring from search, but logs its patch-activation beacons during screening [97]. Self-Harness tests
candidates on tasks hidden from the proposer, yet uses those outcomes for promotion [87]. AHE
replaces individual layers to examine their contributions, without reporting uncertainty for the
resulting margins [90]. These cases motivate the distinctions below: a check can support admission
without establishing final-run activation, independent evaluation, or a lasting gain.

Several recent benchmarks build parts of these claims into their protocol. HarnessOpt-Bench
keeps its test partition out of reach for the whole search and meters the resources the target
agent spends, which covers selection and the inference envelope. HarnessDev and GDPevo score
evolved harnesses on held-out tasks. GDPevo builds those tasks by recombining business rules
spread across its training tasks, to test whether training experience transfers to new combinations.
EvoHarnessBench grows the harness an agent is given and measures whether earlier competence
is retained [131-134].

6.2.1 Evidence for Selection

A task score can guide a proposal, rank candidates, decide admission, or estimate performance. If
the outcomes used for reporting also selected the candidate or the reported round, the uncorrected
gain may overestimate the effect. Selection therefore concerns the history of the reporting evidence;
calling a split “validation” or “held-out” does not establish its independence.

Reporting evidence is used in candidate generation when the reporting tasks generate the
update. This is the case most specific to self-evolution. A loop that reads the failures of its scored
runs and writes a repair from them has used those tasks as a training signal, whatever the split is
called and however the candidate is ranked later. SWE-Exp builds its experience bank from search
runs on the same 500 SWE-bench Verified issues it then scores [40], and MOSS feeds four tasks
into evolution and re-scores the candidate on the same four [108]. No ranking rule or stopping
rule repairs this, because the reporting evidence was already used to generate the candidate. Two
protocols look similar but keep scoring separate from feedback. AWM scores each WebArena task
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Figure 6 Evidence coverage across 93 primary comparisons. (a) Number of criteria met; each outer tick
represents one comparison. Partial evidence can remain when none is fully met. (b) Coverage by criterion;
every row totals 93. Activation records existence with stated coverage; improvement grades task distance.
Counts describe reporting evidence, not overall method quality.

before its outcome may enter the workflow memory, so no outcome reaches the update before it is
scored [35]. Such a number is a valid online measurement of the learning policy, rather than of
one frozen final state; what it lacks is distance from the stream, which the task-distance criterion
grades. Reflexion adapts inside a task from self-generated tests and never sees the benchmark’s
verdict [8]. Its number is also a measurement, but of adaptation within one task, not of an update
carried to new tasks.

Reporting evidence is used for ranking when the reporting partition also orders the candidates.
Offline prompt and workflow search is designed to avoid this: it optimizes on task feedback, ranks
on validation, and reports on a partition touched by neither [9, 25]. Once the reporting partition
ranks, prunes, or guides candidates, the reported score is the best of the pool on that partition.
OPRO shows the instruction with the highest test accuracy, and ProTeGi takes its test figures
from the best of a final beam scored on the test split [22, 23].

Reporting evidence is used for admission when a held-out score enters the promotion rule. This
is harder to see in a persistent loop, because a task set can be hidden from the proposer and still
shape later candidates through repeated admission decisions. Self-Harness promotes an edit only
when its pass count does not fall on either a held-in or a held-out split and rises on at least one,
and it never shows the held-out split to the proposer [87]. The held-out pass count is nevertheless
half of the promotion rule and is consulted every round, so the split is not independent of the
search. The gate tests regressions on tasks withheld from proposal generation; it does not supply
an independent final estimate [135, 136]. Keeping this gate while evaluating the frozen promoted
state on an additional untouched partition would preserve its admission role and supply separate
evidence about the state reached.

Reporting evidence is used to choose what to report when the reported round or configuration is
picked on the reporting tasks. HarnessX reports peak accuracy on its evolution tasks and says itself
that the numbers carry selection bias and potential overfitting, and its own trajectories show how
far a peak can sit above the final state: one configuration peaks at 73.8% and ends its run at 49.5%.
AHE carries forward the round with the highest pass rate on the tasks it evolved against [90, 116].
Reporting the maximum of a trajectory, with no stopping rule fixed in advance, turns the reporting
metric into an objective of the search, and the same happens when a configuration is chosen instead
of a round: SkillOpt’s headline row matches the best rows of sensitivity sweeps run on its reporting
benchmarks rather than its stated default, EGO-Prompt reports the best of three repeated runs, and
APE reaches human level on all 24 instruction-induction tasks after retuning its hyperparameters
and re-running only the five test tasks an earlier version had fallen short on [21, 28, 49].
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Table 4 Evidence-criterion coverage in each method’s primary comparison. v met; o partly met; — not
met, based on the primary source and the criteria in Section 6.2. Act. requires an identified scored-run
instance; Imp. grades task distance. Other experiments are not pooled. Cordis and DeepSeek Harness
report no empirical evaluation and are omitted.

Method Sel. Act. Att. Imp. Method Sel. Act. Att. Imp.
ACE [48] o o o v Mass [75] v o v /
ADAS [100] o o o MCE [51] v/ o o
AFlow [9] v o o / MemCoder [41] o o o o
Agent KB [38] — o o o MemEvolve [61] v/ o o v
AgentDevel [106] o o o v Memory Management [68] v v o o
AgentSquare [78] — o o Memory Transfer [43] v o /
AHE [90] v o MemP [34] o o o v
APE [21] o o v/ Meta-Harness [101] v/ o o v/
Argus [117] o o Meta-Team [33] v o o /
Autogenesis [118] v/ o o o metaTextGrad [27] v/ o o /
AutoSaddler [91] v/ o o v MIPRO [20] v o v /
AWM [35] v o o o ModularRSI [119] v o o /
CHASE [93] v o o MOSS [108] o o
CodeSkill [45] o o o o MUSE-Autoskill [56] v/ o
DarwinX [103] o o OPRO [22] o o v
DEEVO [31] o v / Ouroboros [107] o o o o
DelvePO [30] o v PolySkill [84] — o o o
DGM [19] o o o Promptbreeder [18] v o o /
DSPy [76] — o o / ProTeGi [23] — o o V/
Dynamic Cheatsheet [47] — o o o ReasoningBank [39] v/ o o o
Ecdysis [94] v/ o o v ReCreate [98] v/ o o v
EffiSkill [59] v o v / Reflexion [8] / o o
EGO-Prompt [28] — o o RHI [82] — o o —
Evo-Harness [92] v/ o o o RoboPhD [99] v/ o o
EvolveNet [109] v o o / RRSI [102] v o v /
EvoRepair [42] — o @ — Self-Harness [87] o Vv o o
ExpeL [6] v o v / SePO [29] / o o v/
FlowEvo [85] v v /o SEW [80] o o o V/
Godel Agent [111] o o o v SICA [10] — o o —
GEPA [25] v/ o o Skill Consumption [67] v/ o o
GPTSwarm [74] o o SkillClaw [37] o o
Group-Evolving Agents [105] — o o o SkillForge [46] v/ o o /
GSE [55] v/ o ) v SkillMOO [58] — o v —
GSkill [44] /o o /  SkillOpt [49] o o
GUI-HARVEST [95] o o o o SkillOpt-Lite [50] v/ o o /
Harness Ceiling [96] v/ o o SWE-Exp [40] o o o
HarnessBank [97] v o o / Symbolic Learning [79] o
HarnessCompass [89] — o o — TACO [57] — o o —
HarnessFix [88] v/ o o v TextGrad [24] v/ o o
HarnessX [116] v o Trace [26] v o o /
HGM [104] — o o — Trace2Skill [36] v o v /
Janus [54] — o o v/ TTHE [112] — o o —
JudgeFlow [81] o o o v VALVE [53] v/ o o
Life-Harness [113] v o o V/ VASO [60] o o
Live-SWE-agent [86] / o o — VERSE [110] o o o V/
Living-Harness [52] o o Voyager [7] v/ o o o
MaAS [77] o v o V/

Sel. selection

Act. activation

Att. attribution
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A separate failure occurs when the candidate changes the record used to judge it. Studies of
this failure report patches based on faults that were never observed in execution, direct edits to
verification logic, unreliable self-authored checks, and, in SWE-bench, leaked solutions and weak
assertions [137-140]. An apparent gain then reflects a changed measurement, not a better harness,
and the remedy is structural. HarnessBank keeps its evaluation and bookkeeping code in a kernel
that candidates cannot modify, and HarnessX applies the reference test patch before the model
patch and blocks writes to test files [97, 116].

The remedies for these four forms of evidence reuse are procedural. Protocols reserve reporting
evidence from proposal, ranking, and admission, and either specify the reported round and
stopping rule in advance or account for their adaptive choice. They treat repeated data-dependent
comparisons with anytime-valid procedures [141, 142]. They also collect tasks after a stated cutoff,
although a later release date prevents neither adaptive reuse nor shifts in difficulty [143, 144].

6.2.2 Evidence for Activation

A skill can be loaded into context and ignored, and executable code can be installed without its
path ever being taken. Evidence that an update operated comes at three grades of increasing
strength. None needs a counterfactual run, and each counts only when recorded in the scored runs.

The weakest grade, available, shows that the artifact entered the run. SkillsBench records
whether task-provided skills are read or referenced, Voyager measures whether synthesized programs
are retrieved, and Lin et al. report a skill-load rate over trajectories [7, 70, 71]. An artifact the
agent never acts on also satisfies it, which is why availability alone does not establish use.

The second grade, reached, shows that the changed path executed. Several systems can
record it, but most do so outside the scored runs. Symbolic Learning stores each node’s inputs,
outputs, and tool calls along the executed graph, as the trajectory its training loss is computed
from [79]. AutoSaddler records a trace diff before and after each patch in its optimizer’s diagnosis
sessions [91]. HarnessBank requires each candidate to declare a beacon that fires when the patched
path triggers, and rejects during screening any candidate whose beacon never fires [97]. Its beacons
are logged on the screening subset, and none is reported for the sealed test behind its headline
result. The protocol therefore separates final scoring from search without reporting whether
identified edits operated in those runs. Recording the same beacons during the frozen sealed-test
evaluation, without feeding them back into candidate selection, would connect the mechanism to
that comparison.

HarnessX records this grade in the runs it reports. Each edit declares the trace feature that
must appear if the edit fired, and the declaration is checked against the next round’s traces, which
on its evolution tasks are the reported runs. On the GAIA / Sonnet 4.6 configuration, whose
reported peak is round 11 at 83.5%, a round-10 composite edit declares a call to a named retrieval
tool, and the trace analysis behind the reported round finds that the tool fixed retrieval for most
newly passing tasks [116]. The record covers one of 15 configurations and shows that the edit fired,
not how often across them. HarnessX calls this field an attribution signature. Under our reading it
is activation evidence, and attribution (Section 6.2.3) is a further claim. AHE shows, in rollouts of
the reported round, the token that marks its submit guard as engaged and the shell-layer refusals
that name the protected paths, and Self-Harness pairs its headline run with traces in which the
retained guard shapes the trajectory [87, 90]. Both show cases, not rates over the scored runs.

The third grade, carried, records that the changed path’s effect reached its intended downstream
use. For code supplying information to the model, the output must survive into the model’s
input. HarnessX requires a code-bearing candidate to show, before it ships, that its result remains
present after prompt assembly [116]. This catches a component whose output is dropped or
truncated after its execution beacon fires. Runtime changes can also act through control decisions
or external outputs: a stopping rule may prevent another step, a dispatcher may select a different
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implementation, or a tool may write the final artifact. In these cases, a downstream control
or output record connects the reached path to what execution subsequently did; entry into the
model’s context is not the relevant endpoint.

For an instruction or skill, carried evidence records adherence in the trajectory. Lin et al. score
trajectories against a rubric extracted from the skill text and report adherence separately from
loading. Two agents in their evaluation load skills at almost the same rate, 0.961 and 0.957, while
their trajectories follow the loaded skill at 0.350 and 0.757, with adherence for the weaker agent
falling from 0.52 at loading to 0.13 at the final turn [71]. Output survival and adherence thus
record different downstream uses of an artifact. Both help locate where its influence can enter
execution; attributing an outcome gain requires the controlled comparisons in Section 6.2.3.

The three grades correspond to three rates a report can state next to its task score. For an
update u, let R(u) be the scored executions satisfying a declared applicability rule for u, specified
independently of whether it fired or succeeded. Within R(u), let L(u) be those that load it, B(u)
those in which its declared beacon fires, and C'(u) those in which its effect carried. Then

oad(u) = W) renchu(u) — B
load (u) R’ h(u) Bl )
Carry(u) — |C(u)|/|L(u)|7 interpreted guidance, ( )
|C'(u)|/|B(u)|, executable paths.

For an instruction or skill, carry is the adherence rate Lin et al. report. For an executable path,
carry is conditioned on reaching that path. Restricting R(u) to executions where the update
applies keeps a component intended for rare tasks from looking inert; conditioning carry on entry
separates downstream use from how often the artifact was loaded or reached. A rate is undefined
when its denominator is zero; reports should state the corresponding counts rather than replace it
with zero. Current instruments report less than this. HarnessBank’s gate asks only whether the
beacon fires on any task or attempt, so it separates a candidate that never fires from one that fires
once, but not one that fires once from one that fires throughout [97]. Lin et al’s headline rate is
per trajectory, which hides partial and time-varying adherence; their instruction-level judgments
and phase scores recover part of it [71].

Loading policy can also change how much of a revision’s behavioral effect reaches later execution.
In a separate sandbox study across four agents, a rule revision raises the required-action rate by
+0.23 when the skill is preloaded, but retains about 51% of that action gain on average when the
skill body is available only on demand [145]. This controlled behavioral comparison illustrates
why recording availability and use is informative even when the revised text is unchanged.

6.2.3 Evidence for Attribution

Execution variation, additional inference effort, and evaluator changes can each affect the observed
margin. Attribution requires accounting for these factors in the comparison and, for a component-
level claim, isolating the component through a counterfactual run.

Execution variation. Execution variation is estimated by re-running a frozen state on the same
tasks; repeated runs estimate noise and do not create new independent tasks. The observed
gain must be compared with the variation of the unchanged state, with the unit of replication
stated. Existing reports provide different levels of evidence. DarwinX averages five runs and states
the spread on its main benchmark, adding a paired McNemar test on its held-out split, whose
p = 0.45 it calls suggestive [103]. TACO uses five runs with matched budgets and reports standard
deviations that put its 1.4-point headline margin at about one standard error of the difference, and
AutoSaddler reports the mean and standard deviation of three runs [57, 91]. HarnessBank averages
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three attempts per task and screens candidates against the spread of the paired differences, not
against zero [97]. AHE, Self-Harness, and MOSS run two or three executions per task and report
neither intervals nor paired tests [87, 90, 108]. Spread over judges or evaluator seeds does not
meet the requirement: RHI averages two judges and three seeds while each iteration executes the
agent once, so its spread measures the evaluator, not the execution the update depends on [82].
Neither does spread belonging to a different comparison: ProTeGi repeats its optimization twelve
times but reports the resulting standard error against a competing optimizer at its own budget,
while the headline sets the evolved prompt against the original one, and the main results average
three trials without a spread [23].

A large margin is not a substitute for measured variation. Bounds computed from task counts
depend on assumptions about task independence and covariance between arms, while dispersion
from another model, split, or configuration need not describe the primary comparison. We therefore
credit this condition only when repeated runs, a paired test, or reported raw data distinguish the
primary margin from zero under the stated rubric. Self-Harness reports a large AppWorld gain
but no interval or test, so Table 4 records partial attribution [87]. Similarly, Harness Evolution
Hits a Ceiling reports a held-out gain from 0.164 to 0.297, but the headline pair uses four versus
two rollouts on different nights. Dispersion pooled across other configurations does not establish
uncertainty for this pair, so its attribution criterion is only partly met [96].

Inference envelope. The inference envelope is the compute spent in the runs being compared.
Workflow expansion, retries, critic or verifier calls, extra tools, and larger candidate pools can
all raise the final score. A controlled comparison can estimate the total effect of an update,
including the resources it induces. The stricter attribution criterion used here asks whether the
gain survives control for additional inference effort; it does not treat every total-effect estimate as
invalid. A comparison can handle this by matching the envelope, holding the inference budget
fixed across arms; by adjusting for cost, reporting performance together with resource use or as a
performance—cost frontier; or by declaring the envelope, letting the budget change and reporting
the change. Only the first two control it, since a declared change tells the reader that the budget
may explain the gain, not that it does not. Current practice covers all three. TACO matches
budgets across arms, Meta-Harness and MCE plot accuracy against context tokens as a frontier,
and HarnessX declares per-task inference cost with its gains, which falls by a quarter on one
benchmark and rises by sixty percent on another [51, 57, 101, 116].

Two budgets are easily confused. Search cost, the rollouts and tokens spent finding the update,
belongs to the method; the envelope is the inference compute of the scored runs, and only it can
explain a difference between them. HarnessFix reports 57.6M tokens of offline repair cost, and
HarnessBank keeps its search within 2.1 times that of its baselines. Neither figure says what the
scored runs consumed, and the credited repairs in both add verification or finalization steps inside
the agent loop [88, 97]. DarwinX shows the cost of an envelope that is declared and not matched:
its matched-model pair runs the unevolved baseline at the provider’s default reasoning effort and
the evolved harness at high, and on the six tasks it newly solves its own figure shows the evolved
harness taking twice the turns and four times the tokens. The reported margin is therefore the
joint effect of the new logic and a higher effort setting, and its comparison with Terminus-2 at
xhigh effort does not separate the two, because Terminus-2 differs from the base harness in more
than its budget [103].

Two envelope changes are specific to self-evolution and easy to miss, because neither appears
as an edit to a budget setting: an update that adds retries or verifier calls inside the agent loop
raises the number of model calls per task without changing any declared limit, and an update that
accumulates skills, instructions, or memory lengthens the context, raising the tokens processed on
every later task. The first is compute the unchanged state could also have been given, so it has to
be matched or traded off before the gain is credited to the logic; the second is the artifact’s own
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context overhead. This audit records that overhead as part of the update rather than a separate
competing cause, while requiring it to be declared. A fixed-total-token comparison can additionally
test whether the gain survives a common resource cap. No single cost measure fits every harness,
and the declared envelope should cover whichever resources the update changed [146, 147].

Evaluator. The evaluator is the third confound: the score can move because the measurement
moved. With reward inflation or a co-evolving grader, a higher score may reflect a change in
the stored evidence or in the judge, not in the harness [148, 149]. The corresponding checks are
meta-evaluation against expert annotation and detection of judge drift [150, 151]. HarnessBank
reports that on five domains the mechanism its gate credits matches the dominant failure pathology,
across domains scored by deterministic verifiers and domains scored by a judge, which argues
against a scoring artifact without re-scoring any result under a second evaluator [97].

Counterfactual runs. A counterfactual run changes one component and holds the rest of the
run as stable as practical. AHE swaps each evolved layer into its seed alone and reports each
swap as a single number on 89 tasks [90]. These substitutions ask what a layer contributes to
the seed. Removing that layer from the fully evolved harness would ask a different question, its
contribution in the presence of the other evolved layers; interactions can make the answers differ.
Repeated paired executions under controlled inference budgets would address uncertainty in either
comparison, whereas the reported single margins do not establish whether differences among layer
scores exceed noise. CHASE instead builds the counterfactual into admission, admitting a patch
only when its gain over the parent survives every benchmark transformation a challenger has
confirmed, so the gain is tested against a change of protocol and not only against noise [93].

Two systems go further and check each shipped edit against the next round’s task-level outcomes.
HarnessX records, for each edit, the tasks it should unlock, stabilize, or put at risk, and checks them
against the following round [116]. AHE does the same and reports how accurate its predictions
were: for the tasks an edit would fix, precision and recall are roughly a third and a half, while
for the tasks it would break both stay near a tenth, about twice the random baseline [90]. These
records test whether predicted task-level changes materialize. Their asymmetry suggests that
anticipating regressions is harder than anticipating repairs in this setting; without controlled
comparisons, they do not establish which changes the edit caused. Trace-level checks read the
same evidence for a different question, whether a newly passed task used the intended mechanism
or exploited the evaluator: HarnessX reports three cases its authors file under reward hacking,
including tasks passing by matching format regularities in the verifier, one benchmark’s mean
reward rising while its exact-match rate stayed fixed, and candidates clearing every gate while
their score fell, because the gates check replay, novelty, and structure but not pass rate [116]. All
of this evidence is local to the evaluated tasks and configurations; whether the difference extends
beyond them is the improvement claim.

6.2.4 Evidence for Improvement

Current evaluations test the reach of an update through local failure repair, frozen transfer, or an
online trajectory. These protocols differ in which tasks they cover and when they measure the
evolving state.

Local failure repair asks whether a candidate can re-solve the task that produced the update.
MOSS checks its repairs with execution and recovery evidence on the same four tasks that formed
the update batch [108, 152]. Repair shows that the system operates, but it does not meet the
task-distance criterion, because the originating task has already shaped the candidate and because
re-running only earlier failures benefits from regression to the mean. A stronger repair claim
compares the candidate with its unchanged parent under matched repeated executions and includes
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tasks that previously passed.

Frozen transfer evaluates a selected state without further updates. AHE transfers a harness
evolved on Terminal-Bench 2 to SWE-bench Verified, and Voyager and Expel. test reuse on new
tasks, environments, or domains [6, 7, 90]. AHE’s seed scores 75.2% on the 500 SWE-bench
Verified issues and its frozen evolved harness scores 75.6%; the report does not test the uncertainty
of this 0.4-point difference. This secondary transfer result is separate from AHE’s in-domain
Terminal-Bench 2 headline, which determines its verdict in Table 4.

Online trajectories report outcomes while the harness changes along a task stream. ACE varies
task order, and SICA evaluates successive code mutations with latency and token use in its
utility [10, 48]. A rising trajectory may depend on task order, conceal regressions on earlier tasks,
or reflect growth in context and inference effort. A frozen control and periodic retention probes
help separate these effects from gains that persist beyond the current stream.

6.3 Longitudinal and Dynamic Evaluation

Longitudinal evaluation follows an update beyond its initial comparison. A claim that each
accepted revision helps requires evidence at each transition; a claim that an acquired capability
lasts requires later probes. Both face two changing quantities: the harness state and the task
stream or benchmark. The protocols below establish references for these comparisons, track
retained state, and separate harness changes from benchmark refresh.

6.3.1 Evaluating Successive Updates

When updates follow one another, each transition Hy, — Hy1 depends on earlier rollouts, feedback,
and admission decisions. Outcomes along this history are therefore not fresh, independent evidence
for each later state, and crediting a change to a particular update needs references that do not move
with the agent. The first such reference is the model, which Section 2 assumes fixed. Holding M
fixed is a property of the study, not of the method. A hosted model may be revised, re-quantized,
or re-routed between rounds with no change on the harness side, and a comparison that spans the
change credits Hy,1 with a difference M produced. Pinning a provider version and recording it
with the decoding parameters makes the assumption checkable. Where no version can be pinned,
the model is an uncontrolled input and the report should say so. Table 5 lists seven controls with
the claim each protects and the confound it addresses.

Historical probes must remain outside the update loop to supply independent retention evidence.
Once their results guide later revisions, their reuse requires the adaptive-valid treatment discussed
in Section 5.2. Task-order permutations complement these probes by measuring sensitivity to the
sequence of experience.

6.3.2 Retained State Across Rounds

The state that carries a learned procedure may change during maintenance. MUSE-Autoskill, for
example, can merge overlapping skills and prune failing or unused entries [56]. A procedure may
remain useful in a revised or merged artifact after its original form is removed. Conversely, an
unchanged skill may become harder to retrieve or less likely to be followed as the surrounding
library and runtime change. Later-task probes assess whether the capability remains; lineage and
execution records help identify what now supports it. A claim about the continuing contribution
of a particular update additionally needs a comparison that isolates it within the later harness,
under the controls of Table 5.

Several suites evaluate state carried across task sequences or linked sessions in which earlier
writes affect later work [155-159]. Recording that state alongside outcomes makes the learning
mechanism easier to inspect. ServeLearnBench streams environments whose undisclosed rules
change over time; across learning harnesses and models, it finds that continual adaptation incurs
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Table 5 Controls for evaluating successive updates. Rows are grouped by the claim each control protects.
The second column specifies the records needed to check each control, and the third identifies the confound
it addresses. Citations point to an instance of the control or to evidence that the confound occurs.

Control What to record Confound addressed

Selection: was the number measured or picked?

Evidence Which tasks and signals were used for proposal, Reporting evidence reused by
separation [131, 141] ranking, admission, and reporting, and how the the search.
reported round and configuration were chosen.

Oracle That scoring, verification, and bookkeeping code lie A candidate changing the
integrity [97, 138, 139] outside what a candidate can edit or repeatedly probe. measurement that judges it.

Activation: did the update operate in the scored runs?

Activation For each task and attempt in the scored runs, the An update credited although
record [71, 90, 116] three rates of Equation (11): the artifact was it never operated.
available, its path ran, and its effect carried.

Attribution: did the difference come from the update?

Execution Repeated runs of the frozen state on the same tasks, Noise read as progress.
variation [5, 103, 146] or a paired test over per-task outcomes, with the

margin set against that spread. Spread over judges or

evaluator seeds does not count.

Inference envelope [103, For the scored runs: generated tokens, model and Added inference compute
116, 146, 147] verifier calls, turns, retries, attempts or candidates read as a harness gain.
sampled, and the reasoning-effort setting. Context
added by the artifact and search cost are stated

separately.
Model and evaluator Model identifier and version, decoding parameters, A changed model or grader
record [146, 149, 153] scorer and judge versions, and any change to them read as a harness gain.

during the study.

Improvement: how far does the difference extend?

Controlled histories [154]  Varied task orders, a frozen reference state kept Order effects read as transfer
alongside the loop, probes on earlier distributions the or retention; a gain measured
loop does not control, and a re-measurement of each  once read as lasting.
credited gain several rounds later.

costs and can degrade behavior that was already correct [160].

Work on retirement, voting-based curation, library drift, and contaminated or self-poisoning
updates shows how later revisions change which artifacts remain available and which get se-
lected [161-165]. An activation record at admission therefore needs later checks of retrieval,
execution, and adherence. Rollback also requires checking which state resumes operation: neither
AHE’s file-level reverts nor MOSS’s image rollback on failed health probes reports whether the
reverted state is the one later runs load [90, 108].

Other suites score the artifacts a loop produces, or lengthen the horizon over which it is
observed [166-170]. The count, validity, or diversity of artifacts is evidence that state was
produced, not that it was activated or that it improved anything, and a long horizon by itself
measures neither forgetting nor accumulated cost.

PAST-Bench and FinEvo-Bench compare runs with persistence enabled and disabled [171, 172].
This intervention estimates the effect of the persistence mechanism as a whole. Isolating a
particular stored item’s contribution requires a more local intervention, with execution records
establishing where the item operated.

Several recent studies measure retained performance directly. VALVE freezes its current bank
at step 0 and every ten mixed tasks, scores each frozen checkpoint on the same disjoint 100-task
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panel with three rollouts per task, and reports peak-to-final drawdown. The peak is selected
on that panel, so it is not an untouched final-test estimate [53]. PolySkill revisits its starting
WebArena Shopping tasks after adapting to Amazon and Target and ends +4.9% over ASI, in a
case study separate from its primary online comparison [84]. Both track the later performance of
an evolving state.

Generalization measurements and admission gates answer related but different questions. Agent
Plasticity measures how much experience an agent converts into held-out gains [173]; a study of 21
skills that improved their training tasks finds that five retain all of the improvement on held-out
tasks, thirteen retain part, and three retain none [174]. Self-Harness requires non-regression on
its current evaluation splits, whereas HarnessX checks replay, novelty, and structure without
guaranteeing non-decreasing task scores; neither establishes retention of capabilities outside the
tested conditions [87, 116]. HarnessBank’s retention ratio divides test gain by training gain; it
describes transfer and is not a statistical test or a measure of performance after later updates [97].

The studies above leave a more specific question unresolved: the later causal contribution of
a particular accepted update. AHE notes that one repaired task remains solved through later
iterations, but this does not isolate the retained contribution of the edit that first repaired it [90].
Such an estimate requires later probes on an earlier distribution, together with a comparison
that isolates the credited update within the subsequent harness state. A longitudinal report
should distinguish state carryover, later-run activation, retained performance, and update-specific
contribution, while also recording rollback, adaptive reuse of evaluation evidence, and cumulative
cost.

6.3.3 Benchmark Refresh and Crossed Evaluation

Refreshing tasks limits saturation and direct contamination. It also introduces a second source
of change: candidate updates may be exposed to the refreshed instances, and difficulty may
vary between releases. Instance exposure and benchmark version therefore have to be recorded
separately from harness updates.

Current benchmarks refresh in three ways, and each leaves a different problem. Synthetic
generation derives new instances from existing ones or from diagnosed failures, as in Benchmark
Self-Evolving and StressEval, where the generator and the candidate update may read the same
traces and the report should record that overlap [175, 176]. Time-stamped collection admits tasks
released after a cutoff, as in LiveBench, LiveCodeBench, LiveMedBench, SWE-rebench, and SWE-
bench Live; a later release date reduces direct overlap but neither equalizes difficulty across releases
nor shows that related task patterns were absent from earlier development [143, 144, 177-179].
Adversarial self-play lets the challenge distribution move with the participants, as in MathDuels
and the Red Queen Gédel Machine, so scores depend on the participant pool and the verifier, and
changes in the harness, the task generator, and the evaluator must be reported separately [180, 181].

Comparing Hy, on snapshot D4 with Hi1 on snapshot Dp confounds harness and benchmark
changes. A crossed comparison evaluates both harness states on both snapshots under the same
scoring procedure and controlled inference envelope. Within-snapshot comparisons then estimate
the harness difference, while within-state comparisons expose the snapshot difference. Exposure
during candidate generation or admission still has to be recorded: crossing the evaluation does
not restore independence to evidence already used by the search.

Evaluating every historical harness on every snapshot is usually too costly. A study can
instead keep a versioned set of anchor tasks across adjacent snapshots and cross-evaluate selected
checkpoints. It should report the resulting coverage and replication, which determine which
differences remain detectable.

31



> ) -

‘ﬁﬂ]h > Evolving Harness .

. / < o L
S Execution Feedback /

Personal & Developer ﬁ Enterprise

; 5 Fixed
Project memory and skills @ Basc"f\;odcl @ Shared workflows and tools
Local tests and curation Persistent Regression tests and staged rollout
2N Reuse

Validation

Public & Clinical Systems

Triage and compliance procedures

- i
Embodied Interaction Research workflows and verifiers

Expert approval and review trails . ) ;i Independent experimental checks
Action skills and spatial memory

Simulation and safety interlocks

Accepted updates shape later runs

Figure 7 Applications of harness self-evolution across five deployment regimes. With base-model weights
held fixed, execution feedback informs harness revisions that are validated, retained, and reused in later runs.
The surrounding panels identify representative update targets and validation requirements for personal
and developer workspaces, enterprise automation, scientific discovery, robotics and embodied interaction,
and public services and clinical systems. These regimes share an update lifecycle but differ in how state is
shared, how revisions can be verified, and whether external actions can be undone. The figure summarizes
deployment requirements rather than establishing improvement for every application.

7 Applications of Harness Self-Evolution

Harness self-evolution retains project knowledge, reusable procedures, and revised tools for later
work. The application determines what this experience must preserve: local conventions in a
workspace, shared processes in an enterprise, experimental assumptions in science, or action
conditions in robotics. Figure 7 relates these learned artifacts to their deployment settings and
the checks needed when they change.

7.1 Personal Assistance and Developer Workspaces

Recurring work creates opportunities to reuse corrections, preferences, project facts, and procedures
instead of rediscovering them [12]. Project memories preserve information across sessions in
deployed coding agents [62, 182, 183]; file-based skills package procedures that can be invoked
when relevant [65, 184—187]. These formats can carry manually authored configuration as well as
the algorithmically revised state defined in Section 2.

The maintenance process determines how execution feedback enters this state. Augment and
Gemini CLI’s experimental Auto Memory propose memory or skill edits for approval, while Devin
recommends prompt and knowledge edits after a session [63, 188, 189]. Prime Agent applies
evidence-backed refinements to supplemental prompts, memories, and skill descriptions [190].
These policies give users different roles in selecting which experience becomes standing guidance.

Research systems make the conversion from execution to reusable knowledge more explicit.
Dynamic Cheatsheet and ReasoningBank turn self-assessed outcomes into strategies [39, 47]; ACE
revises a playbook and Trace2Skill consolidates trajectories into skill directories [36, 48]. SkillOpt
and SkillOpt-Lite evaluate revisions before retaining them [49, 50], while Janus compares old and
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candidate memories on a small regression set [54]. Some systems report fewer steps per task when
retained skills supply previously discovered action or tool-call sequences [191, 192]. These savings
come from reusing procedures that earlier runs had to discover.

Keeping that procedure useful requires preserving its scope. A temporary workaround for a
dependency version may cease to apply after an upgrade, while a user preference can remain
valid across many versions. GitHub Copilot checks repository memories against current code and
deletes entries left unused for 28 days [64], illustrating one policy for limiting stale state. Curation
must relate revision and expiry to the conditions under which the guidance applies.

Availability is another limit on reuse. An admitted skill may go unloaded or be followed less as
a trajectory grows, especially with weaker models [71]; focused skill sets outperform exhaustive
bundles, and self-generated skills do not substitute for curated ones [70]. Untrusted inputs can
also leave instructions that persist into later sessions [72, 73, 193]. A workspace therefore needs to
maintain both the contents of its library and the selection process that brings those contents into
later tasks.

7.2 Enterprise Automation

An enterprise update can turn one team’s experience into another team’s operating procedure.
Shared skill libraries, triage rules, and repository middleware carry knowledge across people and
services as internal APIs, dependencies, and business rules change [11, 12]. SkillForge diagnoses
batches of customer and IT support failures and rewrites the deficient skill [46]; SkillClaw pools
many users’ trajectories into a shared library [37]. In software engineering, DarwinX, AHE, MOSS,
and Ouroboros revise executable tools, middleware, and control logic [90, 103, 107, 108].

Sharing these artifacts also transfers assumptions. A procedure learned by one team may
depend on its permissions, data schema, or exception-handling policy. Another team may benefit
from the diagnosis while needing different service bindings and authorization. Representing those
local requirements separately would make it easier to adapt a shared procedure to its destination.
Successful use by the originating team supplies a starting point for this adaptation; cross-team
use tests whether the preserved knowledge applies beyond that setting.

Deployment must also preserve the business objective the procedure serves. A shortcut can
improve a local proxy while degrading the process it represents [194, 195]. Existing systems use
regression limits, patch validation, isolated containers, health checks, and reviewed commits [88,
103, 107, 108]. For shared enterprise state, these checks need to cover the destination teams’ tasks
and operational assumptions. The resulting revision can then be assessed as a change to a shared
process, with consequences beyond the failures that prompted it.

Rec-RSI studies a related retention problem in recommendation: recommender outputs are
used to train successor models [196]. Its marginally matched comparisons of cross- and within-
generation pairs use equal inference cost and show that pre- and post-update models can retain
complementary ranking decisions. The mutable state is model weights. For enterprise harnesses,
this motivates evaluating earlier and revised procedures both separately and in composition before
deciding what to retain.

7.3 Scientific Discovery

Scientific campaigns can accumulate procedures across literature search, coding, simulation, and
analysis [14, 197, 198]. CORAL retains shared notes, tool settings, and search heuristics during
open-ended optimization [199]; Argus maintains memories, workflows, and routing rules in durable
campaign state through role-based review [117]. Their inherited state records how research is
conducted. AlphaEvolve instead evolves the external programs and mathematical heuristics under
study [200], illustrating the adjacent use of evolutionary search on research outputs. PSI’s vision
of an Al-native physics laboratory places accumulated research procedures in a wider campaign of
hypothesis generation, simulation, and live facility monitoring under conservation laws and digital
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twins [201].

A successful setup can become a reusable experimental procedure; diagnosing a failed simulator
run can preserve a troubleshooting method; an unproductive search can identify a route that
later agents need not repeat. Such knowledge depends on the simulator version, experimental
assumptions, and status of the supporting observation. A provisional diagnosis and a replicated
finding should retain those distinct statuses when incorporated into campaign memory, so that
later work can reuse the procedure without silently strengthening the evidence behind it.

Independent assessment is particularly important when the harness also revises its internal checks.
Autonomous research agents have declared success on failed implementations and evaluations [202],
and frontier-model case studies in mathematics and science record confident errors caught by
experts [203]. A flawed verifier or a loosened test can let later runs build on internally consistent
but invalid findings [194]. Final assessment must remain outside the mutable research procedure,
with evidence appropriate to the object being studied: execution-based correctness tests, held-out
benchmarks, or physical experiments [204, 205]. The cost and delay of these checks affect how
quickly a campaign can incorporate new experience, a capacity constraint taken up in Section 8.3.

7.4 Robotics and Embodied Interaction

Embodied harness updates must survive changes in objects, hardware, and contact conditions.
With a fixed perception—action backbone, the mutable state includes executable skills, API
wrappers, spatial memory, and recovery procedures [12]. EMHO revises monitoring, visual-tool
use, grounding, and recovery from execution traces [206]. RoboRSI maintains a task—skill tree
around an API-accessed vision-language model and compiles successful manipulation runs into
code that must pass a no-regression check in simulation before admission [207].

The transfer from simulation to hardware is a separate test of the learned procedure. Memory
Transfer Planning adapts code-based skills to new robot hardware [208], and LYRA stores human-
approved manipulation skills [209]. MineEvolve studies reusable skills and failure remedies in an
open-world game [210]. Weight-learning systems use experience differently: RoboCat retrains a
generalist model [211], and EmbodiedSWE turns verified simulation solutions into robot-policy
training trajectories [212]. Their persistent adaptation is in policy weights rather than the harness
state considered here.

A skill that passes in simulation still needs staged hardware trials. Reverting a skill library
cannot restore a collided part or a damaged workspace; property loss and physical harm are explicit
failure categories in agent safety evaluations [213]. Simulation checks such as RoboRSI’s [207] can
precede deployment, and action specifications can enforce constraints before a tool executes [214].
Memory transfer has been demonstrated on hardware [208], but discrepancies between simulated
and physical conditions require emergency stops and human overrides outside the loop’s edit
surface.

7.5 Public Services and Clinical Systems

Clinical and public-service workflows offer recurring opportunities to refine triage, eligibility
routing, and case processing. Harness revisions expose these changes in inspectable instructions
and procedures around a fixed model, providing an alternative to frequent fine-tuning and its
training costs and potential forgetting [215]. The source of a revision matters: implementing
a new professional guideline changes the governing rule, whereas adapting execution under an
existing guideline changes how that rule is applied.

Current evidence comes mainly from benchmarks and prototypes. LegalBench and GDPval
evaluate legal reasoning and professional tasks [216, 217]; MedAgentBench supplies an interactive
FHIR environment [218], AgentClinic simulates clinical dialogues from EHR-derived cases [219)],
and LiveMedBench supplies time-stamped medical evaluation streams [179]. MCE adapts external
context and skills on symptom-diagnosis and legal benchmarks [51]. These studies provide settings
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Figure 8 Societal and economic implications of harness self-evolution. The five rows connect reusable
procedures, feedback and testing at scale, institutional knowledge reuse, persistent shared memory, and
versioned automated rules to potential effects on labor and skills, market structure, public services, privacy
and security, and institutional power. The rightmost column lists indicators for empirical assessment,
including review effort, switching costs, verification capacity, data retention, and review and remediation
outcomes. Arrows denote hypothesized pathways rather than established causal estimates; the balance of
benefits and harms depends on deployment conditions and governance.

for assessing candidate procedures.

MedRSI makes the update loop explicit in medical diagnosis [220]. It holds the reasoning model
and general workflow fixed while expanding a registry of tool descriptions, executable functions,
and specialist model checkpoints. Failures are prioritized by clinical consequence; candidate tools
are frozen and tested on subsequent patient cohorts before registration, with reevaluation if the
surrounding registry changes. Its fast discovery, slow registration mechanism separates creating a
capability from admitting it into later diagnostic use. Experiments on public benchmarks and
retrospective private cohorts illustrate this mechanism, rather than deployment in clinical care.

Professional oversight must connect operational feedback to the rule a revision is authorized to
implement. A candidate derived from failures should be tested on cases the loop did not see and
admitted by qualified professionals; local operational success cannot authorize a policy change.
Oversight must also follow accumulated state: poisoned memory entries [73] and declining safety
behavior as memory grows [221] can shift the system’s behavior without one conspicuous faulty
revision. Recording each rule version and the basis for its approval connects that history to later
clinical or administrative actions. Section 8.5 considers the consequences for affected people and
their ability to contest those actions.

8 Societal and Economic Implications

Persistent harness state makes execution experience available for reuse beyond the person, task, or
organization that produced it. Control over those artifacts affects who benefits from accumulated
knowledge and who is exposed to its errors. Figure 8 connects these mechanisms to potential effects
on work, markets, public services, security, and institutional authority. Longitudinal evidence
specific to harness self-evolution is scarce; the discussion distinguishes findings from adjacent
settings from hypotheses about evolving systems.
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8.1 Productivity, Work, and Education

A reusable procedure can preserve the result of diagnosing unfamiliar dependencies, tuning API
parameters, or finding a valid control flow [90, 117]. Later tasks can use that knowledge without
repeating the same discovery process. The resulting savings depend on how often the procedure
applies and how much work its execution and maintenance still require.

Organization-level productivity depends on how those saved steps affect the rest of the workflow.
In a study of GitHub Copilot adoption against historical engineering metrics, per-developer
efficiency gains did not appear as measurable organizational throughput [222]. Task-automation
accounts and per-task Copilot studies provide further evidence from adjacent settings [217, 223—
225], but do not measure harness self-evolution. Reusable procedures could shift work from
routine synthesis toward problem formulation and failure verification; whether that shift improves
throughput depends on the time and expertise those remaining activities require. Review hours
and task lead times [226] can reveal whether saved agent work also reduces the burden on the
surrounding organization.

Reusing diagnostic procedures may also change how professionals learn to diagnose. Junior
staff acquire judgement through debugging, drafting, and failure triage, precisely the activities a
harness can turn into reusable artifacts. A randomized experiment with 52 developers learning
an unfamiliar library found significantly lower subsequent quiz scores with Al assistance and no
significant average speed-up. Within the assisted group, cognitively engaged interaction patterns
were associated with better learning; this subgroup result was observational [227]. The concern for
an evolving harness is whether saved procedures remove learning opportunities or expose failures
in a form that helps staff develop the judgement needed to review later updates.

Fixed-configuration tutoring studies show how assistance can affect later independent perfor-
mance. In a field experiment with nearly a thousand high-school mathematics students, relative
to the no-Al control, a standard GPT-4 interface raised grades during assisted practice by 48%
and lowered them by 17% once access was removed, whereas a tutor built on the same model
with prompts designed to safeguard learning raised assisted grades by 127% and largely removed
the later deficit [228]. The two arms differ in configuration rather than in model, which places
the effect at the layer a harness update edits. Laboratory and field studies likewise find that
using an LLM to substitute for learning activities reduces understanding while complementary
use increases it [229], and a tutor with structured prompts and scaffolding outperformed in-class
active learning in an undergraduate physics course [230].

For a self-evolving tutor, the objective must include what learners can do after assistance is
removed. Optimizing assisted performance alone would miss the loss observed in the unguarded
configuration above. Research tutors already accumulate cross-session learner memory or opti-
mize tutoring prompts with fixed model weights, but the systems we located evaluate updates
against simulated students [231-233]. Their effects on real students’ unassisted learning, and any
population-scale consequences [234], remain unestablished. Measuring independent performance
after the tool is removed would test whether evolving assistance helps learners acquire capabilities
they can retain.

8.2 Economic Distribution and Market Structure

Who gains from these savings depends first on who controls the accumulated knowledge. Employees
and users produce the traces a harness learns from, while an operator may control access to
and distribution of the resulting playbooks and skills; legal ownership depends on the applicable
contracts and rules. Pooling many users’ trajectories, as in SkillClaw [37], can concentrate the
value of that reusable experience at the platform.

Accumulated state can also raise switching costs. An organization may have invested in
procedures, memories, and tuned workflows that it would need to rebuild after moving to another
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system. Portable formats such as file-based skills [65] preserve part of this investment. The
destination must still supply compatible tools, relevant private context, and checks appropriate to
its environment. Open artifact formats therefore make transfer possible while leaving adaptation
and validation costs that can sustain platform dependence.

Verification capacity may shape competition as much as access to a base model. Specialized
firms can adapt a fixed model’s harness without financing pre-training, but checking a proposed
change for silent regressions can require a test suite, container farm, or physical trial [201,
204, 205]. Incumbents with continuous user traffic collect more failure traces and can afford
more checking. This supports broader searches and more extensive checks for regressions or
reward gaming [194, 195], giving testing capacity a potential role in concentrating the gains from
accumulated experience.

Shared verification infrastructure can lower part of that barrier. Execution-based benchmarks
release repository tests, GPU-kernel checks, and machine-learning graders [5, 205, 235]; automated
collection pipelines refresh task suites [143, 144]; harness-optimization benchmarks provide held-
out partitions and resource accounting [131, 132]. Operators still pay to run and maintain these
systems and obtain private test data. Whether portable artifacts and shared verifiers offset the
advantages of accumulated experience and testing capacity remains an empirical question, with
switching costs and performance gaps between enterprise and open systems providing observable
consequences.

8.3 Innovation and Public-Service Capacity

Persistent harness state changes how institutions keep knowledge. In long scientific and engineering
projects, progress often stalls when key personnel leave or unwritten lab conventions fade; experi-
mental parameters, tool tricks, and error-recovery paths kept in durable, versioned repositories
can preserve continuity across long-running campaigns [117, 198, 199]. Knowledge kept in artifacts
is not necessarily kept by staff, however, which ties institutional continuity to the skill-formation
concern of Section 8.1. In public administration, healthcare intake, legal aid, and public education,
the same persistence could let resource-constrained agencies offer procedural assistance at lower
marginal cost. Benchmarks for clinical and legal agent tasks exist [216, 218, 219], but effects
on waiting queues and service reach have not been measured, and the evidence on learning is
discussed in Section 8.1.

Reusable procedures can reduce setup work, guide triage, and help select which proposals
receive scarce expert or experimental attention. Their contribution to capacity depends on what
remains after these savings. Generating a scientific hypothesis or a clinical plan can be fast,
while the appropriate confirmation may require a physical experiment or professional review [201].
Such capacity does not automatically grow with proposal volume. EmbodiedSWE illustrates an
adjacent constraint in robotics: many verified simulation trajectories feed a limited channel for
real-robot execution [212]. Accumulated procedures could improve how this channel is used, but
increased generation alone need not increase the number of validated results or completed services.

Errors in retained procedures can instead consume the same scarce resources repeatedly. An
incorrect troubleshooting rule in shared memory may lead later campaigns to spend instrument
time, reagents, or expert review before its common source is identified. Learning from a loose
proxy can similarly preserve shortcut rules whose effects become harder to detect under strong
optimization [221, 236]. In public services, repeated administrative errors can add review work
and delay access. The institutional benefit of accumulation therefore depends on whether retained
knowledge reduces repeated effort and improves completed work, as reflected in validation costs,
waiting times, service reach, and error rates.
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8.4 Privacy, Security, and Systemic Stability

Execution traces, tool telemetry, and user inputs can carry sensitive information into persistent
harness state. API credentials, business logic, or personal details retained in playbooks and
memory indexes may outlive the session that supplied them. Memory-injection studies establish
a persistence mechanism through which stored content affects later sessions [72, 73]. In pooled
libraries such as SkillClaw’s [37], guidance derived from one user’s work may also be retrieved for
others who lack access to the original data.

Deleting the source records may leave derived skills or memory entries unchanged. An artifact
can continue to influence behavior even when it no longer contains an identifiable copy of its
source. Addressing a deletion request therefore requires provenance connecting inputs to derived
artifacts, so that the retained influence can be located and removed or revised.

Persistence also extends the life of an attack, and checking that a learned skill succeeds on tasks
does not reliably stop it. Malicious interaction trajectories can induce an agent to generate skills
that are then persistently stored and repeatedly activated [193], and payloads planted in memory
files attack current and future sessions [72]. Poisoning does not even require a malicious trajectory:
successful experiences that are each task-correct and pass verification can be assembled so that
the distilled skill applies a target behavior outside the conditions that constrained it, with an
attack success rate of 95.71% in the reported setting [237]. In self-evolving coding agents that
author new tools by imitating skills retrieved from a shared library, a malicious skill can become
the template for new skills that keep its payload, and the copies re-enter the library and persist
after the planted skills are removed [165].

Persistent revisions can also introduce safety failures without adversarial input. SEABench
pairs evolving agents with non-evolving ones on the same 48 task sequences. The evolving agents
completed more tasks but also showed safety failures absent from the paired baselines, with the
divergence visible in their own reasoning [238].

Sharing introduces a further source of correlated failure. Analyses of algorithmic monoculture
show how decision-makers using a common component can share errors and impose the same
adverse outcomes on the same individuals [239, 240]. Portable harness artifacts provide a route
for such dependence beyond the base model: skills, tool servers, and memory files can be copied,
combined, and regenerated across deployments. Public registries such as ClawHub and the Hermes
Skills Hub distribute these artifacts [186, 187]. Measurements find vulnerability patterns in
marketplace skills, concentrated malicious supply, malicious tool servers passing platform audits,
and disagreement among security scanners [241-244]. Shared dependencies in the Model Context
Protocol ecosystem [245], cross-user retrieval of injected memory [246], and prompts that replicate
across applications [247] identify mechanisms through which exposure can spread.

These mechanisms suggest that a common faulty artifact can correlate failures across deploy-
ments, especially when many depend on the same sources and checks. The cited studies establish
parts of this pathway rather than its organization-wide consequences. Tracking which deployments
load an artifact version and how long its derivatives remain active would make the scale and
duration of such exposure measurable.

8.5 Governance and Institutional Power

Persistent harness updates can shift who exercises institutional discretion. Human case workers
interpret ambiguous regulations with situational context; an evolving harness records operational
choices in retrieval rankings, eligibility filters, and routing policies [248]. When these choices
become reusable rules, authority is shared among those who specify the objective, supply the
experience, approve revisions, and decide where they are deployed. Organizational bias in execution
data can be reproduced in these artifacts, making access to their creation and approval processes
consequential for affected people.
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Versioned code, prompts, and configuration make this changing rule system inspectable. Con-
necting a rule to an individual decision also requires records of the loaded state, execution traces,
inputs and outputs, the evaluation that admitted the revision, and its approval [153]. These
records identify what operated; the comparisons in Section 6.2.3 address its causal contribution.
Inspectability supports accountability when affected individuals, representatives, and auditors can
access the relevant record and use it to contest a decision or seek revision of a rule.

Contestation must lead to an available remedy. Runtime rollback covers in-process state, while
external effects require separate action [115]. Version histories can help locate an improper
transfer or medical-record change, and write barriers and staging can prevent some actions before
release. After a faulty rule has been used, institutions must decide which cases to reopen, who
can authorize correction, and who bears its cost. Reinstating a software version cannot restore a
missed treatment opportunity or by itself reverse a denied entitlement. Sharing learned procedures
therefore creates responsibilities for both subsequent deployment and decisions already made
under a withdrawn rule.

9 Future Directions

Harness self-evolution makes experience available as revisable instructions, procedures, and
executable components. The remaining challenge is to make these revisions accumulate into useful
capabilities as models, environments, and deployment conditions change. This requires decisions
about where to invest adaptation effort, which learned artifacts to retain, and when a change
invalidates the evidence or authority under which a system operates.

9.1 Model-Harness—-Environment Co-Evolution

Model and harness updates. A failure observed in deployment may call for a harness revision,
weight training, or a combination of the two. Systems already evolve both components [249],
but the choice depends on what each can change. On one long-horizon planning benchmark,
harness revisions addressed blocked calls, loops, and exhausted step budgets, while weight training
addressed poor delivered plans; adapters trained on evolved-harness trajectories also carried the
harness gain into weights [96]. On a second benchmark in the same study, the gain remained in
what the model saw, and training on those trajectories added no further benefit. These cases
motivate identifying which failures arise from the execution procedure and which persist after the
procedure is revised.

Allocating adaptation effort also requires accounting for subsequent use. A reusable harness
procedure incurs context or tool-execution costs, while training incurs an upfront cost that may be
recovered over many later tasks. Comparisons of harness-only adaptation, weight-only adaptation,
and joint adaptation should include an unchanged baseline on the same failure families, with both
adaptation and execution costs reported. Update order matters as well: changing the harness
changes the trajectories available for training. CoTrace matches training trajectories to their
generating runtime while alternating harness search and policy training [250]; traces produced
under a fixed model can also supply later training data [82]. The scheduling problem is to exploit
these interactions while preserving capabilities acquired before either component changes.

Designing experience. Environment design determines which experience is available to these
update processes. POET jointly generates obstacle-course environments and optimizes their
controllers, with transfer between environments providing additional routes to learning [251].
For LLM agents, EnvHarness wraps practice environments to vary initial states and interaction
constraints, then extracts skills from the resulting trajectories while retaining the underlying
task verifiers [252]. The environment interventions shape learning conditions; the extracted skills
become part of the agent’s retained harness. The further question is which practice conditions
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broaden a procedure’s range of use, expose an assumption that no longer holds, or supply experience
better suited to weight training. Selecting environments by their contribution to later capability
would connect curriculum design to the allocation of learning between the model and the harness.

Controlled practice and deployment provide different opportunities for this loop. Simulators and
resettable software environments allow repeated trials under chosen conditions; live digital services
and physical systems may offer limited opportunities to reproduce an earlier state. Memory
Transfer Planning adapts entries from a fixed code memory across simulated environments and to
a physical robot [208], illustrating how execution experience can cross this boundary. A continuing
loop could use deployment failures to revise practice scenarios, then retain procedures together
with the environmental assumptions under which they apply. As interfaces, operating rules, or
physical conditions change, the challenge is to preserve reusable structure while revising those
assumptions. This loop would couple deliberate practice design to adaptation in a changing
deployment environment; Section 9.5 considers how to assess accumulated capability under these
changes.

Portability across models. Model replacement creates another change in the conditions under
which accumulated harness state must remain useful. Across 66 model-harness configurations,
model rankings reverse between harnesses, and vendor pairings are not reliably best [253]; searched
harnesses have also transferred to unseen models [101]. Pairing sensitivity makes later model
upgrades a test of which parts of accumulated harness state remain useful. On each later checkpoint,
comparing a frozen evolved harness with both an unevolved baseline and a harness re-evolved
for that checkpoint would distinguish retained gains from gains requiring further adaptation.
Using the same successor checkpoint in all three arms isolates these differences from the effect of
replacing the model.

9.2 Formal Representations for Harness Evolution

Semantics and contracts. Harness evolution raises a programming-language question: how can
experience accumulate as composable programs with explicit assumptions about their use? LMQL
formalizes parts of model interaction and constrained decoding [254], while Cordis develops a
calculus for dynamic component composition [115]. JAZ treats model invocation as a language
primitive: invoke generates executable implementations at call time, permits recursive invocations,
and exposes inputs and interaction history as variables in the code environment [255]. Its hooks
support monitoring, return validation, and resource limits. These approaches expose different
parts of a harness to programmatic control. Connecting them requires semantics for context,
memory, persistent state, and tool effects, with explicit assumptions about model outputs and
external systems.

Lean 4 represents definitions and proofs within a common logical foundation [256]; LeanDojo
exposes proof states, tactic execution, and library premises to external search [257]. An analogous
harness interface could specify states, permitted transitions, and contracts independently of the
policy that proposes a step. A model call could remain nondeterministic while its output must pass
a declared check before changing persistent state. For example, a revised completion procedure
could be required to return the same artifact version that passed validation. The research problem
is to define such contracts at a useful granularity and establish their correspondence with actual
execution, including the meaning assigned to tool results and stored experience.

Composition and revision. Formalization also changes what can be retained for later tasks.
LEGO-Prover stores Isabelle-verified lemmas and their proofs, then generates and verifies more
reusable lemmas [258]. VASO uses model-checking counterexamples to revise reusable skill
contracts [60]. These mechanisms connect experience to reusable structures and evidence about
their properties. Extending them to interacting harness components requires reliable semantic
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abstractions: VASO identifies its unverified state-to-proposition mapping as a limitation, and
its checks assume sequential skill execution. A compositional account must specify how one
component’s guarantees satisfy another’s assumptions, including when shared state or concurrent
execution changes those relationships.

Continual revision raises a further distinction. Semantics-preserving transformations can
optimize execution, whereas learning intentionally changes behavior and should preserve selected
contracts rather than require equivalence with the previous program. Candidate updates could
carry proof obligations for the properties they retain, with changed assumptions triggering new
obligations in dependent components. Proof assistants, SMT solvers, or model checkers could
discharge different parts of these obligations while the trusted checking rules remain outside the
editable search process. The open problem is to reuse established evidence across revisions without
overlooking changed dependencies. A lemma may remain formally valid while changes to retrieval
or search make it harder to use. The value of formal representations for cumulative capability
must therefore be assessed through later-task performance together with the cost of acquiring,
checking, and reusing the retained structures.

9.3 Synthesis and Reuse of Harness Plugins

Plugin creation can turn a repeatedly needed operation into a capability that later tasks can
invoke. Creating one requires choosing which parts of a successful execution to preserve, which
inputs to expose, and which task-specific assumptions to leave outside its interface. A specialized
implementation may serve a narrow workload efficiently; a more general one may support wider
reuse but require more complex checks. The open problem is to infer a useful scope from limited
experience and to revise that scope as new tasks reveal where the capability applies.

Whether creation pays off depends on the plugin’s subsequent lifecycle. Generation and
validation incur upfront costs, followed by retrieval, execution, distribution, and maintenance. A
frequently used capability can recover its creation cost, while a rarely reused one may become
obsolete after a workload or interface change. Comparing reuse with further revision against
regeneration on the same task sequence, at matched task quality, would identify when retaining a
plugin is worthwhile. Failed generations, unsuccessful reuse, and maintenance after dependency
changes belong in this accounting. Related procedures may also be consolidated, while unused or
superseded versions can leave the active library.

The contracts discussed in Section 9.2 can delimit part of the evidence reused with a plugin.
FEmpirical validation also depends on the checked composition, model, dependencies, and task
conditions; changing one can affect the plugin even when its source stays fixed. Dependency-
aware revalidation could preserve unaffected checks and repeat those whose assumptions changed.
Comparing this policy with full revalidation under the same changes would measure both the
saved work and any regressions it misses.

9.4 Distributed Execution and Edge Infrastructure

Harness evolution makes the locations of capability generation, execution, and validation separate
design choices. A generated tool can run near private data, reducing repeated data transfers,
while centralized execution can simplify shared updates. A further arrangement keeps cached
skills and interaction on the client while centralizing synthesis and regression tests. These choices
depend on network conditions, device resources, data residency, and how frequently the workload
reuses an artifact. Placement should therefore be assessed over a sequence of updates and uses,
including synthesis, validation, distribution, and execution costs at comparable task quality.
Distribution also connects deployment consistency to local compatibility. A client must support
a tool’s dependencies, and verification must cover the environment in which it will execute. MOSS
and Cordis provide mechanisms for deployment and recovery [108, 115]; shared libraries such as
SkillClaw’s add revisions contributed by multiple users [37]. Concurrent updates can produce
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combinations that were never checked together. Promotion and execution records therefore need
to identify the component versions actually used, either as a stable snapshot or as a sequence of
version changes within a run. Hot reloading [115] makes this a concern even within one continuing
session.

Disconnected clients add a choice between continued availability and timely withdrawal. A
cached capability may remain useful while the network is unavailable, yet the server may have
replaced or withdrawn it in the meantime. Update frequency, the consequences of stale behavior,
and the allowed lifetime of a cached version should determine when local execution can continue
and when it must await synchronization.

9.5 Dynamic Evaluation and Benchmark Refresh

Adaptation and retention. Changing environments alter what retained capability should do.
ServeLearnBench makes hidden operating rules change, disappear, and recur across a task
stream [160]. A useful harness must stop applying obsolete rules while preserving procedures
whose assumptions still hold. Longitudinal evaluation therefore needs to distinguish learning a
new condition, retaining competence under unchanged conditions, and reusing earlier knowledge
when a condition returns. Frozen transfer and adaptation with additional experience answer
different questions and should be reported separately. This distinction also matters for the
environment-design loop in Section 9.1: success in a customized practice environment does not
establish that its lessons remain useful after the scaffolding or constraints change. Evaluations
should follow the resulting harness state onto separate deployment tasks, accounting for the
experience and resources used in further adaptation.

Reference design. Where earlier execution conditions can be reconstructed, the crossed design in
Section 6.3.3 can compare frozen harness states across task and environment snapshots, including
disjoint task sets. The research problem is how to maintain informative references within a limited
budget, and what can still be established when a historical service or physical state cannot be
replayed. Anchor tasks can reduce repeated cross-evaluation costs and preserve measurements on
a common subset, alongside comparisons on refreshed tasks. Resources must be allocated among
retained anchors, reevaluation of earlier harness states, and fresh tasks; the choice determines which
changes and regressions remain detectable. Controlled replicas can preserve selected conditions,
but their fidelity limits what a replay establishes about the original deployment.

Different benchmark designs provide different parts of this reference. Time-stamped tasks in
LiveBench, LiveCodeBench, and LiveMedBench limit direct overlap with earlier development [177—
179]; version-pinned environments in Terminal-Bench help reproduce execution conditions [259];
controlled transformations such as those in StressEval expose sensitivity to task factors [176].
These controls support comparability. Independence additionally depends on how their outcomes
are used. Once anchor results guide a revision or select a checkpoint, they become search
feedback [136, 260]. Subsequent claims then need separate reporting evidence or inference that
accounts for adaptive reuse. Replacing anchors without recording their prior exposure does not
resolve this distinction.

Evaluator calibration. A changed operating rule may make a formerly correct action wrong
even under a consistent scoring procedure. Changes in the scoring procedure itself require a
separate reference. LLM judges can overestimate agent success and reverse expert rankings [150],
and a judge used in iterative self-improvement has drifted toward maximal scores and longer
outputs [261]. Rescoring a shared sample of outcomes with both evaluator versions under the
same task specification, alongside executable checks or expert judgments, would help distinguish a
measurement change from a harness change. This calibration consumes resources that are also
needed for admission and regression testing. Budget allocation should reflect the consequences of
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undetected errors, including specification gaming [151] and safety regressions [221], rather than
only the precision of an average task score.

9.6 Safety Boundaries for Self-Modifying Systems

Creating a new capability must not automatically grant authority to use it. For a continually
revised harness, authorization must remain tied to the operations, data, and deployment conditions
covered by a grant. A tool approved to read internal records may later acquire an export step, while
combining permitted tools can create a data flow outside the original authorization. Specifications
over data flow and tool sequences offer a basis for enforcing such limits [214]. The contracts
discussed in Section 9.2 could connect an authorization to explicit behavioral assumptions and
identify revisions that require renewed authorization. The mechanism enforcing these limits must
remain outside the editable loop, including limits on physical actions or spending whose effects
cannot be reversed by restoring software state [115].

Safety during learning also depends on which behavior becomes reusable. SEABench reports
safety failures arising from persistent updates without direct adversarial influence [238]. SkillPoison
deliberately induces harmful generalization from individually verified successful experiences by
removing conditions that constrain where the learned behavior applies [237]. These findings
motivate learning the conditions under which a behavior is appropriate and retaining them
alongside the procedure. Tests that vary those conditions can probe whether the procedure still
acts appropriately; constraints that can be expressed over execution can also be enforced when
it runs. The challenge is to broaden a procedure’s use while detecting when new applications
invalidate its safety assumptions.

Reuse can also propagate malicious behavior across generations. EVOMAL shows how newly
authored skills inherit malicious code from retrieved examples and remain in circulation after the
planted skills are removed. It studies a counter-prompt against this copying and proposes a signed
quarantine gate that keeps newly authored skills outside the retrievable library [165]. Extending
such controls to continued learning requires deciding which artifacts can enter reuse and under
what evidence. The cost of an admission policy includes useful capabilities whose reuse it delays
or prevents. Longitudinal comparisons should track that loss alongside the continued activation of
harmful derivatives and the time needed to contain their propagation.

9.7 Governance, Provenance, and Human Oversight

Human-in-the-loop oversight. The update policy must specify which changes require human
judgement and what that intervention can alter. A user or institution can delegate classes of
updates subject to declared conditions, while reserving changes in objectives, affected users, or
data access for renewed authorization. The unit of oversight is therefore a design choice: an
individual revision, a capability and its conditions of use, or a release shared across deployments.
Each level needs a responsible party with authority to approve, restrict, or withdraw use. The
challenge is to maintain this allocation of authority as locally acquired procedures spread across
users and organizations.

Effective oversight depends on what a reviewer can infer about a change. A short memory edit
may redirect many later tasks, and an unchanged tool may behave differently when composed
with a new skill. Review evidence should connect proposed edits to changes in exercised behavior,
assumptions, and affected deployments. Grouping revisions into reviews of a capability could
reduce repeated work, but the summary must expose changes that alter the authorized scope.
Research on review interfaces should examine whether people detect such changes and choose
effective interventions, alongside the effort and delays those decisions require.

Provenance and withdrawal. Provenance can supply part of this evidence. HAL records model
and tool calls for inspection [153], while ScientistOne connects research claims to supporting
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artifacts [262]. Extending these mechanisms to harness evolution would link source experience,
a proposed revision, its admission decision, and the state actually loaded in subsequent runs.
A generated skill may combine or reinterpret several sources, so derivation cannot always be
recovered from file history or textual similarity. Recording the inputs supplied during generation
establishes exposure; determining their contribution to later behavior requires further evidence.
The research problem is to preserve useful lineage through synthesis and reuse while making gaps
in that lineage explicit.

Withdrawal adds an operational requirement to this history. An operator needs to know where
affected state remains active, which derivatives require inspection, and who can suspend use in
each deployment. Reconstructing a disputed decision requires the state and evidence present at
that time; acting on a withdrawal requires a current account of use. Incomplete lineage creates
a choice between leaving potentially affected derivatives active and withdrawing a wider set at
greater disruption cost. Records of past use should also help institutions locate earlier decisions
that may require reconsideration under the correction and contestation procedures of Section 8.5.

10 Conclusion

Harness self-evolution gives an agent a way to revise its working procedures from execution
experience while keeping its base model fixed. Instructions, memories, workflows, and executable
components provide different places for that experience to accumulate. Their value lies in how
they change later execution: a lesson must become usable guidance or code, reach the tasks where
it applies, and remain useful as the surrounding system changes. The update targets reviewed
here expose different parts of this process to search and validation.

Evaluation must follow these changes through time. A held-out comparison of the final system, a
trace showing that a patch ran, and a check used to admit that patch support different conclusions.
Selection, activation, attribution, and improvement locate the evidence needed for each of these
conclusions. Retention also concerns more than preserving an artifact: an unchanged skill can lose
influence, while a merged or revised procedure may preserve the capability it supported. Later-task
probes and controlled comparisons are needed to establish what survives. The theoretical analysis
complements these protocols by relating candidate search to evolutionary mechanisms and giving
sufficient conditions for confidence-adjusted admission under explicit sampling and error-control
assumptions.

Useful accumulation depends on selective maintenance. Reuse can save repeated discovery, but
verification, execution, and adaptation to new conditions still incur costs. Shared procedures
can carry both knowledge and errors across users and deployments, making their conditions of
use, provenance, and withdrawal part of the learning system. Progress in harness self-evolution
should therefore be assessed by the capabilities that agents can continue to exercise as experience
accumulates, together with the resources and oversight needed to sustain them.
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