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Abstract
Language-model agents rely on harnesses that govern tool use, context, memory, and execution.

Understanding automated harness revision requires connecting improvement methods to the reusable
functionality they produce. This survey examines three linked perspectives: improvement workflows,
recursive scope, and concrete modifications across task domains. We compare search strategies,
memory management, edit guidance, and integration with model training, and use an existing five-
level framework to distinguish harness optimization from recursive self-improvement. Across coding,
reasoning and information processing, interactive and embodied tasks, and visual tasks, we trace
reported changes from starting capabilities to outcomes. Our synthesis identifies repairs at model–
environment interfaces, cases where added tools and context fail to help, and conditions constraining
recovery reuse. Cross-domain analogies motivate, rather than establish, transfer. We distinguish
task-performance gains from improved subsequent optimization and identify priorities in reliable
evaluation, attribution, transfer, and safety.
Keywords: large language model agents; agent harness; harness optimization; recursive self-
improvement; self-evolving agents; survey.

1 Introduction

Large language model (LLM) agents act through an agent harness: instructions, tool interfaces, context
and memory mechanisms, and execution control. Surveys of self-evolving agents and experience-driven
adaptation situate these components within a broader landscape of agent improvement (Gao et al., 2026;
Jiang et al., 2026a). Interface design affects coding performance (Yang et al., 2024). Harness evolution
offers a practical entry point to studying recursive self-improvement (RSI): a propose–evaluate–revise
loop can improve this software with fixed model weights (Lee et al., 2026b). This avoids parameter
updates and their training infrastructure, although proposal and evaluation costs remain (Zhang et al.,
2026e).

The form of this adaptation depends on the task. Surveys of workflow optimization and task-oriented
harness design explain how computational structure and model–harness configurations respond to task
demands (Yue et al., 2026; Guo et al., 2026b). In harness evolution, these demands shape editable
artifacts, interfaces, and feedback. Meta-Harness applies its outer loop to classification, mathematics,
and coding using domain-specific instructions and evaluation (Lee et al., 2026b); SkillWeaver evolves
reusable browser functions (Zheng et al., 2025a).

We study harness evolution: reusable changes to code, configuration, skills, or memory procedures,
including training coupled with harness revision. RSI further asks whether a changed mechanism
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Figure 1: One harness-improvement trial. Solid arrows carry artifacts or updates; dashed arrows read
retained state. Task-agent memory inside H differs from optimization history D. Code-changing
integration requires re-evaluation. Recursive scope is assessed separately in Section 3.

participates in producing subsequent improvements (Liu et al., 2026d; Wu et al., 2026a). This connects
agent engineering to the potential acceleration of automated AI R&D (Chan et al., 2026); task-performance
gains alone do not establish this recursive benefit.

A complementary operational definition distinguishes persistent feedback-driven revisions from
execution under unchanged rules (Wei et al., 2026a).

Building on this literature, we ask: what has harness evolution actually produced, and under what
task conditions do these changes help? Our unit of comparison is a reusable harness change within a task
subcategory: what the seed could do, what changed, and what the reported evidence establishes. This
connects improvement procedures and recursive scope to the concrete functionality they produce.

Our contributions are threefold:

• A source-linked record of what evolved. We assemble 95 category–source records across four
domains, drawing on 62 research papers and one benchmark resource (Figure 3). Each record
connects the benchmark and seed harness to concrete modifications, their reported status, and
observed outcomes or evidence limits (Appendices C–F). Readers can trace an evolved capability
back to its starting conditions and source evidence.

• Findings that guide what to evolve and reuse. Comparing concrete revisions, we identify
execution failures repairable outside model reasoning, cases where added tools or checks fail to
help, and conditions governing recovery reuse. These findings direct future experiments toward
specific interface failures, decision-relevant evidence, and transfer between compatible failure states
(Sections 4–5).

• An account of where recursive reuse occurs. We compare improvement workflows and identify
configurations that reuse an edited agent, improvement skill, or search policy to generate later
revisions. Applying the existing five-level scheme (Liu et al., 2026d), we distinguish these configu-
rations from fixed-improver search and assess whether their experiments also establish benefits to
subsequent optimization (Sections 2–3).

The 95-record domain evidence set is frozen at October 1, 2026. This revision adds a targeted literature
update checked through October 20, 2026, integrating later developments and newly collected earlier
work into the workflow, recursion, and evaluation discussions. Appendix I identifies all ten added studies,
inspected versions, and evidence limits. These additions do not expand the frozen domain counts or
constitute an exhaustive new census. Appendix A.1 documents the original selection criteria.

2 Harness Evolution: Workflow and Design Choices

This section asks how execution experience becomes a reusable change to an agent’s harness. We define
the target and improvement loop, then compare candidate search, memory use, edit guidance, and coupling
with training. These are complementary design dimensions, not successive stages or mutually exclusive
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method classes. The framework covers both fixed-procedure optimization and recursive variants: Section 3
assesses recursive scope, while Section 4 examines the functionality produced. Appendix A supplies
supporting comparisons and revision histories.

2.1 Harness Improvement Workflow

Figure 1 separates five components; the computational roles can share a model or implementation. For
fixed base model M , target-agent harness H , and task x ∼ X , execution produces trajectory τ ∼
pM (H,x) with reward r(τ, x). Following Lee et al. (2026b), optimization seeks expected performance
across tasks:

H∗ = argmax
H

Ex∼X , τ∼pM (H,x)[r(τ, x)]. (1)

A proposer constructs candidate H̃t; evaluation produces record E
H̃t

; a controller updates retained
harnesses Ht and optimization history Dt. Search uses a finite task set Xsearch; its scores estimate rather
than establish generalization. Appendix A.2 expands the loop; Section 2.5 relaxes the fixed-model setting.
Target agent. The task-executing system is M operating through the harness being optimized. Meta-
Harness searches separately for classification, mathematics, and coding, whereas Multi-Task Self-Harness
evolves one shared harness across benchmarks (Lee et al., 2026b; Xu, 2026). This choice defines the
intended scope of reuse; shared optimization still requires held-out transfer evaluation.
Target agent’s harness and editable components. H comprises reusable instructions, interfaces,
memory mechanisms, and execution control. Evolution edits designated files or modules within this
larger system; it need not rewrite the entire project. AHE separates system prompts, tool descriptions,
tool implementations, middleware, skills, subagents, and memory, while fixing verification and logging.
Git supports comparison and rollback. Meta-Harness edits a bounded Python program; Multi-Task
Self-Harness permits workspace restructuring around a fixed kernel (Lin et al., 2026; Lee et al., 2026b;
Xu, 2026). The edit boundary determines which failures proposals can address.
Proposer. The proposer turns prior code and execution evidence into edits within the allowed scope. AHE
supplies structured diagnostic reports, whereas Meta-Harness allows active inspection of code, scores,
and raw traces through filesystem tools (Lin et al., 2026; Lee et al., 2026b). This contrast concerns the
evidence accessible to the editing role; Section 2.4 compares how evidence directs a modification.
Evaluator. Evaluation may use task scores, preferences, or proxies: Meta-Harness, RHO, and TTHE
illustrate these alternatives (Lee et al., 2026b; Pan et al., 2026; Nie et al., 2026b). HarnessBank additionally
checks whether a changed mechanism activates (Luo et al., 2026e). Activation, proxy improvement, and
improved task performance support different conclusions about an edit. Reference-free feedback can
guide search when labels are unavailable, but the meaning of an accepted change remains tied to the signal
used.
Update controller and history. The controller selects parents, accepts or rejects candidates, and updates
retained versions and trial records. Retaining executable parents and retaining evidence are separate
decisions: SICA and DGM differ in parent selection, while RRSI retains rejected edits as negative
evidence (Robeyns et al., 2025; Zhang et al., 2026e; Xia et al., 2026). A rejected candidate can therefore
inform later proposals without remaining eligible for expansion.

2.2 Search Strategies

We compare which harness versions can become parents and how exploration proceeds across their
lineages.
Incumbent-centered refinement. SICA selects the highest-utility archived agent; RRSI constrains edits
to an incumbent (Robeyns et al., 2025; Xia et al., 2026). AIDE2 separates levels: its outer loop edits the
best research agent, while that agent’s inner solution search can change (Srikanth et al., 2026). An archive
or an internal tree search does not itself imply exploration of multiple harness parents.
Tree and archive exploration. AFlow retains workflows in a search tree, and DGM can expand alternative
archived agents (Zhang et al., 2025b, 2026e). HGM uses descendant outcomes to estimate an ancestry’s
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future value; AgentEvo preserves accuracy–cost trade-offs (Wang et al., 2026b; Xiao et al., 2026). Their
common question is why to continue beyond the current best: promising descendants and multiple
objectives justify different retention rules. Appendix A.3 compares further search objects and diversity
mechanisms.
Multi-objective and compositional search. Harmony Harness maintains incumbents for different
security–functionality preferences rather than selecting one global scalar winner. Its factorized operators
distinguish component type from general or environment-specific scope; a supplied composition workflow
integrates the retained parts (Yu et al., 2026a, Sections 4.1–4.3). The search output is a harness, not the
multi-objective optimizer itself. Objective diversity does not guarantee behavioral diversity, and assigning
a component to a general scope does not establish transfer.
Parallel lineages. TTHE retains separate branches while sharing execution traces, then selects among
their final candidates (Nie et al., 2026b). This separates evidence sharing from parent sharing. Search
determines where evolution can continue; memory determines which prior experience can inform that
continuation.

2.3 Memory Management

Memory differs in who uses experience and whether updates change its contents or the procedures
managing it.
History read by the proposer. Meta-Harness makes trial code, scores, and traces queryable; MetaSkill-
Evolve additionally modifies procedures for retrieval and proposal generation (Lee et al., 2026b; Wang
et al., 2026f). Accumulating records and changing how the improver uses them are different interventions.
Experience used during deployment. MemoHarness’s controller retrieves cases and patterns from a
frozen bank to configure the target agent for each new task. During search, the growing bank instead
guides harness proposals (Huang et al., 2026b). The consumer and phase therefore matter: deployment
reuses learned experience without new feedback or search. Related task-memory methods are compared
in Appendix A.3.
Evolving memory procedures. MemEvolve searches encoding, storage, retrieval, and management
architectures; MemCodex rewrites executable construction, indexing, retrieval, and routing programs
(Zhang et al., 2026a; Wang and Liu, 2026). The updated object is how the target agent receives experience,
rather than only the experiences stored. MemSkill evolves reusable instructions for memory construction
while training a skill-selection controller; ERSkill instead evolves executable retrieval paths alongside a
learned router (Zhang et al., 2026c; Chen et al., 2026a). These distinguish stored content, construction
policy, retrieval program, and selector weights. In SESA, failures update an external skill bank inside
proposer–solver policy training; memory-free and memory-enabled tests separate learned carryover from
inference-time retrieval (Fu et al., 2026). None of these combined systems should be described as wholly
weight-free merely because it also changes an external memory.

2.4 Guiding Evolution Directions

Given a parent harness, guidance identifies which deficiency to address and what evidence should justify
the edit.
Diagnosing available traces. AHE links structured reports to predicted edit effects; RHO combines
individual and cross-trajectory analysis (Lin et al., 2026; Pan et al., 2026). Both turn observed failures
into modification hypotheses beyond an aggregate score.

Feedback relevance and measured benefit must nevertheless be tested separately. He (2026) distin-
guishes repair of the targeted failure, changes to other failures, and net performance after revision. Its
DGM-log analysis and controlled experiments caution against equating a selected winner with a successful
diagnosis. Failure to detect target-specific repair does not establish that feedback is useless, since a broadly
beneficial edit need not favor one target.
Exposing the next weakness. ActiveSaddler maintains a dynamic failure-pattern registry to revisit known
weaknesses or explore new scenarios (Park et al., 2026). This representative case changes what evidence
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Figure 2: Selected configurations grouped by the five levels of Liu et al. (2026d). Within each level,
arrows follow first arXiv release; cross-level links indicate reading order, not chronology or technical
inheritance. Dates may differ from citation years; spacing is schematic. *Continual Harness denotes
its human-guided GPP configuration. Higher recursive scope need not appear later: early L4 examples
coexist with recent L3 methods. L5 remains an open target.

subsequent executions collect, complementing diagnosis of existing traces. Revisiting known failures
tests whether a weakness persists, whereas new scenarios can expose blind spots; the registry supplies a
concrete way to balance those directions.
Preserving successful behavior. HarnessLens retains successful strategies and selects checks for recovery
and regression; ActiveSaddler can revisit earlier successes and rediscover regressions (Xu et al., 2026b;
Park et al., 2026). Edit-specific verification and continued exploration provide complementary constraints
on direction.

2.5 Workflow Extensions

Coupling with model training. Co-Harness and WHALE use trajectories from improved harnesses to
train the target model, which changes the target of later harness search (Chen et al., 2026f; Kim et al.,
2026a). Harness-R1 instead applies supervised training followed by GRPO to the editor, using fresh
candidate executions for reward while holding the target model fixed (Shao et al., 2026). These loops
update different components. Together, the design choices above describe how revisions are produced;
recursive reuse and the resulting task capabilities require the separate analyses in Sections 3 and 4.

The distinction also concerns which behavior can be internalized. Tian et al. (2026) crosses
seed/evolved harnesses with base/trained models, using trajectory finetuning after harness search. Process-
control improvements and changed observations need not transfer into weights in the same way. This
supplies a diagnostic comparison, not a universal point at which harness evolution must stop; its interpre-
tation remains tied to the tested models, tasks, and feedback package.

3 Five Levels of Harness Self-Improvement

Following Liu et al. (2026d), we classify reported configurations by update autonomy, recursive scope,
and generality (Figure 2). Levels do not measure edit breadth or task performance. Appendix B details
recursive reuse (Figure 5).
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3.1 Capability Levels

L1: Manual improvement. Humans revise the harness, as in the engineered ReAct procedure and SWE-
agent interface (Yao et al., 2023; Yang et al., 2024). Autonomous execution does not imply autonomous
harness revision.
L2: Assisted improvement. Agents contribute experience, but substantive updates require human
decisions. Continual Harness contrasts human-guided revision with an automated refiner (Karten et al.,
2026); the configurations therefore have different update autonomy. Expert corrections in ARIA and
Growing with Your Embodied Agent similarly supply guidance for persistent updates (He et al., 2025;
Meng et al., 2025).
L3: Programmatic self-improvement. The loop runs autonomously under a prescribed improvement
procedure. Meta-Harness, AHE, and RRSI differ in search, diagnosis, and acceptance constraints (Lee
et al., 2026b; Lin et al., 2026; Xia et al., 2026). Transferable task gains remain possible without revising
the mechanism that produces updates.
L4: Bounded recursive self-improvement. A modified component participates in producing subsequent
improvements. SICA and DGM reuse modified coding agents; Hyperagents exposes both task and meta
agents to editing (Robeyns et al., 2025; Zhang et al., 2026e,f). Recursion remains bounded by fixed
components such as evaluation or parent selection. Reuse establishes a mechanism, not automatically an
efficiency advantage.
L5: General recursive self-improvement. The improvement mechanism remains effective across broad
and changing domains. Hyperagents reports transferred meta-level improvements and continued evolution
(Zhang et al., 2026f); these finite experiments support bounded generality. Shared-harness or component
transfer in Multi-Task Self-Harness and ModularRSI addresses related but distinct questions (Xu, 2026;
Wu et al., 2026b). We do not treat these results as an established L5 system.

3.2 Scope and Evidence of Recursive Mechanisms

What changes. Recursion may affect the improver itself, as in STOP; improvement skills, as in MetaSkill-
Evolve; or evolver policies, as in HSI (Zelikman et al., 2024; Wang et al., 2026f; Zhou, 2026). The Last
Harness You’ll Ever Build proposes an evaluation-containing blueprint (Seong et al., 2026). Dream-RSI
refines and redeploys an exploration policy, while HGM’s prescribed clade-based selection can make
different decisions as descendant evidence accumulates (Zheng et al., 2026; Wang et al., 2026b). The
former changes the policy; the latter does not by itself establish that the selection rule evolved. These
scopes overlap, but evolving task skills, selecting new tasks, or adapting decisions under a fixed rule does
not alone establish that the improvement mechanism changed.
What the evidence establishes. AIDE2 illustrates the distinction between improving an agent and
promoting it to the improving role. Its main outer loop edits an inner research agent; a separate ignition
test uses an evolved agent as the outer improver. Three seeds per arm do not establish an efficiency
advantage (Srikanth et al., 2026, Section 3.6). Accordingly, we distinguish a reusable harness change,
execution of a changed improvement mechanism, and demonstrated benefit to subsequent improvement.
The comparison should name the changed artifact, identify its later invocation, and state what remained
fixed. Meta-level ablations or matched-budget comparisons then address the stronger question of benefit;
task-score gains alone cannot answer it. Section 4 examines the concrete artifacts underlying task-level
gains.
Persistent guidance for later improvement. Harness2 separates task-local Propose–Probe–Compose
refinement from later updates to an improvement library. A new task starts from a common execution
harness, while retained components and refinement lessons guide its subsequent improvement; model
weights, stage instructions, and the decision rule remain fixed (Xu et al., 2026c, Sections 2.1–2.3).
RSIFlow instead retains component-specific skills and cross-component principles for a fixed-model Meta-
Agent that selects among model, harness, and task-artifact updates (Zhang et al., 2026d, Sections 3.2–3.3).
Both expose a changed resource consumed during later improvement. They do not establish unrestricted
optimizer rewriting, and combined task gains cannot be assigned entirely to meta-level changes.
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(a) Evidence coverage
62 papers + 1 benchmark resource
95 records; 20 task subcategories
Domain Subcat. Records

Coding 4 36
Reasoning and information 7 33
Interactive and embodied 4 17
Visual tasks 5 9

(b) What a record makes traceable
Organized by task subcategory, then source study

Source setting
Benchmark; seed

Reusable change
Failure and edit

Result and scope
Outcome and limits

Source locators and artifact status accompany the record.
A record is neither an independent discovery nor an isolated effect.

(c) From reported observations to comparative findings

Execution boundaries Limits of added complexity Conditions for recovery reuse

ModularRSI (Wu et al., 2026b)
Multiline payload: shell misrouting
→ editing-tool dispatch.

SkillWeaver (Zheng et al., 2025a)
Ambiguous textbox lookup
→ dialog-scoped selector.

Prover interface (Viennot et al.,
2026)
Used search: no accuracy gain.

AHE (Lin et al., 2026)
Overlapping closure checks
→ redundant rechecking.

Zetta (Ding et al., 2026)
Whole-stack transfer, three tasks:
64% → 84%; no further evolution.

VideoEvolve (Luo et al., 2026a)
Extra checks on the same frames:
a light-switch regression persists.

Test the execution interface
before adding reasoning stages.

An activated tool or check
need not improve a decision.

Test reuse under compatible
failure states and actions.

Figure 3: The domain evidence set and its analytical use. Counts cover Appendices C–F, with sources
deduplicated across categories; records include reporting limits. Selected observations illustrate the
findings in Section 4.5. ModularRSI is a reported historical revision; Zetta’s gain concerns the complete
stack, and VideoEvolve’s regression is one case. Panel (c) arrows are not isolated causal estimates.

4 Task Domains, Harness Modifications, and Benchmarks

We organize 95 category–source records from 62 research papers and one benchmark resource into 20
subcategories (Figure 3). Records connect seeds, revisions, and outcomes or reporting limits. This enables
comparison of which failures edits address and whether benefit or reuse was tested. Appendix A.1 defines
the counts; Appendices C–F supply records. Figure 10 compares concrete changes across domains,
grouped by task objective.

4.1 Coding

Program generation, repository repair, terminal tasks, and ML engineering manipulate executable artifacts
through different interfaces (Appendix C; Figure 6). Three modifications recur across these settings.

Routing edits to the intended tool. ModularRSI’s dispatcher rejects a multiline write_file call
and sends its Go code to the shell. The reported revision dispatches by editing-command name and
preserves the remaining payload (Wu et al., 2026b). SICA reports editor-input normalization and editing-
task routing; SIA’s ML experiment driver instead returns structured parameter–score pairs (Robeyns
et al., 2025; Hebbar et al., 2026). ModularRSI’s three successful runs per version average 36 versus
25 interaction steps, exposing avoidable execution overhead despite identical success. Concurrent edits
preclude dispatcher-only attribution; release differences are recorded in Appendix C.

Reading locally and bounding returned output. DGM adds line-range views and unique-string
replacement; SICA reduces diff context and limits AST analysis to relevant regions (Zhang et al.,
2026e; Robeyns et al., 2025). Multi-task Self-Harness retains the beginning and end of long outputs,
further shortens older returns, and suggests narrower commands or saving output to files. Its complete
evolved version solves seven of twelve SWE-Bench Pro tasks where the seed exceeds the input limit (Xu,
2026). This is whole-version recovery, not a truncation ablation. AIDE2 discovers bounded experiment
summaries alongside strategy-arm selection and periodic forking (Srikanth et al., 2026). These ML
discoveries complement the coding cases: useful context preserves the unit needed for the next decision,
whether a code region, diagnostic output, or experiment summary.
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Giving distinct failures distinct recovery paths. DGM and TTHE retry empty patches; AFlow
routes failed program tests to repair; Self-Harness’s GLM instructions request dependency installation
and retesting before further source debugging (Zhang et al., 2026e; Nie et al., 2026b; Zhang et al., 2025b,
2026b). In the paired Astropy case, the promoted harness completes executable verification where the
seed stops at syntax checks. AHE’s shell guard instead blocks cleanup that would destroy verified outputs
(Lin et al., 2026). The same failed delivery thus calls for different interventions: recreate an empty patch,
repair code, restore the test environment, or preserve an already validated output.

4.2 Reasoning and Information Processing

Mathematics, classification, and QA differ in what makes evidence decisive (Appendix D; Figure 7).
Resolving interpretation before computation. ADAS’s discovered arithmetic agent revises a

structured problem representation before solving. HarnessEvolve’s OfficeQA skill instead specifies
operands, denominators, and corpus checks before financial calculations (Hu et al., 2025; Jiang et al.,
2026b). Both check interpretation before solving, using call ordering or persistent instructions. AFlow’s
arithmetic workflow checks a selected answer computationally, moving verification after candidate
generation (Zhang et al., 2025b). Checking targets different stages; these artifact observations do not
isolate causal gains.

Retrieving evidence that can change a decision. Meta-Harness’s draft-verification classifier retrieves
same-label confirmers and competing-label challengers; its selected single-call alternative combines label
coverage with contrasting examples. Task-CoEvolve fuses word- and character-based rankings while
discounting repeated labels (Lee et al., 2026b; Miyai et al., 2026). These are shared artifacts across legal
and symptom tasks, not independent discoveries per dataset. MCE additionally routes legal-act warnings
or symptom discriminators according to the input (Ye et al., 2026a). EvolveMem activates name-stripped
queries and multi-hop decomposition from disabled configuration capabilities; removing either during
repeated evolution lowers LoCoMo F1 (Liu et al., 2026b). This supports their contribution within that
procedure, not one fixed-checkpoint edit. The shared target is the unresolved distinction between answers:
retrieval must expose discriminating evidence, not merely similar or plentiful examples.

Turning proof failures into usable next steps. An evolved Lean lineage adds bounded repairs and
checks lemma names and signatures. A richer helper-lemma branch suffers context and assembly failures
(Li et al., 2026b). Evolved Rocq interfaces instead add persistent proof states, rollback, and local candidate
trials to whole-file compilation; a heavily used lemma-search proposal is rejected without accuracy gains
(Viennot et al., 2026). These cases favor feedback that supports a concrete next action, while showing
that more tools or decomposition need not improve completed proofs. The reusable repair procedure or
interface, rather than an individual proof, is the evolved artifact.

4.3 Interactive and Embodied Tasks

Browser, application, game, and robot tasks change the state that subsequent actions encounter (Ap-
pendix E; Figure 8).

Binding actions to interfaces and prerequisites. SkillWeaver repairs an ambiguous textbox lookup
by restricting it to the deletion-confirmation dialog, then retains the API patch. LiteEvo’s AppWorld
harness instead adds login guidance and a reminder after repeated authorization errors (Zheng et al., 2025a;
Choi et al., 2026). The former changes executable selection; the latter supplies missing prerequisites at
a failure state. LiteEvo’s prompt-plus-processor result exceeds either component alone, but this bundle
comparison does not isolate its login reminder. These cases locate the failure before action execution:
identify the intended object and satisfy its prerequisites before expanding the action sequence.

Moving rules and calculations into decision support. AutoHarness synthesizes game-specific
legality code within a supplied action/retry loop. DemoEvolve’s Liar’s Dice artifacts compute claim
probabilities and legal raises; a selected variant overrides continued raising when calling has sufficiently
higher expected value (Lou et al., 2026; Che et al., 2026). Legality checks constrain admissible actions,
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while probability calculations compare their value. The evolved computations must be distinguished from
the inherited verification loop and results of other configurations.

Grounding recovery in physical state. Zetta’s placement lineage adds bounded regrasp, remembered
failed geometries, and support checks before release. Its cumulative stack transfers unchanged to three
related tasks, raising mean success from 64% to 84% without isolating each branch (Ding et al., 2026).
HarnessPAI instead corrects a basket target using upper-rim points while retaining the placement controller
(Wang et al., 2026c). One adds recovery actions; the other repairs a state estimate that makes an existing
action fail. Both require interpreting physical observations, beyond detecting a deterministic interface
error.

4.4 Visual Understanding and Generation

Visual harnesses preserve which observations support a claim and govern reusable inspection or production
procedures (Appendix F).

Keeping claims attached to observations. Video-RSI extends stored observations with frame-linked
findings, uncertainty, and entity/event relations. Graph queries identify gaps without processing new
frames (Luo et al., 2026b). The full evolved harness improves MLVU accuracy from 62.4% to 72.9% while
using fewer frames; neither isolated graph gains nor total-compute savings follow. AutoRef similarly binds
requested subjects and scene elements to input references, making generation failures reference-specific
(Oshima et al., 2026).

Rechecking without acquiring more observations. VideoEvolve uses the same 64 frames but
adds checks for repeated events and interval boundaries. Conditional extra predictions are combined
by median endpoints (Luo et al., 2026a). One kettle case improves; a light-switch regression persists.
Unlike Video-RSI’s selective additional observation, this spends more reasoning on unchanged evidence:
repeated checking cannot guarantee recovery from a shared misinterpretation.

Selecting and refining concrete compositions. AutoRef generates subject-led and background-led
drafts, checks hard failures, and requires a tied challenger to win in both presentation orders. Reference-
specific complaints guide another draft (Oshima et al., 2026). At the same three-image budget, replacing
the combined failure-aware selector lowers the held-out average from 7.37 to 6.93; this does not isolate
order swapping. COMFYCLAW and VideoWeaver instead retain composition recipes or production skills
for later tasks (Li et al., 2026d; Wei et al., 2026b). Here the reusable gain concerns how later drafts are
produced and compared; the revised image itself is a task output.

4.5 Cross-Domain Evaluation and Synthesis

Seeds, edit scope, feedback, and search cost condition comparisons (Ursekar et al., 2026; Huang et al.,
2026a); Appendix G details evaluation contracts. We derive three inferences from the preceding cases.

Failures can originate outside the model’s reasoning. ModularRSI repairs dispatch of an exist-
ing file-edit command; SkillWeaver disambiguates an existing browser action; HarnessPAI corrects a
placement target while retaining its controller (Wu et al., 2026b; Zheng et al., 2025a; Wang et al., 2026c).
Across these cases, evolution changes how an intended operation reaches its object. This motivates
checking payload handling, object identity, and state estimates before adding reasoning stages. Task gains
need not indicate a new reasoning capability.

Added complexity need not improve performance. Local code reads, contrasting-label retrieval,
and frame-linked observations make evidence usable for different decisions (Zhang et al., 2026e; Lee
et al., 2026b; Luo et al., 2026b). Conversely, a heavily used lemma-search proposal is rejected without
accuracy gains, and AHE’s overlapping checks consume turns redundantly (Viennot et al., 2026; Lin
et al., 2026). These cases motivate testing whether each addition improves a decision; activation alone is
insufficient. They establish no universal preference for smaller harnesses.

Recovery rules carry conditions for reuse. An empty-patch check can trigger a coding retry;
physical recovery needs a grasp or support state; visual rechecking can repeat a mistaken interpretation
(Zhang et al., 2026e; Ding et al., 2026; Luo et al., 2026a). Thus, a shared instruction to “retry” hides
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different detection and action requirements. Zetta demonstrates unchanged reuse across related placement
tasks. Cross-domain portability remains untested here: analogies motivate experiments matching failure
conditions, observable state, and available actions.

5 Challenges and Future Directions

Three priorities follow from the domain comparisons. Appendix H expands their evidence and separates
reliability, transfer, and attribution checks (Figure 12).
Measure what transfers. Transferred components, shared harnesses, and transferred improvers answer
different questions (Wu et al., 2026b; Xu, 2026; Zhang et al., 2026f). Evaluations should separate
unchanged reuse from further adaptation, with held-out feedback and comparable total cost. Acceptance
gates address selection uncertainty (Zhang et al., 2026b; Xia et al., 2026); they do not replace independent
final evaluation or accounting for proposal and validation costs.

Skill generalization makes this separation concrete. Piao et al. (2026) compares training and held-out
gains and identifies task-specific details encoded as universal rules. Its GSO retains a metaskill for
constructing fresh task-local skills, not the same instantiated skill for every task. This motivates separate
tests of artifact reuse and construction-guidance reuse; a judge’s assessment of a finished skill does not
replace execution-based testing of individual edits.
Attribute gains before expanding search. Mechanism activation and performance benefit are distinct
(Luo et al., 2026e). Retained versions, traces, and selective rollback can identify which edits matter and
which interact, informing subsequent search. Co-Harness and WHALE further couple model and harness
updates (Chen et al., 2026f; Kim et al., 2026a); testing old and updated models under old and updated
harnesses can separate their contributions.
Preserve constraints across generations. A local guard, such as AHE’s protection against destructive
cleanup, does not establish lineage-wide safety (Lin et al., 2026). Revalidation, recovery to earlier versions,
and protection of evaluation mechanisms become especially important when the improver itself changes.

Useful revisions address identifiable execution failures and decision needs under specific task con-
ditions. Stronger RSI claims require evidence of improved subsequent optimization beyond better task
execution.

Limitations

This survey freezes its domain evidence at October 1, 2026; the targeted literature update was checked
through October 20, 2026. Neither horizon establishes exhaustive retrieval, and the update does not
expand the 95-record evidence set; terminology changes rapidly, and publication and artifact-release
practices affect which studies can be inspected. Many included works are preprints. Detailed examples
favor studies reporting concrete modifications, so the visibility of a mechanism in our synthesis should not
be interpreted as its prevalence or superiority. We compare reported evidence rather than independently
reproduce all experiments. Released code may differ from evaluated versions, and missing final artifacts
or ablations limit causal interpretation. The domain groups organize task objectives and overlap in tools
and capabilities. The five-level framework is an analytical lens applied to reported configurations, not a
standardized benchmark or proof of general recursive self-improvement. Cross-domain analogies identify
design questions; they do not establish portability without transfer evaluation.
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OpenAI Codex was used to assist with literature organization, source checking, and manuscript and
LaTeX editing. AI assistance does not constitute independent experimental reproduction or replace human
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Guide to the Appendices

The appendices follow the questions developed in the main paper. They provide method comparisons,
concrete revision records, and evaluation details in the following order.

• Dated update. Appendix I documents the ten studies added to this revision, their inspected versions,
and interpretation limits, separately from the frozen domain records.

• Workflow (Section 2). Appendix A gives the collection criteria, formal loop, four design compar-
isons, and illustrative revision histories.

• Recursive scope (Section 3). Appendix B separates update autonomy, the mechanism reused in
later improvement, and the strength of the supporting evidence.

• Four task domains (Sections 4.1–4.4). Appendices C–F cover coding, reasoning and information
processing, interactive and embodied tasks, and visual tasks. Each proceeds from task families and
seed harnesses to study-level evolution records.

• Cross-domain comparison (Section 4.5). Appendix G compares concrete mechanisms across
domains and records evaluation contracts. It supports the synthesis rather than defining a fifth
domain.

• Research priorities (Section 5). Appendix H follows the main text’s three priorities: measure
transfer, attribute gains, and preserve constraints across generations.

Within each task subcategory, records identify the setting and seed, reported reusable change, and
observed outcome or evidence limit. Repeated evaluation of one artifact is not an independent discovery.
Coding records link to the source index in Appendix C.5; other records provide source locators alongside
their citations. Overview figures remain with the appendix whose evidence they summarize.

A Supporting Evidence for Harness Workflows

This appendix supports Section 2. Appendix A.1 states the collection and evidence criteria used throughout
the survey. Appendix A.2 expands the workflow and maps literature to its components; Appendix A.3
follows the four design themes; Appendix A.4 traces four illustrative updates from reported problems to
observed outcomes. Recursive reuse is assessed separately in Appendix B.

A.1 Literature Collection and Evidence Selection

Coverage and retrieval. The frozen domain collection uses October 1, 2026 as the cutoff for paper
availability; later checks of these records do not extend that cutoff. The separately identified targeted
literature update in Appendix I was checked through October 20, 2026 and does not alter domain-
record membership. Discovery combines targeted title and topic searches, reference following, and
searches by task category and benchmark. Search concepts include harness optimization, recursive
self-improvement, workflow search, and skill or memory evolution. Primary sources include arXiv and
publisher or proceedings records, author-released manuscripts, and official project repositories. Preprints
remain identified as such, and versions of one work are not treated as independent studies. Refereed
publications are cited when available; version-specific source notes identify the manuscripts used for the
case analysis.
Eligibility and comparison unit. Core studies report automated or assisted revision of a reusable
target-agent harness or its improvement mechanism. Static designs, benchmark resources, weight-
only adaptation, and related memory or search methods provide context where relevant; they do not
independently establish a harness-evolution finding. A task-specific answer, patch, or generated image
counts only when the work also changes a procedure reused in subsequent execution. Task-domain cases
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are grouped by subcategory and study, with benchmark-specific evidence retained within each record;
multiple evaluations of one artifact are not independent discoveries.
Size of the domain evidence set. Counts refer specifically to the study entries in Appendices C–F,
excluding background references, workflow comparisons, and Appendix G’s benchmark inventory. There
are 95 category–source records: 36 coding, 33 reasoning/information, 17 interactive/embodied, and nine
visual, across 4, 7, 4, and 5 leaf subcategories respectively. Source identities, checked against arXiv
identifiers across publication versions, yield 62 distinct research papers and the RSI-Exam Lean resource.
Multiple settings grouped in one category entry count once; a source appearing in different categories
contributes multiple records but one source. Records include incomplete artifact reporting, not only
demonstrated modifications. These are current collection counts, not retrospective screening totals or a
count of independent effects.
Evidence extraction. The case analysis records the seed capability, reported problem, modified artifact,
observed behavior or outcome, and evidence location. Detailed examples are selected for an identifiable
change and informative contrast, rather than citation count or publication priority. We distinguish supplied
mechanisms, proposed or intermediate changes, retained artifacts, and changes whose retention is unclear.
Method sections, appendices, and, where checked, public implementations support these distinctions.
Unchecked implementation details are not treated as absent from the source. Whole-system gains,
component ablations, and individual observations support different strengths of inference; the main text
reserves cross-study patterns for substantively comparable evidence. This is an evidence-guided synthesis
rather than an exhaustive systematic review or a pooled performance analysis.

A.2 Workflow Components and Formal Loop

Problem formulation. Equation 1 follows the fixed-model objective in Lee et al. (2026b, Section 3):
improve expected task reward by revising the reusable harness. In practice, candidate search uses a finite
task set Xsearch, so gains on that set must be distinguished from generalization to the target distribution
X . To describe the search for H∗, we use P for the proposer, H for retained harnesses, D for the history
of code, scores, and traces, and EH for evaluation records. The time indices and controller C below are
survey abstractions.
Improvement loop. A single-candidate round consists of three steps.

Propose a candidate. At round t, the proposer uses the selected parent code, traces, and feedback in
optimization history Dt to construct a candidate harness:

H̃t ∼ P (Dt). (2)

Evaluate the candidate. The target agent executes tasks from Xsearch using H̃t. Evaluation records the
feedback permitted by the protocol, including task scores, proxies, or execution failures:

E
H̃t

= Evaluate(H̃t,M,Xsearch). (3)

Update the retained state. The controller uses this evidence to update the retained harnesses Ht and the
history available to later proposals:

(Ht+1,Dt+1)

= C(Ht,Dt, H̃t, EH̃t
).

(4)

The retained set may contain one incumbent or multiple candidates. Rejected trials can remain in Dt as
evidence for subsequent edits; this optimization history is distinct from memory used by the target agent
to solve tasks. Joint model–harness optimization additionally updates Mt (Section 2.5).
Prepared diagnosis and active inspection. AHE’s seven edit types separate system prompts, tool
descriptions, tool implementations, middleware, skills, subagent configurations, and long-term memory;
tracing, verification, run records, and model configuration remain fixed. Git supports comparison and
rollback (Lin et al., 2026, Sections 3.1–3.3). RHO combines individual and cross-trajectory diagnosis,
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whereas Meta-Harness exposes raw trial artifacts for inspection (Pan et al., 2026; Lee et al., 2026b). These
choices determine which analysis is supplied and which the proposer performs itself.
Component map. Figure 4 indexes mechanisms by their role in the loop. Its branches overlap: they
identify what a method contributes, not mutually exclusive paper classes. The same implementation may
perform several roles, and its role can change between search and deployment.

A.3 Comparative Design Choices

The comparisons follow Sections 2.2–2.5. Each table records available evidence, the decision and updated
object, and the verification boundary. Entries describe published procedures unless explicitly marked as
discovered artifacts; the tables compare mechanisms rather than rank performance.

A.3.1 Search Strategies

Table 1 separates workflow-tree expansion, ancestry selection, evolved inner search, and evidence sharing
across parallel lineages. HGM estimates the value of an ancestry; AIDE2 distinguishes the fixed outer
optimizer from the search policy discovered inside its research agent.
Alternative retention and search objects. Beyond the main-text comparisons, HyEvo maintains islands
of hybrid LLM/code workflows, while MaAS learns a distribution over query-dependent architectures (Xu
et al., 2026a; Zhang et al., 2025a). Diversity can therefore reside in retained lineages or in the distribution
generating a task-specific architecture. These are different search objects rather than interchangeable
versions of one tree policy.

A.3.2 Memory Management

Table 2 distinguishes experience used to propose edits or configure execution from the executable
procedures that manage it. The same study may occupy multiple roles or phases; storing more experience,
rewriting its retrieval procedure, and changing the improver’s retrieval policy are different interventions.
Related task-memory methods. ReasoningBank extracts strategies from successful and failed trajecto-
ries; ReMe retrieves, rewrites, and prunes experience; CHIME separates planning and execution memories
and attributes credit to guide updates (Ouyang et al., 2026; Cao et al., 2026; Ye et al., 2026c). Their
relevance is the experience made available to the target agent. Updating this content is distinct from
evolving the procedures that construct, retrieve, and use it, as in MemEvolve and MemCodex (Zhang
et al., 2026a; Wang and Liu, 2026).

A.3.3 Guiding Evolution Directions

Table 3 compares diagnosis from existing traces (RHO), acquisition of new failure evidence (ActiveSad-
dler), and edit-specific checks for improvement and regression (HarnessLens). These mechanisms can
coexist: a diagnosed weakness can guide evidence collection and later verification. They differ from
selecting the parent lineage itself.

A.3.4 Coupling with Model Training

Table 4 distinguishes training the target model from training the harness editor. It records the source
of supervision and what remains fixed, so a gain from joint model–harness updates is not attributed to
harness revision alone.
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Component Design dimension Selected mechanisms and literature

Coding agents: SICA (Robeyns et al., 2025), DGM (Zhang et al., 2026e).
Separate classification, math, and coding searches: Meta-Harness (Lee et al.,
2026b).

Task
coverage

One harness across tasks: Multi-Task Self-Harness (Xu, 2026).
Joint model–harness updates: WHALE (Kim et al., 2026a), Co-Harness (Chen et al.,
2026f).

Transfer and
coupling

Target
agent

AHE (Lin et al., 2026): seven file-represented component types, with fixed tracing
and verification infrastructure.
Related scope: prompt search in GEPA (Agrawal et al., 2026); module edits in
ModularRSI (Wu et al., 2026b).

Editable
interfaces

SICA (Robeyns et al., 2025): rewrites its Python agent code, including tools and
orchestration.
Earlier code-space design: ADAS (Hu et al., 2025).

Executable
programs

Skill documents: SkillOpt (Yang et al., 2026d).
Memory mechanisms: MemEvolve (Zhang et al., 2026a), MemCodex (Wang and Liu,
2026).

Skills and
memory

Target
agent’s
harness

AHE (Lin et al., 2026): drills down from layered reports to traces and records pre-
dicted edit effects.
Retrospective diagnosis: RHO (Pan et al., 2026).

Diagnostic
evidence

Meta-Harness (Lee et al., 2026b): reads prior candidate code, scores, and raw traces
through a filesystem.
Search-time diagnoses and patterns: MemoHarness (Huang et al., 2026b).

Experience
access

Trained editor: Harness-R1 (Shao et al., 2026).
Editable improvement routines: STOP (Zelikman et al., 2024), Hyperagents (Zhang
et al., 2026f).

Changing the
proposer

Proposer

Task outcomes: Meta-Harness (Lee et al., 2026b).
Self-preference: RHO (Pan et al., 2026); unlabeled-task proxies: TTHE (Nie et al.,
2026b).

Feedback
access

Quality, cost, and time: SICA (Robeyns et al., 2025); safety and utility:
HARDE (Liu et al., 2026e).
Staged checks: HarnessBank (Luo et al., 2026e); multi-fidelity: HARBOR (Sengupta
and Wang, 2026).

Objectives
and
verification

Evaluator

DGM (Zhang et al., 2026e): samples an archive of agents to explore alternative im-
provement lineages.
Workflow tree search: AFlow (Zhang et al., 2025b); incumbent refinement:
AIDE2 (Srikanth et al., 2026).

Search and
retention

Bounded edits and resource-aware acceptance: RRSI (Xia et al., 2026).
Statistical gates: SAGE (Wang et al., 2026d); recombination: HarnessBank (Luo
et al., 2026e).

Admission
and
integration

Candidate budgets: HGM (Wang et al., 2026b); task selection: HarnessLens (Xu
et al., 2026b).
Feedback-generating curriculum: ActiveSaddler (Park et al., 2026).

Experiment
allocation

Test-time evolution: TTHE (Nie et al., 2026b); coupled phases: WHALE (Kim et al.,
2026a).
Editable evolver policies: HSI (Zhou, 2026); task/meta programs:
Hyperagents (Zhang et al., 2026f).

Timing and
meta-updates

Controller
and
history

Figure 4: Selected literature across five harness-improvement components. Bold method names identify
the four expanded case studies in Appendix A.4; other works illustrate complementary mechanisms and
earlier methodological foundations. Braces denote overlapping categories, not temporal succession or an
influence ranking. MemoHarness is shown in its search-time role; Table 2 distinguishes deployment reuse.
Task-agent memory and optimization history remain distinct; recursive scope is assessed in Section 3.
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Method / source Evidence available Decision and updated object Verification and
boundary

AFlow
(Zhang et al., 2025b)
Secs. 3–4

Evaluated code-defined
workflows and execution
feedback retained in a search
tree.

A Monte Carlo tree-search
variant selects and expands
candidate workflows through
LLM-generated changes.

Execute candidates on
tasks. A node is a
complete workflow, not
an action within one
task trajectory.

HGM
(Wang et al., 2026b)
Secs. 3.3, 4.1

Agent–task outcomes
aggregated across an
ancestor’s clade, including
evaluated descendants.

Use clade-metaproductivity
estimates and Thompson
sampling to choose expansion;
allocate evaluation at the
agent–task level separately from
generating children.

The controller estimates
the value of continuing
an ancestry. This is a
prescribed search policy,
not evidence that the
policy itself evolved;
descendant outcomes
need not track the
parent’s current score.

AIDE2

(Srikanth et al.,
2026)
Secs. 2.2, 3.5;
Figs. 5–6

Research-agent grades select
outer-loop rewrites. Within a
task, candidate results and
error histories inform the
discovered agent’s search.

The discovered AIDE85 replaces
greedy solution refinement with
strategy-arm selection and
periodic forking; it also replaces
concatenated history with
bounded summaries and
conditional failure memory.

These are reported
changes inside the
research agent. The
outer loop still edits the
best incumbent; the
diverse inner search is
not an archive-based
outer search.

TTHE
(Nie et al., 2026b)
Sec. 4

Own-lineage and
cross-lineage traces from the
current unlabeled task batch;
available proxies and judge
probes.

Each branch edits its own parent
while sharing evidence; a final
judge selects among final-round
candidates.

Selection lacks target
gold labels. The
evaluated batch supplies
adaptation evidence, so
the setting is
transductive.

Table 1: Search strategies: evidence, update mechanism, and verification boundary.
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Method / source Evidence available Decision and updated object Verification and
boundary

MemoHarness
(Huang et al.,
2026b)
Secs. 2.4–2.6

Search-time experience
accumulated as case records
and distilled patterns; the
resulting bank is reused at
deployment.

During search, retrieve evidence
to propose global harness
updates; at deployment,
configure a case-specific harness
from the frozen bank.

The bank is frozen at
deployment; adaptation
uses no new task
feedback or additional
search. The deployment
phase reuses learned
experience.

MemEvolve
(Zhang et al., 2026a)
Secs. 3.2, 4

Inner-loop trajectories and
performance under
candidate memory
architectures.

Diagnose and redesign
executable encoding, storage,
retrieval, and management
modules; select architectures for
further evolution.

Evaluate each
architecture while its
experience base grows
from an empty
initialization. The outer
loop changes memory
mechanisms, not only
stored content.

MemCodex
(Wang and Liu,
2026)
Sec. 2.2;
Algorithm 2

Failed query traces, lost
supporting turns, parent
layer code, and a log of
rejected edits.

Diagnose the first method losing
supporting evidence; each child
rewrites one method of one layer
or toggles one layer. Accepted
architectures enter an archive;
rejected edits remain diagnostic
records.

Check memory
constraints, then
compare accuracy and
token cost on the same
questions with the task
agent and judge fixed.
Improvements must not
worsen either metric;
accuracy-only gains
require a paired
significance test. This is
the published update
protocol.

MetaSkill-Evolve
(Wang et al., 2026f)
Secs. 3.3–3.5, 4.3

A persistent graph stores
evaluated branch states,
lineage and cross-branch
inspiration links; recent
descendant gains supply a
slow-loop signal.

Periodically turn the
improvement history into a
meta-failure trace and apply the
improvement pipeline to
branch-specific meta-skill files,
including retrieval and proposal
policies. Descendants inherit the
resulting snapshot.

The changed object
guides the improver, not
the target agent’s
task-memory store.
Frozen-meta-update and
retrieval ablations test
these components’ roles;
they do not isolate every
individual file revision.

Table 2: Memory management: evidence, update mechanism, and verification boundary.
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Method / source Evidence available Decision and updated object Verification and
boundary

RHO
(Pan et al., 2026)
Sec. 4; App. D

Individual trajectories and
recurring deficiencies
identified across trajectories,
without reference answers.

Retrospective diagnosis produces
harness-edit proposals; trajectory
self-preference compares
candidate behavior.

Retain proposals with
positive aggregate
preference. This signal
is a proxy, not an
independent correctness
label.

ActiveSaddler
(Park et al., 2026)
Sec. 4; App. K

A growing registry of failure
patterns, supporting
scenarios, diagnostic
evidence, and optimization
history.

Group diagnosed failures into
evolving failure-pattern arms
under a non-stationary bandit
formulation. An LLM reassesses
severity, fixability, breadth, and
side-effect risk from the latest
history; stochastic arm selection
and a separate exploration
decision govern revisiting known
patterns or exploring unseen
scenarios.

The harness updater
remains unchanged.
Earlier successes
become eligible for
revisiting after coverage
conditions, allowing
regressions to be
rediscovered.

HarnessLens
(Xu et al., 2026b)
Secs. 4.2–4.3;
App. A.4

Successful strategies and
recurring deficiencies linked
to supporting trajectories,
affected components, and
task groups.

Propose supported behavior
changes; select recovery,
positive-control, preservation,
and diagnostic tasks around each
proposed edit.

Require attributable
improvement without
observed regression,
then confirm on a mostly
fresh batch. Checks
cover sampled behavior,
not all capabilities.

Table 3: Guiding evolution directions: evidence, update mechanism, and verification boundary.

Method / source Evidence available Decision and updated object Verification and
boundary

Co-Harness
(Chen et al., 2026f)
Secs. 3.2–3.5

Diagnosed execution failures
and trajectories collected
under an improved harness.

Validate harness repairs, then use
improved-harness trajectories to
fine-tune the task model;
alternate the two loops.

Patch validation
precedes training-data
generation. Model
parameters and harness
artifacts change through
distinct update steps.

WHALE
(Kim et al., 2026a)
Secs. 3–4

Reward-filtered rollouts for
model training; candidate
execution scores and traces
for harness search.

Alternate rejection-sampling
fine-tuning with Meta-Harness
search under the updated model.

Each phase holds its
counterpart fixed. Joint
optimization changes
both weights and
harness; it need not
rewrite the alternating
procedure.

Harness-R1
(Shao et al., 2026)
Sec. 3

Failure packets and task
outcomes from fresh
executions with proposed
runtime patches.

Train a dedicated harness
engineer with supervised
fine-tuning and then
outcome-grounded GRPO.

Rerun the same task
batch with each patch
while holding the target
fixed during engineer
training. The learned
object is the editor’s
policy.

Table 4: Workflow extensions: evidence, update mechanism, and verification boundary.
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A.4 Illustrative Revision Histories

Selection and reading guide. These cases examine how evidence becomes a persistent update. Figure 4
maps representative literature to the five workflow components and their design dimensions. Table 5
follows concrete revision histories in SICA, DGM, Meta-Harness, and AHE: the reported problem, the
changed artifact, and the observation supporting its interpretation. These cases contrast tool refinement,
alternative ancestry, learning from rejected trials, and execution-time enforcement. The preceding
Tables 1–4 compare search, memory, direction guidance, and training; this table instead follows concrete
before-and-after revisions. Selection reflects these contrasts rather than a citation ranking. Dates denote
first public arXiv submission; source locators refer to the cited versions. Empirical observations and our
comparative readings are separated; within-run gains are not cross-paper performance rankings. Section 4
and its appendices organize task-specific artifacts more broadly.
Cross-case synthesis. Current performance and continuation value are different quantities. SICA’s
best-parent rule, DGM’s productive ancestry through score dips, and HGM’s descendant-based estimate
expose different ways of spending further search on existing candidates (Robeyns et al., 2025; Zhang
et al., 2026e; Wang et al., 2026b). AIDE2 adds a separate distinction: a discovered inner search policy
should not be used to classify its fixed outer optimizer (Srikanth et al., 2026). The separate ignition test
and its evidence limits are discussed in Appendix B.

Experience reuse and mechanism revision require different evidence. A frozen MemoHarness bank
can configure execution without new search; MemCodex instead evaluates executable memory edits, and
MetaSkill-Evolve updates policies that guide future edits (Huang et al., 2026b; Wang and Liu, 2026; Wang
et al., 2026f). A comparison must identify the consumer of the experience and the artifact that persists,
not simply report that a system has memory.

Traceable changes need not establish isolated causal gains. Meta-Harness’s rejected trials explain a
change of proposal direction; AHE’s passing trace shows an execution guard taking effect. The former
is qualitative search evidence, while the latter accompanies a paired intervention (Lee et al., 2026b; Lin
et al., 2026). Training introduces another attribution boundary: Co-Harness and WHALE update the task
model, whereas Harness-R1 keeps it fixed while training the editor (Chen et al., 2026f; Kim et al., 2026a;
Shao et al., 2026). These distinctions determine which part of the improvement process the evidence
actually supports.
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Case / source Reported problem and
evidence

Concrete update Observation and
interpretation

SICA
(Robeyns et al.,
2025)
21 Apr 2025
Secs. 3–4;
Table 1; App. D

The seed relies on whole-file
overwrites, described as slow
and token-inefficient. The
mixed benchmark includes
synthetic file editing and
symbol navigation; utility
includes performance, time,
and cost.

The update sequence introduces
SmartEditor and diff/range edits,
followed by an AST symbol
locator at iteration 9. Later
revisions combine lexical
candidate search with AST
verification.

Observed: iteration-level
results accompany the
reported tool changes; final
retention of every listed
edit is not established.
Reading: task feedback
can motivate reusable
interfaces rather than only
better task answers.

DGM
(Zhang et al.,
2026e)
29 May 2025
Sec. 4.4; Fig. 3;
Apps. C.2, F

The seed views and edits
whole files. Archived agents
inspect benchmark logs
before implementing
descendants; selection
balances performance with
the number of functional
children.

Discovered changes include
line-level viewing, string
replacement, repeated solution
attempts, and model-based
selection among attempts. The
archive retains alternative
ancestors for later
self-modification.

Observed: the final best
SWE-bench lineage passes
through two score dips; the
archive-based run
outperforms the no-open-
ended-exploration baseline.
Reading: an intermediate
score loss need not
eliminate a useful ancestry;
it does not make every
weaker candidate valuable.

Meta-Harness
(Lee et al., 2026b)
30 Mar 2026
Apps. A.2, B.3

In the reported
TerminalBench-2 search,
prompt and completion-flow
changes repeatedly regress
from Terminus-KIRA. The
proposer compares earlier
code and traces, identifying a
shared prompt intervention
across different failed fixes.

After six regressions, iteration 7
adds an environment snapshot
before execution, including
available tools and files, while
preserving the established
control loop. Rejected trials
inform this change of direction.

Observed: the additive
candidate becomes the
best in that run; the
discovered harness
includes environment
bootstrapping. Reading:
history can change which
intervention is attempted,
not merely provide
examples to imitate. This
is a qualitative trajectory,
not a universal preference
for additive edits.

AHE
(Lin et al., 2026)
28 Apr 2026
Apps. C.1.2,
C.2.2; Fig. 9

In path-tracing, the
agent produces and checks
the output, then deletes it
during cleanup. Prompt
advice against destroying
verified state is already
present but unenforced;
iteration 4 scores 0/2.

The iteration-5 pair adds
publish-state rules and a stateful
shell guard. The guard records
protected outputs after a
successful check and intercepts
later commands that would
delete or reset them.

Observed: the next two
rollouts pass; traces show
the guard blocking
cleanup. Reading:
diagnosis can shift an
intervention from advice
into execution control. The
paired edits and
two-rollout observation do
not isolate each
component’s contribution.

Table 5: From observed problems to reported harness changes. Each row follows a concrete revision
history. The last column distinguishes the paper’s observations from our comparative reading; a before–
after result does not isolate every edit’s causal effect.
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B Configurations and Evidence of Recursive Reuse

This appendix supports Section 3. Appendix B.1 first separates autonomous execution from autonomous
updating. Appendix B.2 then asks which changed mechanism is used in subsequent improvement, com-
paring agents, skills, search policies, and evaluation. Appendix B.3 distinguishes a proposed mechanism,
demonstrated reuse, and evidence of benefit. These are complementary comparisons within the main
text’s five-level framework.

(a) Fixed improvement procedure (L3)

Improver I Harness Ht+1

Same I Harness Ht+2

update

next update
unchanged parent

The harness changes; the im-
provement procedure stays fixed.

(b) Recursive reuse (L4)

Improver It Improver It+1

Use It+1 Harness Ht+2

revise and assess

retain updated improver
next update

A changed improvement mech-
anism generates later changes.

Figure 5: Fixed versus recursively reused improvement mechanisms. In (a), the same improver I produces
successive harness revisions. In (b), an updated It+1 is retained and invoked for later modification. This
distinguishes L4 from L3 under Liu et al. (2026d); fixed outer constraints may remain. The schematics
establish neither measured gains nor general recursion.

B.1 Update Autonomy

Human-assisted configurations. Continual Harness contrasts human-guided revisions with an automated
refiner. ARIA identifies knowledge gaps and requests corrections from human experts before updating
persistent knowledge; Growing with Your Embodied Agent converts human corrections into reusable
manipulation skills (Karten et al., 2026; He et al., 2025; Meng et al., 2025). These configurations
preserve the distinction between autonomous task execution and the human input required for substantive
improvement. Their inclusion does not imply that the mechanism producing later updates itself evolves.

B.2 Mechanisms Reused in Later Improvement

The comparison follows the operation performed by the updated artifact. A system can change several
such operations; the groups below are not additional RSI levels.

B.2.1 Agents and Improvers

STOP rewrites an improver program, while SICA and DGM reuse modified coding agents to implement
subsequent changes (Zelikman et al., 2024; Robeyns et al., 2025; Zhang et al., 2026e). Hyperagents makes
meta-level modification explicit, and Multi-Task Self-Harness uses the evolving harness for both solving
and proposing (Zhang et al., 2026f; Xu, 2026). AIDE2 shows why configurations must be separated: its
main outer loop edits an inner research agent, whereas a separate ignition test deploys an evolved agent as
the outer improver. That test demonstrates reuse in the improving role, but its three seeds per arm do not
establish an efficiency advantage over the original outer agent (Srikanth et al., 2026, Sections 2 and 3.6).
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B.2.2 Improvement Skills and Procedures

The distinction is who invokes a retained skill. MetaSkill-Evolve updates procedures for analysis, retrieval,
allocation, proposal, and editing using descendant outcomes; these procedures guide later improvement
(Wang et al., 2026f). Promptbreeder similarly evolves mutation prompts used to generate later task-prompt
changes (Fernando et al., 2024). By contrast, persistent task-execution skills, such as those produced by
HASP, need not change the procedure generating and validating skills (Liu et al., 2026a). Calling both
artifacts “skills” conceals different recursive roles.

B.2.3 Selection and Search Policies

HSI rewrites evolver strategies, while Dream-RSI improves an exploration policy through replay and
redeploys it for later search (Zhou, 2026; Zheng et al., 2026). Their revised policies influence subsequent
optimization, although the outer training or meta-evolution protocol remains prescribed. HGM’s clade-
based selection and MILO’s adaptive orchestration provide useful contrasts (Wang et al., 2026b; Jana
et al., 2026): different decisions in response to history do not alone show that the decision rule itself
evolved. The search comparisons in Section 2.2 therefore do not automatically imply different RSI levels.

B.2.4 Evaluation and Feedback Mechanisms

The Last Harness You’ll Ever Build proposes a meta-evolution loop over a blueprint containing the
evaluator and evolution agent (Seong et al., 2026). This conceptual framework broadens the proposed
editable mechanism; it does not itself establish an experimentally retained evaluator revision. Evolving
tasks or environments, as in Env-Rethink, instead changes the experience supplied to an optimizer;
recursion in the generator requires evidence that its own update mechanism changes and is reused (Wu
et al., 2026c). When evaluation becomes editable, progress also needs an independent criterion so that
changes in the judge are distinguishable from improvements in the agent.

B.3 Interpreting the Evidence

The cases distinguish three evidential steps: specifying an editable mechanism, showing that its changed
version is invoked in later improvement, and measuring the benefit of that reuse. A proposed blueprint, an
executed revision, and a matched comparison answer different questions. This distinction connects the
mechanisms above to the task-level modifications in Appendices C–F.
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C Coding Harness Evolution: Supplementary Evidence

This appendix supports Section 4.1: program generation, repository engineering, terminal tasks, and ML
engineering. Source locators appear in Appendix C.5.
Coverage and organization. Four task categories contain 36 category–study entries covering 38 study–
setting records from 26 studies. Related benchmarks are kept within one paper’s category entry; a paper
appearing in several categories or transfer settings is not an independent replication. This is a selected
evidence set, not an exhaustive census.
Evidence scope. Each entry states the starting setting and seed, reported reusable change, and evidence
and limits. Retained executable changes, intermediate discoveries, skill-bank examples and update
procedures remain distinct. A higher benchmark score alone does not identify what evolved, and whole-
harness gains do not isolate constituent mechanisms. Frozen transfer, test-time adaptation and transfer of
an updating skill manager are identified separately.
Figure 6 summarizes representative seed structures. The four task families below organize the evidence
for the interface, context-access, and failure-recovery patterns discussed in the main text.

C.1 Program Generation and Editing

The comparison follows how program-generation harnesses edit structured code, select candidate pro-
grams, and respond to executable checks.

SICA: local editing and symbol navigation. (Robeyns et al., 2025) [S24]

Setting and seed. LiveCodeBench participates in one mixed-task evolution run. The seed already has
subagents and file-context management but modifies files only through whole-file overwrites.
Reported evolution. Whole-file overwrites are extended with diff- and range-based editing, followed by
a Python AST symbol locator in iteration 9. Appendix D’s update sequence also reports a SmartEditor
InputNormalizer (update 6), reduced diff-context output (8 and 13), MainAgent detection and routing of
editing tasks (10), and AST parsing restricted to relevant code regions instead of entire files (14). These
change the reusable editing interface and the amount of code processed or returned.
Evidence and limits. These are reported implemented updates; retention in the final utility-winning agent
remains unconfirmed. The normalizer’s exact transformations were not independently checked in code.
The 15-round run combines 50 SWE tasks, 50 LiveCodeBench tasks and synthetic editing/navigation
tasks; synthetic navigation mainly motivates the AST tool. No individual ablation establishes the effect of
these updates, and their appearance in two benchmark records is not independent replication. The seed’s
XML tool-call format, subagents and context management are inherited capabilities.

TTHE: verification only after exposed failures. (Nie et al., 2026b) [S25]

Setting and seed. Test-time adaptation uses a recent hard subset of 60 LiveCodeBench problems, starting
from a ReAct scaffold without the reported conditional verification-and-repair route; the release window
is unspecified.
Reported evolution. The selected scaffold retains a low-cost solving path and adds verification and repair
when public tests fail. Additional execution is thus conditional on an observed failure, rather than required
for every problem.
Evidence and limits. The route is reported as retained. Adaptation and scoring use the same batch,
making this a transductive result rather than a sealed generalization test. There is no individual-change
ablation. The SWE empty-patch retry and DS-1000 tasks in the shared configuration do not establish
additional LiveCodeBench mechanisms.

Darwin Gödel Machine: recoverable edits and candidate delivery. (Zhang et al., 2026e) [S22] [S34]

Setting and seed. Aider Polyglot evolution starts from bash, a whole-file editor and one agent attempt.
Optimization uses 60 problems; 165 further problems support generalization evaluation.
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Task family Benchmark / setting Seed harness structures

Code-writing and tool-use loop.
DGM initial agent (Polyglot) (Zhang et al., 2026e); ReAct
scaffold (TTHE, LiveCodeBench) (Nie et al., 2026b). The
model acts through execution or file-editing tools, then uses
their outputs to guide its next step.

Program or workflow skeleton.
AFlow empty workflow (MBPP) (Zhang et al., 2025b); Evol-
veNet shared seed (DS-1000) (Nie et al., 2026a). Their start-
ing control logic is an empty workflow or a shared solver
program.

HumanEval / MBPP

LiveCodeBench

Aider Polyglot

DS-1000

EvoAgentBench LiveCode

Program
generation
and editing

Shell-driven coding loop.
mini-swe-agent (TTHE) (Nie et al., 2026b); minimal H0

(OneRecipe) (Yang et al., 2026c). A short task prompt and
repeated shell calls let the model inspect a repository and run
commands.

File-editing coding agent.
DGM initial agent (Zhang et al., 2026e); SICA initial agent
(Robeyns et al., 2025). Direct file views and whole-file edits
accompany command execution. Richer seeds already include
tests, subagents, or file-context management.

SWE-bench Verified

SWE-bench Lite

SWE-Bench Pro

Multi-SWE-Bench

DeepSWE (transfer)

IndustrialBugs (filtering)

Repository-
level
software
engineering

Prompt–shell interaction loop.
NexAU_0 (AHE, TB 2.0) (Lin et al., 2026); Terminus-2 (RRSI,
TB 2.1) (Xia et al., 2026). A task prompt drives repeated
shell commands; command outputs return to the model to
guide its next action.

Shell plus file tools.
Minimal DeepAgent (Self-Harness, TB 2.0). The execution
loop also exposes explicit operations to read, write, and edit
files (Zhang et al., 2026b).

Terminal-Bench 2.0

Terminal-Bench 2.1

Terminal-Bench 2.x
Minor version unspecified

Terminal-
based
engineering
tasks

Greedy experiment-search agent.
AIDE0 (AIDE2 source lineage). Draft and improve ML so-
lutions, select the current best candidate, and retain the full
candidate history (Srikanth et al., 2026).

Prompt–tool–parser loop.
Meta-Agent-initialized A1 (SIA, MAGIC). A task prompt,
single-tool dispatch loop, and output parser connect the model
to the experiment interface (Hebbar et al., 2026).

Knowledge-guided research agent.
AIBuildAI-2 with its initial L1/L2 knowledge. A hierarchical
ML agent starts with a human-authored topic index and an
initial corpus of research guidance (Zhang et al., 2026h).

MLE-bench
Lite22 transfer (AIDE2)

MAGIC denoising
Hyperparameter optimiza-
tion

Machine
learning
engineering

C
od

in
g

Figure 6: Coding task families, evaluation settings, and seed-harness structures. Italics identify concrete
seeds or study-specific initial configurations. Bold labels summarize starting architectures and supported
variants within each family; individual seeds need not contain every listed capability. Braces group bench-
marks and structures at the family level. Study-specific configurations and evidence are in Appendix C;
transfer settings refer to the source lineage’s seed. Families overlap, Terminal-Bench versions remain
distinct, and EvoAgentBench LiveCode is separate from LiveCodeBench.
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Reported evolution. The retained implementation adds replacement, insertion, range editing and undo,
plus up to three attempts with workspace resets. Patch/test summaries inform later attempts; execution
success and test counts guide selection, after which the selected patch is replayed. Local revision becomes
recoverable, while candidate exploration is separated from final delivery.
Evidence and limits. The full-benchmark score increases from 14.2% to 30.7% (Section 4.4). This
includes the optimization subset and measures the complete lineage, not either mechanism in isolation.
Appendix F.2 gives the retained code, but its diff has not been linked to a repository commit. Internal tests
do not access private ground truth. The coarse seed interface is a documented limitation, not an isolated
failure-trace experiment.

EvolveNet: separating library-specific and shared behavior. (Nie et al., 2026a) [S29]

Setting and seed. DS-1000 evolution starts from a 17-line shared seed program, before client-specific
improvements are merged.
Reported evolution. The round-2 example keeps schema preanalysis inside the Pandas branch while
moving broadly applicable execution retries into shared cross-library logic. The merge preserves the
intended scope of each client specialization.
Evidence and limits. This is a reported merge discovery, not independently inspected final source; final
retention remains unconfirmed. The protocol uses local feedback, server validation and held-out tests,
but supplies no causal ablation of this merge. The Pandas-specific example does not establish a concrete
discovery on SWE or LiveCodeBench, nor does a short seed alone identify a particular tool architecture.

AFlow: composing generation, selection and conditional repair. (Zhang et al., 2025b) [S53]

Setting and seed. MBPP search begins with an empty workflow template and manually predefined
operators. The LLM revises reusable code and prompts using parent workflows, modification history and
execution feedback.
Reported evolution. The selected round-14 program generates three candidates, selects with ScEnsemble
and invokes Test. Failed tests route their output to FIX_CODE_PROMPT for repair. The evolved object
is this executable composition and its conditional branch, rather than a newly invented operator or a single
task answer.
Evidence and limits. Each candidate receives five validation runs, and the cited listing is the retained best
MBPP program. The failure branch passes the problem, failed solution and returned test error to the repair
prompt; the listing returns the repaired candidate without a further test call. A separate test-generation
example is not this final chain. Component-level causal gains are not established, and the workflow must
not be relabeled as HumanEval’s selected implementation.

HarnessBank: recovery after runaway reasoning. (Luo et al., 2026e) [S20]

Setting and seed. The EvoAgentBench LiveCode setting starts from a vanilla harness that can return an
empty turn after reasoning exceeds its budget. The precise initial implementation is unspecified.
Reported evolution. A retained recovery branch disables thinking only after runaway reasoning prevents
output from resuming. Ordinary execution keeps its original reasoning mode, so the change is event-
triggered recovery rather than globally disabling thinking or uniformly expanding the budget.
Evidence and limits. Training and test data are separate, with one sealed test after training-based
selection. The relationship between EvoAgentBench LiveCode and official LiveCodeBench, including
release alignment, remains unverified. The recovery example cannot be assigned to official LiveCodeBench
or Terminal-Bench, and it does not isolate the causal contribution of the branch from the complete harness.

MermaidFlow: inheriting testing and candidate diversity. (Zheng et al., 2025b, Section 5.4, Figure 4;
Appendix B.3)
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Setting and seed. HumanEval search represents workflows as editable Mermaid graphs over supplied
operators. The illustrated crossover starts from two existing parent workflows, not a newly identified
universal seed.
Reported evolution. Workflow_8 combines the test node introduced by Workflow_4 with Workflow_
5’s more diverse ensemble. Verification and candidate diversity can therefore be inherited from different
parents through executable graph composition.
Evidence and limits. Section 5.4 and Figure 4 document this generated child. Appendix B.3 separately
provides a selected HumanEval implementation; the crossover child is not automatically that final winner.
The reported score does not isolate the testing node’s effect, and the operators themselves are supplied
rather than evolved by this example.

FlowEvo: reusing skills directly or as construction context. (Ren et al., 2026, Sections 3–4; Appendix A)

Setting and seed. HumanEval and MBPP use generated workflows augmented by a persistent skill bank.
Successful executions can supply procedures for subsequent tasks; Appendix A separates bank growth
from frozen-bank MBPP evaluation.
Reported evolution. Acquired skills can execute directly when compatible, or provide structured context
for constructing a new workflow. This changes what is retained between problems and how the next solver
uses it.
Evidence and limits. On the 71 exact-transfer cases, direct reuse reaches 85.9% versus 81.7% for
dynamic generation with lower token use; text memory reaches 87.3% at higher cost. No router pair
separates significantly on the full evaluation split. These comparisons support conditional reuse, not
universal replay superiority or a final coding-specific skill lineage. The detailed ALFWorld listing is not a
coding artifact.

C.2 Repository-Level Software Engineering

The comparison follows repository navigation, patch construction, and the checks needed to establish that
a patch works in its environment.

Darwin Gödel Machine: editing, patch selection and context recovery. (Zhang et al., 2026e) [S22]
[S23]

Setting and seed. SWE-bench evolution begins with a fixed model, bash and whole-file editing. Test
execution and test summarization are already seed capabilities.
Reported evolution. The best lineage adds line-range viewing and unique string replacement. Ap-
pendix F.1’s added is_patch_valid rejects empty or whitespace-only patches, patches with no parsed
modified files, and changes classified as test-only by a filename heuristic. The execution loop resets the
workspace and supplies the failure reason before another attempt, with up to three attempts in total. It also
compares candidates with internal tests and summarizes older messages after context overflow before
resuming. Testing itself is inherited; the evolved changes govern its use and the recovery paths.
Evidence and limits. The changes are reported as retained. Screening on 10+50 tasks precedes evaluation
on 200 tasks that include those screening tasks; this is not an independent 500-task test. No individual
causal ablations apportion the overall gain among the changes. Context summarization does not guarantee
preservation of every earlier tool result.

SICA: extending the inherited editing interface. (Robeyns et al., 2025) [S24]

Setting and seed. SWE-bench Verified shares one mixed-task run with LiveCodeBench and synthetic
tasks. The seed already contains subagents, an asynchronous overseer and file-context management, but
editing is limited to overwriting files.
Reported evolution. Evolution adds diff- and range-based editing, followed by an AST symbol locator
in iteration 9. Appendix D further records editor-input normalization, task-based edit routing, smaller

35



diff-context returns and parsing only relevant AST regions; the program-generation entry gives the update
numbers. The existing subagents, overseer and XML tool-call parser are inherited architecture.
Evidence and limits. The fixed 50-task SWE subset participates in a 15-iteration mixed-task run, not an
independent repository-only search. These are reported implemented discoveries whose retention in the
final utility winner has not been verified from its diff. Overall SWE improvements cannot be assigned to
individual changes, and the AST discovery is primarily associated with synthetic navigation tasks.

Multi-task Self-Harness: one lineage across three repository settings. (Xu, 2026) [S01]

Setting and seed. The seed is a 49-line prompt-and-bash loop that appends raw outputs without timeouts,
compression or recovery. SWE-Bench Pro contributes 60 evolution tasks and 100 held-out tasks from
a pool of 731. Verified (100 tasks) and DeepSWE (53 tasks) are frozen out-of-distribution evaluations,
excluded from evolution.
Reported evolution. Outputs previously appended verbatim are bounded: above 48,000 characters, the
harness preserves the beginning and end and inserts a notice suggesting a narrower command or saving
output to a file. Outputs older than the latest six are shortened to at most 6,000 characters. These rules
appear in iteration 1 and remain in the selected iteration 5. Separate history compaction preserves opening
and recent messages, and a fresh-context completion review checks the task against the filesystem.
Evidence and limits. Section 5.2 reports that the seed aborts on 12 SWE-Bench Pro tasks because test
or build output exceeds the input limit; iteration 5 solves seven of them. This is a complete-version
comparison, not an ablation of truncation. The same lineage serves all three settings, so they are not
independent discoveries. History compaction rarely triggers in coding; it is distinct from per-output
trimming. The iteration-6 budget cap is excluded. DeepSWE currently has no second extracted study
supplying a concrete change for comparison.

Self-Harness: model-specific patch verification. (Zhang et al., 2026b) [S10] [S11]

Setting and seed. Three independent model-specific searches on a 100-task SWE-bench Verified subset
start from a minimal DeepAgent harness. Seed MiniMax and Qwen traces make changes but stop without
completing executable verification.
Reported evolution. MiniMax separates empty-diff inspection from targeted testing through two sub-
agents. Qwen combines a patch verifier with pre-submission diff/test instructions. In GLM, build_
verification_instruction previously requested test execution and debugging on failure. The
evolved instructions distinguish missing imports or dependencies, ask the agent to install the missing
package and rerun the exact test, and resume source debugging only if it still fails. This is a retained
instruction change, not a programmatic gate enforcing that sequence.
Evidence and limits. The modifications are retained in separate promoted harnesses. Appendix B.2
reports successful verification in the paired MiniMax and Qwen traces. Its GLM Astropy case (Figure 16)
moves from syntax-only checking to dependency repair and executable verification: all four previously
failing FAIL-TO-PASS tests then pass. These are whole-harness case comparisons, not ablations of
particular instructions or subagents. Table 1 separately gives MiniMax overall Pass of 46.0% versus
52.5%. Both 67 held-in and 33 held-out tasks may affect acceptance, so the latter are not an untouched
test set. These are separate searches within one paper, not frozen transfers from Terminal-Bench.

TTHE: treating an empty patch as a rerun condition. (Nie et al., 2026b) [S25]

Setting and seed. Test-time adaptation on a 40-task hard SWE-bench Verified slice begins with stock
mini-swe-agent, whose first attempt can terminate with an empty patch.
Reported evolution. The adapted scaffold reruns an empty-patch attempt with explicit reproduce–
localize–repair–retest instructions and increases the step budget during multiround search. The change
converts an otherwise terminal outcome into a conditional recovery path.
Evidence and limits. The selected mechanism is reported as retained. Selection without gold labels
and subsequent scoring use the same batch, so this is transductive adaptation rather than unseen-task
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generalization. The budget and instructions change together. LiveCodeBench’s public-test mechanism is
not assigned to SWE, and the example’s small-patch constraint is not general repository-repair advice.

HarnessCompass: accumulating conditional repair guidance. (Zhang et al., 2026g) [S26]

Setting and seed. Search on SWE-bench Verified starts from a short prompt and shell tool, without
memory, middleware, skills or subagents. The split contains 50 search and 450 evaluation tasks, with
additional cross-model evaluation.
Reported evolution. Retained memory adds conditional guidance for identifying responsibility along
execution paths and covering affected callers when changing shared interfaces. An ungated control instead
accumulates more task-specific repair records.
Evidence and limits. The examples are reusable guidance, not enforced tool behavior. They support a
distinction between conditional repair knowledge and memorized fixes, but neither rule has an independent
ablation. Gains from the complete structure and guidance tracks cannot be attributed to memory alone.
Evaluation on unseen tasks does not make the two rules independent discoveries.

AHE: transferring execution and delivery controls. (Lin et al., 2026) [S04] [S05]

Setting and seed. All 500 SWE-bench Verified tasks evaluate frozen transfer from Terminal-Bench 2
evolution. The source seed, NexAU_0, exposes only bash and has no middleware, skills or long-term
memory.
Reported evolution. The transferred harness exposes per-call timeouts, protects accepted artifacts from
destructive actions, forwards cross-step risk reminders to the next model turn, and checks acceptance
criteria before completion. These occupy distinct tool, interception, context and completion modules;
reminders are not equivalent to execution-level blocking.
Evidence and limits. The changes are reported as retained, but every concrete edit was discovered in the
terminal source domain. They are not SWE discoveries. One lineage introduces interacting components,
and no isolated SWE contribution is established for any single mechanism. Frozen transfer therefore
supports reuse of the complete harness, not independent evolution on another benchmark.

DarwinX: transferring artifact and acceptance guidance. (Zhang et al., 2026i) [S14]

Setting and seed. SWE-bench Verified is a 500-task frozen transfer target after skill evolution on
Terminal-Bench 2.1. The source seed is base Monet without the seven later verification/artifact skills.
Reported evolution. The retained bundle extracts acceptance contracts, grounds deliverables in real tool
results, checks and repairs artifacts, repeats checks after modifications, and repairs safety/interface-contract
violations before completion.
Evidence and limits. The seven skills are jointly selected execution guidance, not separately ablated
mechanisms or an unavoidable submission blocker. The bundle’s SWE evaluation does not show where the
skills were discovered. Terminal-Bench, TerminalWorld and different model configurations have distinct
protocols; evidence from those configurations must not be merged into a single repository evolution run.

Mixture of Self-Improving Branches: retrieval before the first action. (Dong et al., 2026) [S12] [S13]

Setting and seed. SWE-bench Lite uses mini-swe-agent as its original baseline. The immediate parent of
the illustrated modification already has structured editing; the 300 tasks are split into 50 development and
250 test tasks.
Reported evolution. The candidate extracts up to eight issue identifiers, ranks files by matches, reads
two source files and one test file, and injects bounded content into the initial message. This changes
initialization through targeted retrieval, rather than adding the parent’s existing unique-match replacement
tool.
Evidence and limits. Appendix E.4 supplies a discovery example; retention in the final deployed head is
unverified. Development-selected heads and test-best candidates are reported separately and must not be
conflated. The example does not establish an individual causal gain or a universal best retrieval budget.
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RHO: connecting requirements to executable verification. (Pan et al., 2026) [S15] [S16]

Setting and seed. SWE-Bench Pro uses a domain-specific optimization from vanilla Codex, before its
repair-verify helper and requirements ledger. It is not a frozen transfer of the terminal configuration.
Reported evolution. A retained callable helper finds toolchains outside PATH, runs lightweight language
checks, reports generated artifacts and accepts custom verification commands. A separate requirements
ledger is revisited before submission.
Evidence and limits. The setup draws 100 training and 100 held-out tasks from the ScaleAI test set using
evaluator revision 0c64e26f00b9. Held-out trajectories show helper calls, distinguishing this configuration
from the unexecuted terminal scripts. No single-change ablation isolates the helper, and terminal playbook
findings cannot be substituted for these repository observations.

OneRecipe: timed reminders for language-specific verification. (Yang et al., 2026c) [S52]

Setting and seed. Multi-SWE-Bench evolution runs by language and model from a minimal mini-SWE
plugin: a short prompt, bash, and empty hooks and memory. Full mini-SWE is a separate baseline;
evaluation also considers cross-language transfer.
Reported evolution. The retained C++/Haiku example uses before_query to detect recent testing or
submission cues and inject compilation/testing reminders. Prompts and memory constrain patch scope,
discourage test-file edits and request targeted verification.
Evidence and limits. The procedure uses three rounds, 80 steps and USD 1.5 per rollout. The hook
nudges rather than blocks submission. make/ctest depend on the language ecosystem, and the test-file
restriction reflects the hidden gold-test-patch convention. Aggregate transfer results do not isolate the
contribution of either guidance content or trigger timing.

CODESKILL: task procedures and event-triggered diagnostics. (Li et al., 2026a, Sections 3–4;
Appendix D, Figures 4–5)

Setting and seed. A separately trained manager maintains natural-language skills around frozen coding
policies. EnvBench uses a ReAct-style agent and SWE-bench Verified uses mini-SWE-agent; both expose
bash-based actions.
Reported evolution. The published merged Maven task-level skill distinguishes environment, configura-
tion and dependency failures before code edits. Its merged event-level counterpart diagnoses a missing
test-jar, checks its producing module, arranges generation/installation, and verifies the artifact before
retrying the build. Persistent updates change skill instructions, not the supplied tools.
Evidence and limits. These are bank examples rather than individually scored skill ablations. Project
build-file edits are downstream actions, not evolved harness code. The test tasks are held out from
manager-policy training, but Section 4.1 constructs their skill bank in two preparatory passes: extraction
from no-skill runs, then evolution from skill-conditioned runs. Final evaluation filters out skills whose
recorded provenance includes the current instance. This is test-set bank preparation, not evaluation of an
unchanged training-only bank; benchmark gains do not isolate either Maven example.

GSE: generalizing diagnostic skills across repositories. (Yang et al., 2026a, Sections 4–5; Figure 3)

Setting and seed. OpenHands and mini-SWE-agent are evaluated on bug-revealing test generation for
108 Java bugs derived from Multi-SWE-Bench, and false-positive filtering for 500 IndustrialBugs reports.
These settings evaluate defect analysis, not patch resolution.
Reported evolution. Figure 3 consolidates narrow collection-size and permission rules into a skill
distinguishing value-triggered from state-triggered defects, linked to existing test-construction skills.
The filtering case replaces conflicting project-specific nullability rules with reasoning about nullability
guarantees and propagates that abstraction to related skills.
Evidence and limits. One-project-held-out evaluation tests reuse across repositories. The examples
illustrate learned abstraction and compatibility between skills. Aggregate results and architecture-level
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ablations do not isolate either example’s causal effect, and the simplified Figure 3 illustration should not
be treated as a full final-bank artifact.

SkillForge: acquiring repository-specific repair knowledge. (Chen et al., 2026d, Section IV-E; Figure 6)

Setting and seed. Before real issues are presented, synthetic issue solving acquires project-specific skills
associated with repository entities. The downstream repair agent retrieves this knowledge rather than
rewriting its controller during the illustrated repair.
Reported evolution. In Django-11206, the acquired guidance steers the agent away from an exponent
heuristic toward the existing Decimal pipeline, precision-dependent numerical equivalence and boundary-
case checks.
Evidence and limits. The paired traces in Section IV-E pass 0/2 and 2/2 fail-to-pass tests without and
with skills. This demonstrates an application of acquired knowledge, not a separate causal estimate for
each instruction. The persistent object is entity-grounded guidance; the particular code patch is a task
output. Knowledge acquisition and downstream repair therefore remain distinct stages.

C.3 Terminal-Based Engineering Tasks

The comparison follows stateful command execution, selective exposure of files and logs, and checks that
preserve the required deliverable.

Meta-Harness: discovering the environment before reasoning. (Lee et al., 2026b) [S03]

Setting and seed. Terminal-Bench 2.0 search and evaluation share 89 tasks. Search considers Terminus 2
and Terminus-KIRA; the illustrated discovery builds on KIRA, inheriting native tool calling, a 30KB
output cap and a completion checklist.
Reported evolution. The retained bootstrap gathers directory contents, language/package-manager
versions and memory before the first model call, then injects a snapshot into the initial context. A
15-second timeout and silent failure keep the startup probe from blocking execution.
Evidence and limits. Appendix B.3 reports gains on seven tasks relative to KIRA, especially where
specialized tools are needed, and identifies two to four initial environment-discovery turns as the bottleneck.
This within-benchmark comparison supplies no independent coding holdout and is not an isolated causal
ablation. The inherited checklist and output cap are not new discoveries; the public author artifact
identifies version 2.0.

AHE: preserving validated delivery state. (Lin et al., 2026) [S04] [S05]

Setting and seed. Terminal-Bench 2.0 evolution uses 89 tasks for ten iterations. NexAU_0 begins with
bash, a default five-minute shell timeout, and no middleware, skills or long-term memory; SWE is reserved
for frozen transfer.
Reported evolution. Retained edits expose command-specific timeouts, protect validated artifacts,
detect cross-step risks, inject next-turn reminders and check completion. In configure-git-webserver, an
intermediate overrideable guard still permits cleanup to erase a working deployment. Paired iteration-8
updates harden the guard and make warnings salient before the next action.
Evidence and limits. That task changes from 0/2 to 2/2 successful rollouts, with destructive cleanup
blocked and the live state submitted. This supports the reported mechanism without separating the paired
edits. Manifests and commits identify changes, but the historical run has not been reproduced. Components
interact non-additively, and Section 4.4.1 reports costs from redundant checks on long-horizon tasks. The
current official configuration corroborates version 2.0.

ModularRSI: correcting tool dispatch and completion state. (Wu et al., 2026b) [S08] [S09]
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Setting and seed. An initial modular harness evolves on related tasks outside Terminal-Bench, then
undergoes frozen evaluation on version 2.0. The separate Section 6.4 method comparison specifies
Terminus-2 and does not establish that seed for every main experiment.
Reported evolution. In Appendix D.4’s Go repair case, the initial dispatcher rejects multiline write_
file input and sends it to the shell, producing a command-not-found error. The reported revision
identifies write_file or edit_block by command name and sends the remaining payload to
the editing helper. The paper reports promotion in generation 9 and unchanged multiline handling in
generation 12. A separate loop update re-presents pending acceptance conditions when the agent signals
completion without commands.
Evidence and limits. On the same Go task, three runs per version all succeed; their interaction counts
(called episodes in the source) change from [41, 24, 43] to [26, 18, 31], reducing the mean from 36 to 25.
These are external evolution-task observations, not Terminal-Bench test cases or an isolated dispatcher
ablation: parser recovery and other changes occur concurrently. A source check of the released merged
module finds the editing-command branch nested under a cat-only condition, making that branch
unreachable for the editing names in this snapshot. This is not the historical generation 9/12 artifact;
those source snapshots and original rollouts remain unchecked. The current code therefore does not
independently confirm the paper-reported fix or invalidate its historical observations.

Self-Harness: model-specific artifact recovery. (Zhang et al., 2026b) [S10] [S11]

Setting and seed. Separate model searches use 64 filtered Terminal-Bench 2.0 tasks. The minimal
DeepAgent seed provides read, write, edit and shell tools plus the default task prompt, without the later
runtime limits.
Reported evolution. MiniMax’s final harness encourages early creation of required artifacts and redirects
stalled work through a total tool-message cap. Qwen instead adds dependency/artifact checks, retry
discipline, loop recovery and middleware triggered by tool errors.
Evidence and limits. These are retained changes in different promoted harnesses, not one shared patch.
Held-out trajectories are withheld from diagnosis, but held-out scores participate in the promotion
regression gate, so evaluation is not sealed. This entry records only the extracted MiniMax and Qwen
terminal changes; GLM’s repository dependency-recovery mechanism must not be transferred to this
setting.

Mixture of Self-Improving Branches: checking completion once. (Dong et al., 2026) [S12] [S13]

Setting and seed. Terminal-Bench 2.0 uses 88 tasks split into 30 development and 58 test tasks. The
illustrated candidate’s immediate parent is verification-enhanced Terminus-KIRA with an existing tool-
execution loop.
Reported evolution. The first completion signal triggers a verification prompt and sets a one-time
flag. Subsequent tool use leaves the flag intact, so a later completion exits without reopening the same
verification request.
Evidence and limits. Appendix E.3 documents a discovered candidate, not a confirmed final head
deployed by the router. Its retained state flag bounds repeated checking, but final retention and an isolated
effect are unverified. Test-best candidates in the discovery pool must remain distinct from development-
selected results. The parent’s verification capabilities are inherited rather than new mechanisms.

Multi-task Self-Harness: bounded observations and fresh-context review. (Xu, 2026) [S01]

Setting and seed. Mixed-task evolution includes 60 Terminal-Bench 2.1 tasks, with 29 held out. The
seed is a 49-line prompt-and-bash Python loop that accumulates outputs verbatim without compaction or
recovery.
Reported evolution. Iteration 5 retains the beginning and end of long outputs, further shortens old
observations, and trims overlong history to its opening and recent messages. Instructions allow recovery
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of omitted information from files. The first stop decision opens a fresh-context review of the original task
and current filesystem.
Evidence and limits. These changes are reported as retained and reused across tasks, not rediscovered
independently for each benchmark. History trimming rarely triggers in coding, and candidates are not
screened by validation score. The 150-second/eight-call cap added at iteration 6 is excluded from this
iteration-5 account; no individual-change ablation is established.

RRSI: bounding audits and waiting behavior. (Xia et al., 2026) [S06] [S07]

Setting and seed. Evolution uses all 89 Terminal-Bench 2.1 tasks, beginning with Terminus-2 before the
reported bounded audit and polling guidance. This record concerns candidate R0-A only.
Reported evolution. R0-A adds a bounded completion audit and nonblocking polling guidance for
long-running work. Both are jointly accepted at that iteration, modifying how the agent checks completion
and waits for results.
Evidence and limits. Acceptance at R0 is documented, but survival in the final harness is unknown. The
polling mechanism is guidance, not evidence of a scheduler rewrite. Rejected candidates are not included
among the evolved features. SWE does not participate in selection, and this within-benchmark acceptance
does not establish held-out generalization or separate effects for the two instructions.

DarwinX: making delivery requirements explicit in skills. (Zhang et al., 2026i) [S14]

Setting and seed. Evolution and evaluation use the same 89 Terminal-Bench 2.1 tasks. Base Monet starts
without the seven later verification/artifact-contract skills.
Reported evolution. The retained bundle extracts acceptance conditions, checks artifact paths, formats
and values, repairs failures and rechecks after changes. It also requires real tool evidence and addresses
safety/interface constraints before completion.
Evidence and limits. The authors describe seven jointly selected skills, not per-skill causal ablations.
Their content guides execution rather than demonstrating unavoidable submission gates. TerminalWorld
uses a separate train/test protocol, and SWE is a transfer target; neither supplies additional evolution
evidence for this terminal entry. Whole-bundle results therefore cannot be assigned independently to each
instruction.

RHO: organizing terminal work through a requirements playbook. (Pan et al., 2026) [S15] [S16]

Setting and seed. A terminal-specific optimization uses 30 training and 59 held-out tasks, starting from
vanilla Codex with GPT-5.5 high in a configurable workspace. The paper names Terminal-Bench 2 and
pins commit 53ff2b87d621 without an established minor-version mapping.
Reported evolution. A retained playbook records task requirements, organizes host-to-container com-
mands, checks final artifacts at their container paths and revisits the specification before completion.
Scripts are generated alongside it.
Evidence and limits. Behavioral analysis explicitly reports that terminal trajectories do not run those
scripts; the operative observed change is guidance. SWE-Bench Pro’s executed repair-verify helper must
not be assigned here. Cross-benchmark reuse and an individual causal effect are unproven. This setting
remains version 2.x, minor version unspecified, rather than being silently assigned to 2.0 or 2.1.

CODESKILL: transferring a skill-management policy. (Li et al., 2026a, Sections 4.1, 4.3;
Appendix C–D)

Setting and seed. Terminal-Bench 2 is held out from skill-manager policy training and evaluated through
mini-SWE-agent with frozen downstream model weights. The paper does not establish a minor version
for this record.
Reported evolution. The learned manager extracts task-level and event-driven instructions and maintains
the bank through additions, revisions, merges and removals. Section 4.1 specifies two preparatory passes
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over the test set before final evaluation: initial extraction, followed by skill-conditioned evolution. During
final evaluation, skills whose tracked provenance includes the current task are excluded. Transfer therefore
concerns the manager with test-set bank preparation; it is neither a training-only frozen bank nor a
demonstrated streaming update after each final-evaluation query.
Evidence and limits. This supports terminal evaluation coverage and an update mechanism. The
published Maven examples demonstrate skill granularity but are not tied to particular terminal tasks or a
terminal-specific final harness. Accordingly, no terminal-specific content or individual mechanism gain is
inferred from them; policy training, bank evolution and task execution remain separate processes.

C.4 Machine Learning Engineering

The comparison follows reusable experiment search, execution interfaces, and research guidance; an
individual trained model is not itself a harness revision.

AIDE2: search diversity and bounded experiment history. (Srikanth et al., 2026) [S36]

Setting and seed. MLE-bench Lite22 is a held-out transfer evaluation of AIDE85, evolved on external
tasks. Its AIDE0 ancestor greedily selects the best candidate and accumulates full candidate histories
during drafting and improvement.
Reported evolution. The retained runtime searches multiple strategy arms with periodic cross-arm forks.
It summarizes initial and recent solutions, adds selected error signatures when bugs recur, catches nearly
empty code and prompts generalization to unseen test data. Search can change strategy while retaining a
strong candidate.
Evidence and limits. Mean private percentile rises from 0.678± 0.006 to 0.722± 0.011; errors are one
standard error. End-of-run median prompt-size reduction reaches 7×. These are whole-runtime transfer
results, not module ablations, and AIDE47 scores higher on this benchmark (0.730 ± 0.005). Lite22
never enters evolutionary selection. The ineffective ranking penalty, rejected ensembles and scoring-script
repair are not retained task-runtime mechanisms in this account.

SIA: turning denoising experiments into structured feedback. (Hebbar et al., 2026) [S71]

Setting and seed. The MAGIC denoising hyperparameter task starts from a Meta-Agent-generated
system prompt, single-tool dispatch loop and output parser around gpt-oss-120b. It is task-specific harness
iteration, not MLE-bench evaluation.
Reported evolution. With model weights fixed, the Feedback-Agent adds a batched configuration
driver and a parser exposing parameter–score pairs. These reusable tools organize experiments and their
feedback; particular neighbor counts, diffusion steps, bandwidths and preprocessing choices are task-level
candidates rather than harness changes.
Evidence and limits. Section 7.2 reports the discoveries but provides no final-version diff or individual-
tool ablation, leaving final retention unconfirmed. Table 2 specifies no separate train/test split for this task.
Later GRPO updates and postprocessing belong to the weight-update phase and are excluded from this
harness-only record.

AIBuildAI-2: carrying experiment takeaways into future runs. (Zhang et al., 2026h, Figure 1; Methods:
Knowledge builder agents and Knowledge system evolution)

Setting and seed. MLE-bench and live competitions use a hierarchical ML agent initialized with a
human-authored topical index and roughly 1,000 knowledge documents in about 30 categories.
Reported evolution. After a task, an L2 builder turns the working directory into a categorized takeaway
document. An L1 builder revises the category’s instruction and its pointers to L2 documents; the top-level
category index remains fixed. A second stream incorporates external material, and future executions
retrieve relevant guidance selectively.
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Evidence and limits. The paper specifies this persistent-update procedure but does not expose a complete
before/after post-run document with an isolated evaluation. System-level results do not establish the effect
of a particular evolved instruction. The trained models or ensembles produced during competitions are
task outputs, distinct from changes to the agent’s reusable knowledge.

DisCo: refining task-oriented research guidance. (Chen et al., 2026b, Appendix A.2.1)

Setting and seed. MLE-bench uses a fixed Codex runtime and repository-grounded guidance constructed
for each competition. The initial plan scopes needed capabilities and collects relevant sources while
excluding the original competition webpage and competition-specific content.
Reported evolution. Diagnostic trials produce logs and results that drive repeated revisions of model-
ing, preprocessing, training and checking guidance. Final skills are descriptive and exclude runnable
training/inference scripts; the resulting graph is frozen for downstream execution.
Evidence and limits. Appendix A.2.1 separates construction/exploration from the matched running
budget. Construction already encounters the task, so this is not unseen-task transfer. The retained object is
operational knowledge around a fixed controller, not an evolved Codex runtime or a particular trained
model. Reported results do not isolate the contribution of an individual ML rule.

C.5 Source Index for Coding Records

Stable IDs link the coding records to the versioned sources below. Linked names open the inspected
manuscript; the following locators identify the supporting passages or artifacts. Records with inline
locators need no additional ID.

S01. Multi-Task Self-Harness (v1). §3.2–3.4; §4.1 Table 3; §5.1–5.7 Table 4; Appendix C

S03. Meta-Harness (v1). §4.3; Appendix B.3 / Figure 9

S04. AHE (v4). §4.1–4.4; Appendix A Table 4; B.1

S05. AHE (v4). Appendix C.1–C.2; Figures 8–11; commits 169c34c,4e0aab9,ff0cf3d,9651986,ca35f53,
a4a4a29

S06. RRSI (v2). §4.1,4.3; Appendix C; Appendix D.1 Table 5

S07. RRSI (v2). Appendix E Table 6 (Coding R0-A,R0-B,R8-B)

S08. ModularRSI (v1). §4,5.3,6.1,6.4

S09. ModularRSI (v1). Appendix D.2–D.4; Tables 10, Listings 7–9

S10. Self-Harness (v3). §3.3,4.1; Figure3; Appendix A.2

S11. Self-Harness (v3). §4.3 Figures5–8; Appendix B.1–B.2

S12. Mixture of Self-Improving Branches (v1). §4.1; Tables1–4

S13. Mixture of Self-Improving Branches (v1). Appendix E.3–E.4

S14. DarwinX (v1). §3,§8.1 Table6; Appendix B Table8

S15. RHO (v3). §5 setup; §6.1; Appendix E.1–E.2

S16. RHO (v3). Appendix H.1–H.2; §6.1

S20. HarnessBank (v2). §4.1–4.2,4.5–4.6; Table1

S22. DGM (v3). §3–4.4; Appendix C.1, E.2–E.5, F.1–F.2

S23. DGM (v3). Appendix F.1: coding_agent.py is_patch_valid/forward; tools/edit.py; llm_withtools.py
summarize_messages; HTML L1747–3620

S24. SICA (v2). §3, §3.1; §4 Figure 3/Table 1; Appendix A–C
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S25. TTHE (v1). §4.4–4.5; §5.1,5.6; Appendix Figure5

S26. HarnessCompass (v1). Experiments Setup; Appendix C Two kinds of accumulated memory

S29. EvolveNet (v1). §6.1–6.9; Appendix D

S34. DGM (v3). Appendix F.2: SolutionAttempt/run_tests/forward; tools/edit.py; HTML L3622–4395

S36. AIDE2 (v1). §2.1–2.2; §3.2–3.6; Appendix A/Table 2; Appendix D–E

S52. OneRecipe (v1). §3.1; §4.3–4.6; Appendices A.6–A.8, B.1–B.3, G, H

S53. AFlow (v4). §4–5; Appendix A.3–A.6; Appendix B.1, optimal MBPP workflow (PDF p.22)

S71. SIA (v2). §3.2–3.3; §5.3; §6.1 Table 2; §6.2–6.3.3; §7.2
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D Reasoning and Information Processing: Supplementary Evidence

This appendix supports Section 4.2. It groups seven subcategories into three families: mathematical
reasoning (arithmetic, advanced mathematics, and formal proofs), text classification (legal and symptom
tasks), and question answering (supplied records and web information seeking). The records show how
task criteria shape representations, evidence selection, and corrective procedures. Each retains its own
feedback and evaluation setting; tests of one shared artifact are not independent discoveries.
Figure 7 groups representative benchmarks and initial harnesses; the records below give their exact
study-level correspondence.

D.1 Mathematical Reasoning

D.1.1 Arithmetic Word Problems

The comparison concerns what the harness checks before returning a numerical answer: an intermediate
problem representation or a set of candidate solutions.

ADAS: checking an intermediate representation. (Hu et al., 2025, Sections 3, 4.2–4.3; Appendix G,
Code 6)

Setting and seed. Search on MGSM starts from an archive containing supplied agent designs, rather than
a single named seed.
Discovered behavior. The example named Verified Multimodal Agent generates a representation of
the problem, passes it to a second module for feedback and revision, and conditions the final reasoning
module on that revised representation. The listing passes textual fields; the name alone does not establish
an image-processing pipeline.
Outcome and scope. This is a documented discovered agent, not the paper’s highest-scoring named
agent. Table 2 separately evaluates the top three MGSM agents on GSM8K and GSM-Hard; Appendix A
adds SVAMP and ASDiv. Those transfer scores cannot be assigned to Code 6’s mechanism.

AFlow: selecting and checking candidate answers. (Zhang et al., 2025b, Section 4; Figures 5–6)

Setting and seed. GSM8K search starts from an empty workflow template with supplied generation,
selection and programming operators; their later call order is not part of the seed.
Discovered behavior. The selected program generates five solutions, selects with ScEnsemble, and
invokes Programmer for a computational review, falling back to the selected solution if no output is
produced.
Outcome and scope. Figure 6 traces accepted additions and prompt refinements. The operators are
supplied; their composition is searched. The reported workflow is retained, but its aggregate score does
not isolate each addition.

MermaidFlow: computational candidates and final formatting. (Zheng et al., 2025b, Appendix B.1)

Setting and artifact. The published GSM8K workflow combines one textual solution with five Pro-
grammer outputs produced under different analysis instructions, selects with ScEnsemble, then invokes
Programmer to refine and format the selected answer.
Comparison and limits. Relative to AFlow’s post-selection computational review, this artifact places
computational generation before selection as well. The listing supports this composition, not a claim that
all calls execute in parallel or that each added call improves accuracy independently.

FlowEvo: carrying useful procedures across problems. (Ren et al., 2026, Sections 3–4; Appendix D.3)

Settings and update. GSM8K and MATH-500 evaluate a workflow generator augmented with a persistent
skill bank. Successful procedures are compiled and can be retrieved as context for later workflow
generation.
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Task family Representative benchmarks Seed harnesses by subdomain

Reasoning archive. ADAS CoT / Self-Refine seeds supply
alternative reasoning and revision programs (Hu et al., 2025).

Operator template. AFlow’s empty workflow exposes gener-
ation, review and selection operators before their executable
call order is searched (Zhang et al., 2025b).

MGSM; GSM8K

GSM-Hard / SVAMP / AS-
Div
(transfer)

Arithmetic
word problems

Example-conditioned solver. Meta-Harness zero-shot / few-
shot / ACE seeds provide alternative initial contexts around
the solver (Lee et al., 2026b).

Interpreter wrapper. Co-Harness’s initial runtime already
accepts generated code and returns execution results; runtime
settings belong to this starting interface (Chen et al., 2026f).

MATH / MATH-500

OlympiadBench / Omni-
MATH

AIME / HMMT; LiveBench
Math

IMO-AnswerBench /
IMO-ProofBench; ArXiv-
Math
(transfer)

Competition
and advanced
mathematics

Single proposal and check. Self-Modifying Lean Agents’
one-shot seed submits one proof candidate without repair or
decomposition (Li et al., 2026b).

Compiler interface. Growing an Agent/Prover Interface’s
control server exposes whole-file compilation as its sole ini-
tial MCP tool (Viennot et al., 2026).

miniF2F / miniF2F-Rocq

PutnamBench; LeanWork-
book

Synthetic lemmas

Formal
theorem
proving

Prompt-and-example classifier. Meta-Harness zero-shot /
few-shot seeds classify an input alone or with labeled exam-
ples (Lee et al., 2026b).

Context interface. MCE’s initial target classifier uses a one-
shot query-to-context function; Algorithm 1 initializes the
learned context as empty (Ye et al., 2026a).

LawBench charge prediction

Symptom2Disease
Text
classification

Keyword retrieval. EvolveMem’s BM25-only configura-
tion retrieves records for a fixed answering model (Liu et al.,
2026b).

Hierarchical reader. MemCodex g0 already includes source-
linked memory layers, similarity scores and thresholds that
govern where reading stops or narrows (Wang and Liu, 2026).

LoCoMo; MemBench

LongMemEval; MemoryA-
gentBench

PersonaMind; OfficeQA

MuSiQue / HotpotQA

QA over
supplied
records

Observation–action loop. LiteEvo’s neutral h0 contains a
protocol-only prompt, default settings and no custom proces-
sors (Choi et al., 2026).

Experience-memory wrapper. MemEvolve’s AgentKB-style /
few-shot seeds supply stored experiences through an existing
encoding and retrieval procedure (Zhang et al., 2026a).

TaskCraft; GAIA; SearchQA

WebWalkerQA /
xBench-DeepSearch
(transfer)

Open-web
information
seeking
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Figure 7: Representative benchmarks and seed harnesses for reasoning and information processing. Bold
text describes the starting structure; italics identify an actual seed or study-specific initial configuration.
Each row groups studies, without assigning every seed to every benchmark. Legal and symptom classifi-
cation share an overview row but retain separate evidence subcategories. Transfer settings refer to the
source lineage. Appendix D distinguishes inherited capabilities from evolved changes.
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Evidence and limits. The paper identifies skill-conditioned generation as the relevant reuse mode for
code and math. It does not provide the same detailed mathematical skill lineage as its ALFWorld example.
We therefore record a supported accumulation mechanism and mathematical evaluation, rather than
inventing a particular evolved mathematical tactic or attributing ALFWorld’s replay gains to mathematics.

D.1.2 Competition and Advanced Mathematics

Here the studies change complementary parts of difficult mathematical problem solving: solution diversity,
external examples, execution reliability, and reasoning control. A shared benchmark family does not make
their models, task subsets, or budgets comparable.

AFlow: combining programmatic and textual solutions. (Zhang et al., 2025b, Appendix B.1, MATH
workflow, PDF p. 21)
From the same template family, a separate MATH workflow executes a program, rewrites its output as a
solution, generates three textual alternatives, and selects among the four with ScEnsemble. This is the
published selected workflow for the level-5 setting, not a frozen transfer of its GSM8K procedure.

Meta-Harness: subject-dependent retrieval. (Lee et al., 2026b, Section 4.2; Appendix B.2; Appendix C.3)

Setting and seed. Search uses 250 OlympiadBench / hard Omni-MATH problems and zero-shot, few-shot,
and ACE initializations.
Discovered behavior. The selected BM25 harness routes by mathematical subject. Combinatorics
deduplicates and reranks examples; geometry combines a hard reference with lexical neighbors; number
theory favors explicit techniques; the default route adjusts example count. Two search lineages contribute
to the merged policy.
Outcome and scope. A frozen harness is evaluated on 200 unseen IMO-AnswerBench, IMO-ProofBench,
and ArXivMath problems: average accuracy is 38.8%, versus 34.1% without retrieval. Evaluation includes
the search backbone and four unseen models. These are whole-policy results, not independent ablations
of routing rules or formally checked proofs.

Co-Harness: repairing execution before adding diversity. (Chen et al., 2026f, Section 4.3; Appendix H)

Setting and seed. The reported AIME24 case starts from a failing code-interpreter configuration.
Discovered behavior. Changes repair launch settings and process cleanup, batch inference, restore
thinking on follow-up turns, and combine trajectories from two seeds by majority vote. Later prompt
changes regress and are rolled back.
Outcome and scope. The final ensemble is reported within the time budget. We do not reproduce the
claimed speedup: the stated ratio disagrees with the accompanying times. Appendix H also describes
90 questions despite the AIME24 label. These ambiguities limit quantitative interpretation, while the
sequence of runtime edits is explicit. The separate AIME24/25 and HMMT25 co-evolution results also
include model training.

HarnessBank: matching recovery to the backbone. (Luo et al., 2026e, Sections 4.1–4.2, 4.6; Tables 1–2)

Setting and seed. EvoAgentBench’s Omni-MATH setting uses a study-specific vanilla harness and
disjoint training/test tasks.
Discovered behavior. For the Qwen backbone, recovery disables thinking after a runaway rather than
on every call. The evolved stack transfers to another Qwen model, but does not help Gemini’s different
failure pattern; its matched intervention increases reasoning instead.
Outcome and scope. Table 1 reports test success rising from 54.3% to 66.0% for the selected Qwen
harness. Cross-model results support a failure-dependent intervention, not a universal setting. The full
stack’s gain is not attributed to the recovery switch alone.
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MermaidFlow: diversified solvers followed by refinement. (Zheng et al., 2025b, Appendix B.2)

Setting and artifact. The published MATH workflow obtains five Custom responses under distinct
solver/outline instructions and one Programmer result, selects with ScEnsemble, and sends the selection
to a refinement call. Its reusable object is the operator graph and associated prompts.
Comparison and limits. Like AFlow, it combines textual and programmatic candidates, but the supplied
composition and final refinement differ. The shared use of AFlow-derived operators makes this a related
design lineage, not a fully independent invention of those operators.

Mixture of Self-Improving Branches: constructive checks and disagreement resolution. (Dong et al.,
2026, Section 4.3, Figure 2; Appendix E.1–E.2)

Setting and search. Olympiad-level math uses Meta-Harness-based branch search with changing de-
velopment subsets and proposal guidance. The reported Math–Gemini branches differentiate concrete
answer checking and proof-obligation routing from solution construction and agreement challenges.
Concrete candidate. Appendix E.1’s gap_directed_construction retrieves worked examples
using a plan, rehearses a reference to produce a calibration note, and separates constructing an attainable
answer from deriving necessary conditions. Agreement triggers a challenge; disagreement triggers a
concrete check before adjudication.
Selection limit. Appendix E describes retrospectively test-best candidates from a development-ranked
pool. Its 58% candidate score is not the score of the development-selected deployed head. The mechanism
is documented, but those selection protocols are not interchangeable.

WDA: distributing refinement across selected stages. (Zhou and Cheng, 2026, Section 5; Appendices A.3
and A.13)

Setting and seed. LiveBench Math extends this category to challenging informal mathematical reasoning,
rather than a named olympiad. Search starts from a minimal solver prompt and can revise instructions or
split them across stages.
Selected structure. The published Qwen search selects two stages, [P11, P12], while the GPT search
selects three, [P2, P3, P10], with their ancestries reported separately. These are fixed-per-task pipelines,
not a runtime policy choosing depth for each question.
Outcome and limits. The reported selected test scores are 68.85% and 63.93%, respectively. They
support selected pipeline structures, not a universal benefit from longer refinement or an isolated effect of
any one stage.

WHALE: making tool use effective through joint updates. (Kim et al., 2026a, Sections 4–5;
Appendices B and D.2)

Setting and seed. A study-specific tool-integrated math harness and Qwen3.5-2B are optimized using
DAPO-Math-17K subsets and tested on AIME 2024/2025.
Observed contrast. The Appendix D.2 base trace never uses the interpreter and exhausts its answer
budget, whereas the final model–harness pair solves the same counting problem. Harness-only search
has little effect from the initial pair; alternating weight updates and harness search improves the reported
results.
Attribution limit. This is evidence about a co-evolved pair and its behavior, not a final harness-only diff
proving which change caused tool use. It complements fixed-backbone harness studies but cannot be
pooled with them as an independent pure-harness gain.

D.1.3 Formal Theorem Proving

The correctness criterion is fixed by Lean or Rocq, while interaction procedures and persistent proof
resources can change. Three research papers are distinguished from the additional benchmark-hosted
RSI-Exam observations below.
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Self-modifying Lean agents: bounded repair and checked names. (Li et al., 2026b, Sections 3.1,
4.3–4.5; Appendices A, C–D)

Setting and seed. A single-attempt/check seed evolves on warm-up lemmas, miniF2F-valid and Putnam-
Bench tasks.
Discovered behavior. The accepted lineage adds bounded compiler-guided repair, batched lemma-name
checks, and verified signatures. On unknown-name or type errors, the workflow can exclude a bad
name, return a checked alternative and retry. The c141 branch plans and proves auxiliary lemmas before
attempting assembly, but mismatched lemma contexts, assembly failures and longer-prompt risks prevent
this richer structure from becoming the strongest route. The winning c144 remains mainly a whole-proof
repair workflow; its proof-context labels do not establish a fully verified dependency graph.
Outcome and scope. On 244 held-out miniF2F-test problems, c144 reaches 45.1%, versus 12.7% for the
seed. This comparison includes curriculum coevolution and multiple edits; it does not isolate the lemma
tools or demonstrate unrestricted proof-graph improvement.

RSI-Exam: proof extraction and use of limited checks. (RSI-Exam contributors, n.d.a, Lean task contract
and public rollouts; accessed 2026-10-05)

Setting and seed. The fixed-model seed proposes a proof, checks it, and repairs once; each theorem
permits three model calls and four Lean checks.
Observed revisions. GPT-5.6-sol and GLM 5.3 optimizer runs fix extraction that truncated nested proofs;
other revisions add compiler repairs or alter diagnostics. These are optimizer identities, not the pinned
task model. In the GLM run, visible accuracy rises from 8/54 to 13/54 after extraction repair and to 20/54
after a combined diagnostic/prompt change; later variants regress.
Scope. These are version-level observations from one official resource, not independent papers. Visible
checkpoint scores are not hidden-test gains. Final retention of each component is not established by the
summary alone.

Evolved prover interfaces: from compilation to interactive control. (Viennot et al., 2026, Sections 2–5;
Tables 1 and 8)

Seed and retained changes. Evolution starts from a Rocq MCP server exposing whole-file compilation.
Retained additions include a persistent session with step/rollback/state interaction, a try tool that tests
up to eight candidates and commits the first success, and error hints. A heavily used lemma-search
proposal yields no accuracy gain and is rejected; exemplar retrieval is also rejected. File-manipulation and
project-verification tools added for Phase 2 are supplied setup changes, not empirically selected mutations.
Outcome and limits. Held-out miniF2F-Rocq evaluation compares the resulting interface across four
models. Its Lean port lowers cost/time per solve on a PutnamBench subset, but solves fewer problems
than lean-lsp-mcp. Human setup and review remain; this is bounded interface evolution, not autonomous
improvement of every system component.

ProofEvolve: verified resources that persist across problems. (Ye et al., 2026b, Sections 3 and 5.6)

Seed and change. The persistent schema library grows through extraction of kernel-checked subproofs;
typed recombination exposes remaining premises as subgoals. This component-level accumulation is
distinct from evolving a single target proof.
Reuse evidence. A controlled compositional study compares growing and reset libraries. A separate
LeanWorkbook experiment retrieves self-generated verified proofs from disjoint source theorems, improv-
ing target success over no retrieval; random retrieval provides little benefit. That experiment supplies
context for one whole-proof attempt, rather than testing typed DAG recombination. Its gain must not be
attributed to every component of the full prover.

What the comparison supports. The categories expose different failure interfaces: numerical answers
can benefit from candidate comparison, competition problems from better evidence and execution control,

49



and formal proofs from preserving checker-usable artifacts and diagnostics. These are our cross-study
interpretations. More branches, longer reasoning, or richer intermediate structures are not uniformly
successful; the relevant design question is which information or control change resolves the observed
failure under the study’s evaluation conditions.

D.2 Text Classification

D.2.1 Legal Charge Classification

Meta-Harness. (Lee et al., 2026b, Section 4.1; Appendix B.1)

Setting and seed. LawBench charge prediction. Zero-shot, few-shot, ACE and MCE initializations.
Reported evolution. The published classification frontier includes a two-call draft verifier: after an
initial prediction from five similar examples, it retrieves five same-label confirmers and five different-label
challengers, then asks whether to revise the draft. With fewer than five stored examples it falls back to a
single few-shot call. The selected label-primed program instead combines one query-relevant example per
label with nearby contrasting pairs in one prompt. These are alternative frontier programs, not successive
stages of one final classifier.
Evidence and limits. These are shared classification programs evaluated across datasets, not a separately
discovered legal decision procedure. Search-set selection precedes held-out evaluation.

MCE. (Ye et al., 2026a, Sections 3.1–3.4 and 4.1; Appendix D.4.2–D.4.3)

Setting and seed. LawBench. A fixed classifier receives a task prompt and the output of a query-to-
context function; Algorithm 1 initializes learned context as empty. The initial pattern-extraction skill
belongs to the context-engineering agent, not the classifier's execution harness.
Reported evolution. The learned target-side context directs full-case reading, extraction of discrete
acts, act-to-charge matching and validation. Its retrieval program always supplies format rules and the
decomposition framework, adding warnings when structural markers suggest multiple acts. The separate
skill that teaches the context engineer how to construct this artifact is an optimizer-side change.
Evidence and limits. The task-agent evidence is the reusable context and query-dependent retrieval
program in Appendix D.4.3. The optimizer skill in D.4.2 is a distinct object. Neither individual guidance
lines nor retrieval triggers are independently ablated; the LawBench configuration differs from other
studies.

Task-CoEvolve. (Miyai et al., 2026, Experimental setup; Appendix D.1)

Setting and seed. LawBench, within the three-dataset classification search. Zero-shot and all-example
few-shot harnesses in the Meta-Harness implementation.
Reported evolution. The selected 20-percent-budget harness fuses word-bigram and character n-gram
TF-IDF rankings, then downweights labels already represented while filling a bounded context.
Evidence and limits. One shared classifier serves Law, S2D and USPTO. The proposed benefit of word
phrases for legal cases is an explanatory hypothesis, not a separately ablated legal mechanism.

DREvo. (Guo et al., 2026a, Experimental Setups; Overall Performance; Robustness Analysis)

Setting and seed. Law. No-memory and all-example few-shot configurations around GPT-OSS-120B.
Reported evolution. The proposer recalibrates historical evidence against current component state and
converts it into targeted edit intent; the study evaluates the selected evolved classifier on held-out legal
examples.
Evidence and limits. The reviewed primary text does not expose a legal-specific final program diff.
We count the reported evolution experiment, not a new legal reasoning rule or the optimizer design as a
learned task mechanism.
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D.2.2 Symptom-to-Disease Classification

Meta-Harness. (Lee et al., 2026b, Section 4.1; Appendix B.1)

Setting and seed. Symptom2Disease (22 labels). The same classification seed family, evaluated on
symptom descriptions.
Reported evolution. Label-conditioned retrieval and query-local contrasting examples provide reusable
alternatives to placing the complete accumulated history in context.
Evidence and limits. The same frontier programs described above are reused across classification
datasets; this is not a second independent discovery. Held-out classification accuracy does not establish
clinical validity.

MCE. (Ye et al., 2026a, Sections 3.1–3.4 and 4.1; Appendix D.3.2–D.3.3)

Setting and seed. Symptom2Disease. The same fixed-model query-to-context interface starts without
learned context in Algorithm 1. The initial symptom-profile skill guides the context engineer; it is not
itself the target classifier's prompt or tool.
Reported evolution. The evolved target-side context contains distinctions between commonly confused
labels. Its query-to-context program detects symptom patterns and returns relevant discriminator sections,
falling back to the full guide if no condition matches. Separately, the optimizer's context-construction
skill shifts from generalized profiles toward conservative evidence-backed additions and stopping criteria;
those skill instructions are not executed by the target classifier.
Evidence and limits. Appendix D.3.3 exposes reusable classifier context and retrieval examples, but
does not isolate their individual effects. The evidence and stopping thresholds in D.3.2 belong to the
context optimizer's skill. They are neither target-runtime guards nor general diagnostic guidance.

Task-CoEvolve. (Miyai et al., 2026, Experimental setup; Appendix D.1)

Setting and seed. Symptom2Disease. Zero-shot and all-example few-shot seeds.
Reported evolution. Its selected shared classifier combines word and character retrieval and penalizes
repeated-label coverage in the prompt.
Evidence and limits. S2D has a separate held-out test set, but the artifact is shared with the legal and
reaction-classification settings. The tokenizer explanation is not a clinical causal result.

DREvo. (Guo et al., 2026a, Experimental Setups; Overall Performance; Robustness Analysis)

Setting and seed. Symptom2Disease. No-memory and all-example few-shot configurations around
GPT-OSS-120B.
Reported evolution. Validation-guided evolution with recalibrated historical evidence produces a selected
classifier evaluated on a separate S2D test split.
Evidence and limits. The experiment establishes task coverage; the reviewed text does not specify the
final S2D retrieval implementation. Component-drift robustness is evidence about the optimizer, not a
retained classifier feature.

HASE. (Luo et al., 2026c, Section 4.2.1; Appendices A.1, A.4 and E)

Setting and seed. Symptom2Disease. A recency-based few-shot retrieval tool and initially empty
memory.
Reported evolution. Reported tool revisions add symptom-overlap or stronger lexical retrieval; across
phases, tools and memory incorporate symptom extraction and label-grouped diagnostic indicators.
Evidence and limits. Training-time repair examples permit a second attempt, whereas phase-boundary
review and final evaluation freeze committed files. Joint weight updates preclude interpreting the full gain
as harness-only improvement.
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D.3 Question Answering and Information Seeking

D.3.1 QA over Supplied Records

EvolveMem. (Liu et al., 2026b, Sections 4.1, 4.3 and 4.5; Appendix C.1)

Setting and seed. LoCoMo; MemBench. A BM25-only configuration around a fixed answering model,
with semantic/structured views, name-stripped alternatives and query decomposition disabled.
Reported evolution. Failure-log diagnosis activates name-stripped alternative retrieval and multi-hop
query decomposition, then introduces a verification pass for low-confidence answers. The first two are
described as dormant configuration capabilities rather than newly authored tools. Guarded updates can
revert regressions; the evolved object is the retrieval/answer configuration.
Evidence and limits. Section 4.5 removes components and reruns evolution, providing procedure-level
ablation evidence rather than a fixed-checkpoint edit test. Per-question failure logs provide supervision, so
this is not label-free adaptation. Table 4 and Appendix C.1 present different round-specific configurations
whose alignment is unverified here; we do not merge them into one quantitative trajectory.

MemCodex. (Wang and Liu, 2026, Sections 2, 4.2–4.3; Figure 5)

Setting and seed. LoCoMo; LongMemEval; MemoryAgentBench; PersonaMind. Initial hierarchical
memory architecture g0 with executable layer methods.
Reported evolution. Evolution rewrites construction, indexing, retrieval and routing programs within the
supplied hierarchy. Its initial architecture already supports threshold-based adaptive reading; the evolved
artifact changes those methods rather than introducing adaptive depth from scratch.
Evidence and limits. Initial hierarchy design is not itself discovered. The study separately analyzes
question-level and record-disjoint splits, acceptance gates and cross-benchmark transfer; no universal
optimal depth follows.

HarnessEvolve. (Jiang et al., 2026b, Section 4.1; Tables 2–3; Appendix Figure 3(a))

Setting and seed. OfficeQA. OpenClaw with initial skills, AGENTS.md, SOUL.md and tools.
Reported evolution. Figure 3(a) expands an existing financial-metrics skill: fix the statistic and operands
before computing, distinguish changes in shares from growth rates, specify the denominator, convert
log returns when the requested quantity requires it, and check constants and revised values against the
corpus. These are reusable instructions, not enforced executable checks. The old skill already requests
corpus-grounded currency conversion; that inherited instruction is not a new discovery. Selected skills are
subsequently tested in other execution frameworks.
Evidence and limits. Appendix A, Figure 3(a) supplies the inspected before/after artifact; the individual
rules are not separately ablated. Framework transfer reuses learned skills rather than adding independent
discoveries, and the illustration alone does not establish each line's presence in the best final checkpoint.

HCL. (Kang et al., 2026, Sections 4.1 and 4.3.1; Appendix C.1)

Setting and seed. MuSiQue and HotpotQA within a textual task stream. A frozen model with editable
task interface, memory, capabilities and routing.
Reported evolution. Sequential harness updates are tested on current tasks and historical anchors; the
study contrasts strict retention with permissive adaptation.
Evidence and limits. Separate adaptation, validation and test examples support a continual-evolution
experiment, but no final QA-specific executable diff is exposed in this record.

D.3.2 Open-Web Information Seeking

MemEvolve. (Zhang et al., 2026a, Section 4; Section 9.1; Figures 8–10)

Setting and seed. TaskCraft; GAIA; WebWalkerQA; xBench-DeepSearch. AgentKB or a simple few-shot
experience memory.
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Reported evolution. Search changes memory encoding, retrieval and management programs. From
a lightweight AgentKB-style seed without its offline knowledge base, Cerebra adds reusable tool and
knowledge distillation and working-memory maintenance; other reported branches include Riva and
Lightweight.
Evidence and limits. WebWalkerQA and xBench use architectures evolved on TaskCraft. Their evalua-
tions are frozen transfer evidence, not independent in-benchmark evolution runs.

HarnessX. (Chen et al., 2026e, Experimental setup; Appendix 12.1)

Setting and seed. GAIA. HarnessX task configuration with prompts, processors, slots and tool resources.
Reported evolution. The GAIA evolution analysis reports shipped prompt, processor, configuration and
tool edits, addressing blocked sources alongside reasoning and parsing failures.
Evidence and limits. Lever-level statistics do not identify one universally retained retrieval tool. The
same task pool is evaluated during search; this supports benchmark adaptation rather than a sealed
generalization test.

LiteEvo. (Choi et al., 2026, Sections 3.1–4; Appendix C.4)

Setting and seed. GAIA. A neutral observation–action prompt, default runner settings and no custom
processors.
Reported evolution. Trajectory analysis proposes prompt fragments, knowledge, processors and settings;
replay removes inert or invalid processors before the composer assembles candidates.
Evidence and limits. GAIA is evaluated transductively. Appendix C.4 documents answer-copy exposure
despite blocking known mirrors, including a returned processor’s guidance about dataset mirrors. The
score does not establish clean unseen-question generalization.

HarnessEvolve. (Jiang et al., 2026b, Sections 3–4; Tables 2–3)

Setting and seed. SearchQA. OpenClaw with an unoptimized skill and tool configuration.
Reported evolution. Failed executions and validated answer-assisted reference trajectories drive persis-
tent skill-directory and harness updates. The resulting SearchQA skills are frozen for cross-framework
evaluation.
Evidence and limits. The SearchQA scores and transfer establish task-level evolution evidence, but the
OfficeQA or enterprise SQL example must not be relabeled as a SearchQA-specific final edit.

53



E Interactive and Embodied Tasks: Supplementary Evidence

This appendix supports Section 4.3. Browser interaction, applications and services, game playing, and
robot manipulation form four subcategories. The records compare how persistent changes bind actions
to interfaces, encode action prerequisites, and recover from state-dependent failures. They distinguish
evolved skills or instructions from supplied retry loops and frozen actors. Figure 8 summarizes the starting
structures; study entries retain the specific transfer and evaluation conditions.

E.1 Browser-Mediated Interaction

SkillWeaver. (Zheng et al., 2025a, Sections 2.2–2.3; Appendix D.1.2–D.2)

Setting and seed. WebArena websites and held-out web tasks. A web agent using low-level browser
actions.
Reported evolution. Practice discovers and refines executable Playwright APIs. In the published
delete_merged_branches case, a global textbox selector matches both GitLab search and the
confirmation field, causing a strict-mode error. The repaired API scopes the textbox and confirmation
button to the deletion dialog; the agent patches its persistent knowledge base.
Evidence and limits. Functions persist beyond their discovery tasks. This is component-level skill
improvement, not self-rewriting of the outer optimizer; dynamic-site skills can fail when realistic test
inputs are unavailable.

Evo-Harness. (Wei et al., 2026c, Sections 3–4; Appendix A; Table 6)

Setting and seed. WebArena-Infinity. Solver without an evolved skill library.
Reported evolution. Online reflection is compiled into reusable general and task-type skills. Published
web cases include disabling an existing auto label, preserving corporate email domains, and archiving
qualifying read-important emails.
Evidence and limits. The main sequential protocol learns between batches. Frozen transfer is evaluated
separately; the web examples are advisory procedures, not verified new browser APIs.

LiteEvo. (Choi et al., 2026, Section 3.1; Appendix B.1–B.2; benchmark-specific analysis)

Setting and seed. WebShop. A neutral turn-protocol prompt and action–observation chat loop, with no
initial processors or benchmark-specific prompt content.
Reported evolution. Repeated failure analysis is converted into reusable prompt, knowledge, processor
and configuration components, with candidate selection under the WebShop task evaluator.
Evidence and limits. The study reports an inductive WebShop configuration, but the concrete login
processor described for AppWorld is not a WebShop discovery. A complete selected WebShop diff is not
established here.

HarnessX. (Chen et al., 2026e, Experimental setup; Appendix Additional Results, WebShop)

Setting and seed. WebShop. Composable HarnessX web-task configuration.
Reported evolution. Reported prompt/configuration edits reduce search and pagination loops; advisory
processors address navigation. The added color-matching tool has zero measured hit-rate in the reported
run.
Evidence and limits. Search repeatedly evaluates the full selected task pool. Aggregate improvement
and edit counts do not establish unseen-site transfer or the causal effect of one component.

E.2 Application and Service Workflows

Task-time service-control reference. Difficulty-routed service control combines a lightweight routing
decision with conflict-aware candidate generation and verification before state-changing backend writes,
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Task family Representative benchmarks Seed harnesses by subdomain

Primitive browser actions and observation loops. Low-
level Playwright agent (SkillWeaver) exposes page actions be-
fore reusable website APIs are learned (Zheng et al., 2025a).
Neutral harness (LiteEvo; WebShop) uses a generic turn pro-
tocol with no processors (Choi et al., 2026); WebShop seed
(HarnessX) supplies task-specific instructions (Chen et al.,
2026e). These are different initial configurations.

WebArena / WebArena-
Infinity

WebShopBrowser
interaction

Code, dialogue and gateway controllers. Neutral code-
action harness (LiteEvo; AppWorld) executes code against
application APIs (Choi et al., 2026). Dialogue/tool-use seed
(HarnessX; τ3) alternates conversation and service actions
(Chen et al., 2026e). ReAct/MCP seed (RRSI; Harvey LAB)
already includes a dynamic toolbelt and context summariza-
tion before evolution (Xia et al., 2026).

AppWorld

τ / τ2 / τ3-Bench

Harvey LAB

JobBench / GDPval / APEX-
Agents (transfer)

Applications
and services

Game-action loops with editable support. Action-verifier
scaffold (AutoHarness) supplies retry control and unimple-
mented code interfaces (Lou et al., 2026). Hmin (Continual
Harness) connects screenshots, maps and buttons without
authored skills or subagents (Karten et al., 2026). Static Har-
ness (HCL; Minecraft) supplies a task interface and capability
library around a frozen model (Kang et al., 2026).

TextArena / Liar’s Dice

Balatro / Slay the Spire 2

Pokémon Red / Emerald

Minecraft (50 tasks)
Game playing

Planning and recovery outside the actor. Seed Agent
(SHAPER) combines generic planning with full history (Wang
et al., 2026a); code-as-policy interface (HarnessPAI) invokes
action primitives (Wang et al., 2026c). Unevolved recovery
harness (Zetta) (Ding et al., 2026) and initial teacher-distilled
playbook (RHD) (Kim et al., 2026b) surround frozen policies.
These starting interfaces precede the reported revisions.

LIBERO / LIBERO-Pro

RoboCasa / VLABench

SimplerEnv Bridge

Real-robot tasks

Robot
manipulation

In
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Figure 8: Representative starting harnesses for browser, application, game and robot tasks. Bold labels
describe the initial interface, and italic examples identify its study and configuration. Supplied tools,
retry loops and frozen actors are not themselves evolved discoveries. Rows group settings rather than
establish all-to-all benchmark–seed matches. Appendix E records the specific changes, retained artifacts
and transfer conditions.
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evaluated on retail and airline tasks from τ2-bench (Chen et al., 2026c, Section 3). This provides a
concrete design reference for selectively allocating deliberation and checking action targets, scope, and
ordering. The architecture is supplied rather than discovered through cross-round harness evolution; it is
therefore background for the evolution records below, not an additional evolved-harness finding.

LiteEvo. (Choi et al., 2026, Sections 3.1–3.3; Appendix B.1–B.2; AppWorld evaluation)

Setting and seed. AppWorld. The same neutral turn protocol with a code-action format; no initial
processors or learned task components are supplied to the worker.
Reported evolution. The returned harness adds a worked login example and credential-field knowledge;
a processor restates the login steps after two authorization errors. These components augment the initially
neutral code-action loop.
Evidence and limits. The processor is a reported concrete returned component. Table 2 gives transductive
AppWorld pass@2 of 0% with processors alone, 63.1% with the prompt and 67.7% for the full harness;
this separates component bundles, not the login processor individually. The inductive protocol separately
chooses on validation tasks and tests unseen tasks. Transfer of components evolved on other benchmarks
is much weaker and must remain distinct.

ScholarEvolve. (Yang et al., 2026b, Section 4; Appendix A; Appendix D.2, Table 8 and final-module listings)

Setting and seed. AppWorld; τ2-Bench Telecom. Initial modular application/service agent.
Reported evolution. Validation selects combinations of research-derived tool-interface, context, skill,
memory and reasoning modules. Table 8 identifies different selected modules for each backbone and
benchmark; final AppWorld excerpts show their implementations.
Evidence and limits. Paper-derived module names identify design provenance, not proof that the
complete source method was reproduced. Periodic lifelong refresh is distinct from the main finite
module-search experiment.

Evo-Harness. (Wei et al., 2026c, Sections 3–4; benchmark and skill analyses)

Setting and seed. τ -bench. Solver without an evolved skill library.
Reported evolution. Batch-level feedback supports addition, merging and revision of reusable service-
task guidance, evaluated in the paper’s online harness-learning protocol.
Evidence and limits. The service experiment qualifies as persistent skill evolution, but the detailed web
examples above cannot be assumed to be its retained service policies.

HarnessX. (Chen et al., 2026e, Experimental setup; Appendix Additional Results, τ3-Bench)

Setting and seed. τ3-Bench. HarnessX dialogue and tool-use configuration.
Reported evolution. The reported service runs ship prompt rules and processors addressing policy
ordering and premature actions. No tool edits are shipped in these runs.
Evidence and limits. This is a distinct experiment from WebShop, not an additional paper. Repeated
search-pool evaluation and separate co-training experiments must remain distinct from frozen-model
generalization.

RRSI. (Xia et al., 2026, Section 4.1; Appendix A; Appendix E)

Setting and seed. Harvey LAB; transfer to JobBench, GDPval and APEX-Agents. A study-specific
ReAct loop over an MCP gateway with a dynamic toolbelt and ReSum-style context management.
Reported evolution. Regularized edits optimize the workspace harness on Harvey LAB, and the resulting
harness is evaluated on a pristine in-domain split and three unseen professional-work suites.
Evidence and limits. The paper’s detailed accepted-edit table contains coding and engineering examples,
not a Harvey-specific diff. We record workspace evolution and transfer without importing those other
domains’ mechanisms.
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E.3 Game Playing

AutoHarness. (Lou et al., 2026, Sections 3–4; Appendices C–D)

Setting and seed. TextArena. A fixed LLM-action/retry scaffold with function interfaces for synthesizing
action proposals and legality checks. The LLM without this harness is a comparison baseline.
Reported evolution. Environment feedback fills and refines the supplied propose_action and is_
legal_action interfaces. In the verifier configuration, the existing loop checks LLM-proposed moves
and returns an illegal-action warning before retrying. Appendix D.2 exposes chess coordinate parsing,
king location and attack detection; a separate configuration synthesizes whole Python policies.
Evidence and limits. We count the verifier configuration as a harness around an LLM. Pure code policies
replace task-time LLM execution and are a distinct boundary case; neither changes the outer search rule.

Continual Harness. (Karten et al., 2026, Sections 2–4; Appendix C)

Setting and seed. Pokémon Red and Emerald. A minimal screenshot/map/button interface with no
curated skills or subagents.
Reported evolution. An automated Refiner revises prompts, subagents, executable skills and memory
during a continuous run, using navigation loops and tool failures as feedback.
Evidence and limits. This record concerns the automated configuration. Historical Gemini Plays Poké-
mon milestones involve human refinement; detailed historical battle-agent changes cannot be attributed to
the automated experiment. Model co-training is separate.

DemoEvolve. (Che et al., 2026, Sections 4.1–4.3; Appendices B, C and G)

Setting and seed. Liar’s Dice; Balatro; Slay the Spire 2. Game-specific base harnesses with fixed
environment interfaces.
Reported evolution. Selected Liar’s Dice self-rollout harnesses parse game state, calculate claim prob-
abilities and legal raises, and compare calling with raising. Appendix B gives simplified sketches of
selected harnesses. Its OneCall-Wild1 variant uses a Bayesian escalation model; during deep same-face
escalation, with at least two own contributions, it overrides raising when calling’s expected value is higher
by a margin. On Balatro and Slay the Spire 2, successful demonstrations supply a separate source of
evidence for persistent harness revision.
Evidence and limits. Appendix G audits a selected Meta-Harness baseline whose proposed Balatro hook
never reached the model. That inactive hook is negative evidence, not a successful DemoEvolve discovery;
held-out game seeds are evaluated separately.

HCL. (Kang et al., 2026, Section 4.2.2; Appendix C.3)

Setting and seed. Minecraft 50-task curriculum. Static task interface and capability library around a
frozen model.
Reported evolution. Experience supports capability and workflow revisions; retained skill tests gate later
updates, extending reuse across crafting and dependent operations.
Evidence and limits. This is one sequential Minecraft experiment. It documents retention-based capabil-
ity evolution, without establishing that its updater itself evolves or exposing every final skill diff.

E.4 Robot Manipulation

Zetta. (Ding et al., 2026, Sections 3–4; Appendix C)

Setting and seed. LIBERO-Pro; RoboCasa. Frozen VLA policy with an initially unevolved critic/recovery
harness.
Reported evolution. The stove-placement lineage adds object-relative pregrasp. After grasp failure it
releases and restages, chooses a proposal different from remembered failed grasps, and checks stability
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within a retry budget. Placement lowers the object until support is detected, then releases and retreats
until separation is confirmed.
Evidence and limits. Code critics propose interventions; the fixed orchestrator authorizes them and the
official task predicate determines success. Section 4.3 applies the cumulative stove-task checkpoints to
PnP-Sink, PnP-Cabinet and PnP-Toaster without further evolution: mean success rises from 64% to 84%.
This supports reuse of the complete recovery stack, not each branch independently. Historical regression
and held-out checks gate reusable updates.

SHAPER. (Wang et al., 2026a, Section 4.2; Appendix A.1, Figures A1–A2)

Setting and seed. VLABench. Generic planner guidance and a context builder accumulating all prior
rounds.
Reported evolution. The evolved skill emits actor-compatible primitive commands with exact entity
names. The final context builder emphasizes current images and recent execution state, compresses older
rounds and exposes stagnation.
Evidence and limits. VLA weights and low-level action generation remain fixed. The before/after
artifacts support actor-aware command and context changes; ESI-Bench active-perception changes are a
separate setting.

HarnessPAI. (Wang et al., 2026c, Sections 4.4–5.4; Appendix C)

Setting and seed. LIBERO/Pro; RoboCasa; other embodied suites. Code-as-policy interface around fixed
action primitives.
Reported evolution. Execution failures revise programs and become node-local skills. The retained
align-object-to-basket-mouth skill diagnoses a 5.3 cm depth error caused by estimating the
target from all basket-mask points. It changes basket_center_world to use medians of upper-rim
points for both horizontal position and height, with an all-points fallback when fewer than five rim points
remain. The existing placement servo is unchanged.
Evidence and limits. The program stays fixed within each rollout and evolves between rollouts. Post-
training on collected expert trajectories is a separate weight-update experiment; the published skill is not
an isolated causal ablation.

Recursive Harness Distillation. (Kim et al., 2026b, Sections 3.4, 4.3 and 5; Figures 6–7)

Setting and seed. SimplerEnv Bridge uses frozen GR00T; three real-world tasks use a frozen fine-tuned
π0.5 policy. A light agent has an observation/intervention interface, and playbook refinement starts from
teacher guidance distilled from initial development rollouts; no-playbook agents are comparison baselines.
Reported evolution. Strong-agent experience and recipient feedback revise a reusable intervention
playbook: re-identify occluded objects, distinguish weak from empty grasps, inspect action mismatches,
and verify support before release.
Evidence and limits. The text guides interventions through the existing policy. On the same 48 held-out
Bridge instances, Luna succeeds at 43.8% without a playbook, 31.3% with the initial teacher-distilled
playbook and 66.7% with the refined playbook. A Luna-derived refined playbook instead reaches 22.9%;
stronger-teacher guidance is not interchangeable with self-refinement. These whole-playbook comparisons
do not isolate individual rules or show that the distillation algorithm rewrites itself.
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F Visual Understanding and Generation: Supplementary Evidence

This appendix supports Section 4.4. Visual understanding covers video QA, temporal grounding, and
image perception; visual generation covers image generation and video production. The nine category–
study records from nine papers compare observation and evidence handling with reusable composition
and selection procedures. Figure 9 identifies representative starting structures. Each record states whether
the source exposes a concrete changed artifact, an illustrative intermediate variant, or only the update
procedure.

F.1 Visual Understanding

F.1.1 Video Question Answering

Video-RSI. (Luo et al., 2026b, Sections 4.1, 4.3–4.5; Table 2)

Setting and seed. LVBench evolution; frozen evaluation on Video-MME, LongVideoBench, EgoSchema
and MLVU. The seed already has global/local inspection, transcript/OCR access and observation memory.
Reported evolution. Retained revisions add frame-linked findings with uncertainty, relations over
existing observations, selective 64-frame overviews and occurrence counting. Graph queries process no
new frames; counting consolidates overlapping detections.
Evidence and limits. The full harness uses fewer frames and answers more accurately than the seed on
the four reported suites. Table 2 ablates editor investigation and selection gates, not individual deployed
tools. Frame savings exclude editor cost and are not total-compute savings.

VidHarness. (Liang et al., 2026, Sections 3–4; Appendix D)

Setting and seed. LongVideoBench; Video-MME; Video-Holmes; transfer to Video-MMMU/MMVU.
A task contract and video/transcript/VLM APIs for constructing executable video-agent programs; no
separately named seed is established here.
Reported evolution. MCTS with multi-fidelity validation searches selective-observation programs;
retained harnesses form budget-specialized choices in a mixture.
Evidence and limits. Search design and budget routing are specified by the method. The reviewed text
documents evolution and validation trajectories more clearly than final per-tool diffs, so we do not invent
a discovered frame-sampling rule.

F.1.2 Temporal Grounding

VideoEvolve. (Luo et al., 2026a, Sections 4.1, 4.4–4.5; Table 3; Figure 3)

Setting and seed. Charades-STA; ActivityNet; QVHighlights; ReXTime; TimeLens-Bench. The seed
predicts one interval from 64 uniform frames and generic instructions.
Reported evolution. Instructions check repeated occurrences and event boundaries. Coarse sampling or
unusual interval length triggers another prediction; substantial disagreement triggers a third. Start and end
times are separately combined by medians.
Evidence and limits. All compared configurations use the same 64 frames; extra calls add computation.
Figure 3 shows a recovered kettle interval. For the light switch, the instruction-only variant already
moves the correct seed interval [0, 1] to [1, 3]; the three-call variant returns [1, 4]. Extra calls therefore
do not recover this instruction-level regression. These are cases; Table 3 separates code and instruction
contributions across settings.

F.1.3 Image Perception and Question Answering

HCL. (Kang et al., 2026, Section 4.3.2; Appendix B.2, Table 10; Appendix C.2)

Setting and seed. COCO detection/captioning; RefCOCO; VQAv2. Frozen VLM with editable external
task interfaces, memory, capabilities and router.
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Task family Representative benchmarks Seed harnesses by subdomain

Observation-tool loop. HS0 (Video-RSI). Global/local in-
spection, transcript/OCR access and observation memory are
already supplied (Luo et al., 2026b).

Task/API contract. VidHarness initialization. Video, tran-
script and VLM interfaces are specified; no distinct initial
sampling program is established in the reviewed text (Liang
et al., 2026).

LVBench; LongVideoBench

Video-MME; Video-Holmes

EgoSchema; MLVU

Video-MMMU / MMVU
(transfer)

Video question
answering

One-pass interval prediction. C0T0 (VideoEvolve). Generic
localization instructions predict one event interval from 64
uniformly sampled frames (Luo et al., 2026a).

Charades-STA; ActivityNet

QVHighlights; ReXTime

TimeLens-Bench

Temporal
grounding

Frozen visual model with adapters. Initial visual harness
(HCL). External task interfaces, memory, capabilities and
routing support detection, captioning, grounding and question
answering (Kang et al., 2026).

COCO; RefCOCO; VQAv2Image
perception
and QA

Generator wrappers. Base/GEMS (AutoRef) provide direct
generation or generate/check/memory loops (Oshima et al.,
2026).

Graph builder. Initial tools/four skills (COMFYCLAW) guide
ComfyUI workflows (Li et al., 2026d).

MultiBanana; OmniContext

GenEval2; DPG-Bench;
OneIG

T2I-CompBench++; WISE

Image
generation

Media-production procedures. Initial composition/creator
skills (VideoWeaver) coordinate fixed foundation skills (Wei
et al., 2026b). CineForge-Produce, Round 0 supplies story-
to-shot stages and an initial production policy (Liu et al.,
2026c).

VideoWeaver task suite

CineScope; AnimeShooter

ViStoryBench
Video
production
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Figure 9: Visual task families and their starting harnesses. Named examples describe supplied observation,
localization or generation procedures, including any initial checking or memory. They do not describe the
later evolved mechanisms. VidHarness provides a task/API contract, but the reviewed source does not
establish a distinct initial sampling program. Benchmarks include direct evolution and transfer settings;
exact assignments and retention limits appear in Appendix F.
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Reported evolution. Sequential non-parametric updates balance learning the next visual task against
preserving previously solved anchor examples.
Evidence and limits. Disabling memory updates mainly reduces captioning performance; fixing the
router produces its largest task-level decline on VQAv2. Interface updates contribute most visibly
to captioning and VQAv2. These ablations support different component roles, not a published final
grounding-specific rule; variants follow different update trajectories. This is the same paper as the QA
and Minecraft records.

F.2 Visual Generation

F.2.1 Image Generation

AutoRef. (Oshima et al., 2026, Sections 4–5 and 6.5; Table 4; Appendices D and H.2)

Setting and seed. MultiBanana; OmniContext. Search starts from a one-call generator and GEMS.
Reported evolution. The selected lineage binds prompt elements to references, generates subject-led and
background-led drafts, checks hard failures before order-swapped comparisons, and generates a third draft
from reference-specific complaints. When hard-failure counts tie, the challenger replaces the incumbent
only if it wins both presentation orders. This selector uses the target reasoning model; the search evaluator
is separate.
Evidence and limits. Direct-edit variants leave the retained lineage. The fixed-three-image ablations
replace removed drafts with another sample and replace failure-aware selection with Best-of-N . They
support the combined selector rather than isolating order swapping. Harness-search cost is separate;
generator weights stay fixed.

COMFYCLAW. (Li et al., 2026d, Sections 3.4–4; Table 2; Appendix C, Table 8)

Setting and seed. GenEval 2; DPG-Bench; OneIG splits. A ComfyUI graph-construction agent starts
with predefined tools and four general image-generation skills. The supplied refinement architecture
includes a visual verifier; the Base comparison executes once without verifier feedback.
Reported evolution. Cross-run traces and feedback produce reusable SKILL.md procedures; reported
examples include spatial/count binding, attribute binding and benchmark-dependent style or detail guid-
ance.
Evidence and limits. Typed editing, invalid-edit rollback and the region verifier are supplied architecture.
Skill-read counts establish consultation, not isolated causal quality. The reported workflow-edit distribution
describes per-image actions; it does not by itself identify persistent edits to the harness.

EvoGen-Harness. (Luo et al., 2026d, Sections 3–4; Appendices B.6–B.7)

Setting and seed. GenEval2; T2I-CompBench++; WISE. Frozen image generators wrapped by an initial
multi-responsibility harness.
Reported evolution. Figure 6 illustrates localized counting-policy, spatial-composition, attribute-binding
tool-knowledge and action–object memory changes.
Evidence and limits. Earlier Appendix B examples phrased as possible patches illustrate the edit space,
rather than establish exact retained diffs. Trace, No-Patch and held-out gates are supplied evolution
machinery. Figure 6 gives qualitative cases; aggregate scores do not isolate each patch. The experiments
adapt a separate harness for each generator, rather than transfer one unchanged harness across them.

F.2.2 Video Production

VideoWeaver. (Wei et al., 2026b, Section 4.2; Sections 5.2–5.3; Appendix C)

Setting and seed. Long-video production categories and held-out cases. Fixed foundation skills plus
initial category composition and creator skills.
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Reported evolution. Training feedback revises reusable composition skills and the instructions that
create them; category-local creator skills are merged for unseen-category transfer.
Evidence and limits. Composition skills are frozen for held-out cases; the merged creator is frozen
before receiving unseen-category skill queries and does not update on OOD execution feedback. Section
4.2 and Appendix C specify the update and merging procedures, but the reviewed text does not establish
an exact final per-category instruction diff.

CineForge. (Liu et al., 2026c, Sections 3.3 and 5.5; Appendices A.6, B.1.6 and B.3–B.8)

Setting and seed. CineScope; AnimeShooter; ViStoryBench. CineForge-Produce starts with a fixed
initial production policy and supplied production stages.
Reported evolution. Cross-story evidence produces bounded stage-local changes to a persistent textual
production policy, admitted through fresh replay and, where needed, paired stochastic evaluation.
Evidence and limits. The permitted patch types in Appendix B.3 are not a list of exact retained edits.
Three-round checkpoint evaluation is read-only on a fixed unseen split. Review-workload measurement
overrides editable operational-review settings with a frozen audit reviewer, so lower workload does not
result from simply weakening that reviewer.
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Domain (a) Expose task structure (b) Narrow the scope (c) Checks and recovery

Coding

Reasoning /
information

Interactive /
embodied

Visual tasks

Multiline edit call
→ Route intact edit payload

ModularRSI
(Wu et al., 2026b)

Whole-file reads
→ Read local line ranges

DGM
(Zhang et al., 2026e)

Empty patch
→ Reset; retry within a limit

DGM
(Zhang et al., 2026e)

Arithmetic problem
→ Check representation first

ADAS
(Hu et al., 2025)

Draft label
→ Confirmers + challengers

Meta-Harness
(Lee et al., 2026b)

Failed proof step
→ Rollback + local trials

Prover interface
(Viennot et al., 2026)

Game state and action
→ Check game legality

AutoHarness
(Lou et al., 2026)

Ambiguous textbox lookup
→ Dialog-scoped lookup

SkillWeaver
(Zheng et al., 2025a)

Grasp / placement failure
→ Regrasp + support checks

Zetta
(Ding et al., 2026)

Prompt subjects / scene
→ Bind input references

AutoRef
(Oshima et al., 2026)

Stored video observations
→ Query observation links

Video-RSI
(Luo et al., 2026b)

Image drafts tie on failures
→ Require both-order wins

AutoRef
(Oshima et al., 2026)

Shared
lessons

Make task constraints
explicit in the harness.

Expose the relevant subset
of objects or evidence.

Match checks and recovery
to the failure condition.

Figure 10: What target harnesses change across domains. Each cell links a task input or condition to
reported reusable handling; the bottom row gives our cross-study synthesis. Entries compare distinct
artifacts, not a joint pipeline or proven transfer. ModularRSI shows a historical revision, Meta-Harness a
frontier variant, and AutoHarness evolved legality code within a supplied loop. Appendices C–F give
artifact status, outcomes, and limits.

G Cross-Domain Comparisons and Evaluation

This appendix supports Section 4.5; it is not an additional task domain. The mechanism matrix comple-
ments the evidence-set overview in Figure 3. The following two groups compare optimizer benchmarks
and task-specific contracts, asking what seed is supplied, which feedback search can access, and what
the final evaluator tests. These six protocol records are separate from the 95 domain records in Appen-
dices C–F. Official task pages were checked on 6 October 2026; their protocols and displayed runs may
change.

G.1 Concrete Mechanisms across Domains

Figure 10 aligns task conditions with reported revisions. Shared functions motivate comparison; their
implementations and verification conditions differ. The matrix indexes selected cases from Appendices C–
F, rather than adding independent records or establishing cross-domain transfer.

G.2 Controlled Comparison of Optimizers

HarnessOpt-Bench. (Ursekar et al., 2026, Sections 3–4; Appendices A–B)

Setting and seed. OfficeQA, BrowseComp-Plus, Terminal-Bench and GAIA use pinned executable seeds.
Three are deliberately basic working agents; GAIA starts from a non-functional stub.
Optimization contract. Code changes run against a fixed target model, environment and verifier. De-
velopment feedback includes case outcomes and traces; validation exposes aggregate scores. Search
nominates a final candidate before trusted test evaluation.
Evidence and limits. Search cannot access the final test. Evaluation-call, case-pass and target-token
allowances constrain target evaluation; optimizer inference is recorded but uncapped. GAIA gains include
construction, so seed strength and search expenditure must accompany comparisons.
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Setting Representative benchmarks Seed harnesses by setting

Three working seeds and one construction stub. Pinned
task agents (HarnessOpt-Bench). Basic Python tool-use
agents serve the first three tasks; the GAIA seed is non-
functional (Ursekar et al., 2026).

HarnessOpt-Bench

OfficeQA; BrowseComp-Plus
Terminal-Bench; GAIA

Task-specific
optimizer
comparison

One shared executable loop. Minimal CodeAct (Evo-Bench).
Shell execution and final-answer submission form the com-
mon seed; the fixed outer evolution harness is separate
(Huang et al., 2026a).

Evo-Bench

BrowseComp; HLE; GDPval
APEX-Agents; Claw-Eval

Shared-
harness
comparison

Bounded proposal and repair. One-proposal/one-repair
Lean seed. The program drafts a proof, invokes the compiler
and permits one diagnostic-guided repair (RSI-Exam contribu-
tors, n.d.a).

RSI-Exam

Lean workflowProof-search
contract

Extraction, retrieval and answering. BM25 baseline. The
supplied program extracts conversational information, builds
a keyword index and returns concise answers (RSI-Exam
contributors, n.d.b).

RSI-Exam

Conversational memoryMemory
contract

History-carrying action loop. ReAct starter. Stateless model
calls receive action–observation history (RSI-Exam contribu-
tors, n.d.c).

RSI-Exam

DiscoveryWorld
Discovery
contract

Graph with trainable edge probabilities. GPTSwarm-style
REINFORCE seed. A supplied policy-gradient optimizer
learns connections among fixed-model nodes (Scale AI, n.d.).

Scale RSI Bench

Agent-swarm optimization

Swarm
optimization
contract
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Figure 11: Starting systems in cross-domain harness-optimization resources. Each row identifies a resource
and its supplied seed; these are evaluation settings rather than additional task domains. HarnessOpt-Bench
includes both working agents and a construction stub, whereas Evo-Bench uses one shared CodeAct
seed. Editable components alone do not establish evolved functionality or recursive reuse of an optimizer.
Appendix G gives feedback, budget and final-evaluation boundaries.
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Evo-Bench. (Huang et al., 2026a, Section 3; Section 5.1)

Setting and seed. One shared CodeAct loop, initially exposing shell execution and final-answer submis-
sion, serves search, office and general-agent tasks with a fixed policy model.
Optimization contract. Evolution can use 160 visible cases drawn from BrowseComp, HLE, GDPval,
APEX-Agents and Claw-Eval.
Evidence and limits. The final revision is frozen for 448 disjoint cases, testing one shared harness across
task families. It need not be the highest-scoring visible checkpoint.

G.3 Task-Specific Optimization Contracts

RSI-Exam: Lean proof-search workflow. (RSI-Exam contributors, n.d.a, Official task: What You Have;
How It Is Judged)

Setting and seed. The supplied program proposes a proof, invokes Lean, and allows one diagnostic-
guided repair; 54 visible theorems support development.
Optimization contract. The solver may revise proof extraction, proposal and repair control under fixed
model and execution budgets.
Evidence and limits. Hidden evaluation compiles proof bodies against canonical statements. The contract
establishes no retained improvement by itself; the formal-proof record describes a reported trajectory.

RSI-Exam: long-term memory architecture. (RSI-Exam contributors, n.d.b, Official task: What You Have;
How It Is Judged)

Setting and seed. The baseline extracts conversational information, indexes it with BM25 and produces
concise answers.
Optimization contract. Memory construction and question answering are editable behind fixed ingestion
and answer interfaces, with a pinned model.
Evidence and limits. The sealed verifier reruns the full pipeline on unseen conversations and scores
token F1 within a wall-clock limit. Visible-set changes and scores do not by themselves establish held-out
improvement.

RSI-Exam: scientific-discovery agent. (RSI-Exam contributors, n.d.c, Official task: What You Have; How It
Is Judged)

Setting and seed. A ReAct starter sends action–observation history to a stateless model call at each turn.
Six visible DiscoveryWorld instances support search.
Optimization contract. The editable program controls memory, observation selection and actions through
the supplied environment interface.
Evidence and limits. Evaluation uses unseen parameterizations of the same two themes, a fixed model
and a 240-action budget. Progress, completion and explanatory knowledge contribute separately; this is
not transfer to unseen scientific themes.

Scale RSI Bench: agent-swarm optimization. (Scale AI, n.d., Official task: Task Description; What Did
We Learn)

Setting and seed. A REINFORCE optimizer learns graph-edge probabilities around a fixed node model.
Reported evolution. Official runs replace policy-gradient search with direct graph search, cached rollouts
and replay; retained graphs combine solving, code verification and final decisions.
Evidence and limits. Hidden AIME evaluation scores a frozen graph on accuracy, call efficiency and
validity gates. Optimizer redesign alone does not establish recursive reuse.
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G.4 Adjacent Mechanisms and Post-Cutoff Pointers

These references clarify the boundary between reusable harness mechanisms, learned policies, and task-
level solution search. They supplement the discussion without changing the frozen evidence records or
benchmark counts.
Diagnostic tools and learned use. MLToolBench constructs diagnostic tools from recurring ML-agent
failures, re-tests candidates on the original tasks, and retains useful tools in a reusable library (Yu et al.,
2026c, Section 2.1). Its subsequent supervised and reinforcement learning train the policy to use that
interface. Tool-library construction and policy training are distinct; aggregate training gains are not
evidence that the diagnostic interface evolved during evaluation.
Reusable preference context. EXACT selects interpretable attribute subsets from pairwise preference
feedback, stores them in a per-user prompt–attribute index, and retrieves relevant attributes to augment
new prompts with base-model weights fixed (Yu et al., 2026b, Sections 4.1–4.2). The reusable object is
a preference-context index over a predefined attribute vocabulary, not a newly discovered controller or
evidence that the optimization procedure recursively rewrites itself.
Verification-efficient improvement: post-cutoff pointer. First released on 6 October 2026, after the 1
October evidence cutoff, Verify Less, Evolve More trains idea-level critics to screen proposed ML changes
before costly execution, integrates screening into OpenEvolve, and separately studies critic adaptation
and proposer-policy training (Bai et al., 2026, Sections 2, 4–5). This is relevant to verification allocation
and learned improvement components; evolving task programs is not by itself evidence of reusable
target-harness evolution. It is cited here as a dated follow-up, not added retrospectively to the frozen
comparison.
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(a) Reliable improvement (b) Transfer and adaptation (c) Contribution of an edit

Initial H0 Evolved He

Held-out tasks; same model
Matched total budget

Count search + execution

Repeat runs; report variation
and resource use

Artifact He from
source setting

Unchanged
reuse

Further
adaptation

New tasks, models or environments
Report added feedback and cost separately

Full He
He with edit
∆ reverted

Same held-out tasks and model
Matched execution conditions

Compare outcomes and failure traces
Inspect interactions with other edits

Figure 12: Conceptual evaluation comparisons; He is a selected evolved harness. Reliability, transfer, and
edit attribution require different controls; track regressions and safety violations. Adaptation feedback
must remain separate from final test evidence. A changed improver additionally requires a comparison of
subsequent improvement, as discussed in Section 3.2.

H Challenges and Future Directions

This appendix follows the three priorities in Section 5. Appendix H.1 combines transfer conditions with
reliable, cost-aware measurement. Appendix H.2 examines attribution, edit scope, and coupled model
updates. Appendix H.3 addresses constraints across successive revisions. Each topic connects reported
mechanisms and results to the remaining comparison problem; numerical results retain their original
evaluation settings. Appendix A.3 describes the corresponding workflow designs.

H.1 Measure What Transfers

H.1.1 Generalization beyond the Evolution Setting

Across tasks and benchmarks. Repeated evaluation on a finite search set can favor task-specific fitting,
noise chasing, and unnecessary complexity. RRSI addresses these risks through regularized proposals and
acceptance (Xia et al., 2026). In its workspace setting, the harness evolved on Harvey LAB raises the
mean score on JobBench, GDPval, and APEX-Agents from 39.7 to 43.6. HarnessCompass instead reports
held-out SWE-bench Pass@1 of 60.4%, versus 51.6% for its seed (Zhang et al., 2026g). These results test
different forms of reuse and should not be compared as a common measure of generality. Cross-domain
evidence also exists: ADAS transfers agents from mathematics to other reasoning tasks, and Multi-Task
Self-Harness evaluates a frozen shared harness across benchmark mixtures (Hu et al., 2025; Xu, 2026).
The remaining question is which modifications transfer unchanged, under which task and model shifts,
rather than whether any cross-domain evaluation exists.
Across backbone models. Generalization across backbone models is also uncertain: because a harness
mediates the behavior of a particular model, an improvement discovered with one model may exploit
its specific reasoning patterns, failure modes, or tool-use behaviors and fail to benefit another. Some
harnesses nonetheless transfer (Table 6): RRSI Xia et al. (2026) raises Terminal-Bench 2.1 accuracy from
11.2 to 14.6 on an unseen model. AHE Lin et al. (2026) gains 5.1–10.1 points across alternate model
families. Transfer is nevertheless not guaranteed. In Evo-Harness Wei et al. (2026c), skills evolved by
Claude Sonnet 4.5 improve a stronger Opus 4.7 solver on unseen tasks from 68.8 to 73.4, yet the same
weaker Sonnet solver gains nothing from evolved skills, whether evolved by itself or by Opus (55.3 and
55.7 vs. 58.0 without evolution), suggesting that the benefit of evolved harness components depends on
the capability of the model using them. This leaves open when a harness should transfer and when it
should specialize to a particular backbone.
Future Directions. Future work should therefore optimize for mechanisms that transfer across task
distributions, domains, and base models:

• Reuse-controlled acceptance. Reused acceptance sets risk adaptive overfitting. HarnessLens
already uses fresh confirmation batches (Xu et al., 2026b); evaluate how refresh policies and
reusable holdouts control error over many revisions.
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Method Held-out tasks Cross-benchmark Cross-domain Cross-model

RRSI Xia et al.
(2026)

Regularization Regularization – Eval

HarnessCompass
Zhang et al. (2026g) Generalization gate – – Eval

AHE Lin et al.
(2026)

– Eval – Eval

Meta-Harness
Lee et al. (2026b) Eval Eval – Eval

Evo-Harness
Wei et al. (2026c) Skill abstraction – – Eval

Table 6: Selected transfer configurations. "Eval" denotes reported evaluation; other entries identify
associated design mechanisms, not isolated evidence of their causal effect. "–" means that unchanged
transfer in that setting is not established by the configuration summarized here. This selection is not an
exhaustive inventory of each paper or of cross-domain studies.

• Systematic transfer evaluation. Extend existing transfer studies with frozen harnesses, explicit
task shifts, and matched resources across backbone families, scales, and domains.

• Transfer-aware selection. Compare selection on mixed tasks with independent transfer evaluation
to distinguish selection gains from generalization.

• Core–adapter decomposition. A reusable harness core could be separated from lightweight task-
and model-specific adapters, with principled rules for which components belong to each.

H.1.2 Reliable and Cost-Aware Measurement

Evaluation noise. Agent trajectories are stochastic, so single-attempt success does not establish repeata-
bility. Thinkingbox reports GPT-5.4 at 65.36% pass@1 and 30.62% pass20 (Li et al., 2026c, Table 5;
Appendix C.7, v4). The latter is a plug-in estimate of 20-fold success probability, not the fraction of tasks
succeeding in all 20 observed trials. In a different setting, self-judged harness revision lowers GPT-5.4
from 75.3% to 69.7% pass@1 on Terminal-Bench 2.1 (Wang et al., 2026e, Table 1, v3). Acceptance
mechanisms differ (Table 7): Self-Harness uses a two-split regression gate and reports whole-system
improvements of 14.2–21.4 percentage points across three models on Terminal-Bench 2.0 (Zhang et al.,
2026b). Its gate reads held-out scores, although held-out traces are hidden; these scores therefore partici-
pate in selection. SAGE uses a one-sided paired statistical test, while HarnessBank combines activation
checks with paired significance tests (Wang et al., 2026d; Luo et al., 2026e). Such per-candidate safeguards
should be distinguished from control of accumulated selection error across many adaptive comparisons.
Resource use. Performance must be interpreted alongside resource use. On two models and 50 Terminal-
Bench Pro tasks, the Scaffold Effect study reports up to 40× variation in tokens per solved task; paired
pass-rate differences are 0–8 percentage points and mostly have bootstrap intervals including zero (Vats
and Golev, 2026). Under a matched K = 5 budget without unit tests, Wang et al. (2026e, Table 1, v3)
report mean Terminal-Bench 2.1 pass@1 of 72.3% for parallel sampling, 67.4% for harness evolution, and
71.8% for harness scaling. These conditions matter: the result is not a universal ranking of optimization
methods. MoMHa’s synthetic-domain experiment compares joint optimization with an accuracy-then-
tokens proposer (0.611 versus 0.584 mean accuracy, with 95 fewer tokens per example); its separate
real-benchmark experiment compares against DSPy (0.539 versus 0.542, at 672 versus 2,229 tokens)
(Mukherjee and Tanjim, 2026). In RRSI’s workspace experiment, removing acceptance-side regularizers
lowers the transfer average from 43.6 to 41.0 and raises target-policy tokens per trial from 2.42M to
3.59M (Xia et al., 2026). Existing objectives already include tokens, runtime, or safety (Robeyns et al.,
2025; Mukherjee and Tanjim, 2026; Liu et al., 2026e). The reporting gap is consistent accounting for
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Method Evaluation noise Resource use

Self-Harness
Zhang et al. (2026b) Two-split regression gate –

MoMHa Mukherjee and Tanjim
(2026)

– Joint accuracy-safety-token objective

RRSI Xia et al. (2026) Stability-aware acceptance Cost-gated acceptance
SAGE Wang et al. (2026d) Paired statistical acceptance test Equal-budget comparison

Table 7: Selected mechanisms for reliable evaluation of harness improvement. "–" denotes no dedicated
mechanism summarized in that cell, not absence of all analysis of that issue in the paper.

proposal, validation, and deployment costs, with ablations separating mechanism changes from additional
computation.
Future Directions. Conceptually, an observed performance gain may reflect mechanism improvement,
evaluation noise, or additional computation. Future systems therefore need more statistically principled
promotion rules and evaluation:

• Error-controlled promotion. Extend per-candidate statistical gates to repeated adaptive selection,
and measure error rates and power through controlled ablations.

• Sequential evaluation. Compare uncertainty-driven replication with existing adaptive allocation,
such as HGM (Wang et al., 2026b), under a common total budget.

• Cost-aware reporting and selection. Make selection over both success and cost, including tokens,
tool calls, and wall-clock time, standard practice, and compare against compute-matched baselines.

H.2 Attribute Gains before Expanding Search

H.2.1 Attribution of Harness Improvements

Within a generation. An increase in task success does not identify which interacting edit caused the
gain. Meta-Harness’s classification ablation raises median candidate accuracy from 34.6 to 50.0 when the
proposer receives raw traces in addition to code and scores (Lee et al., 2026b, Table 3). This supports
the value of proposer evidence, not the causal effect of an individual target-harness modification. In the
adjacent setting of training-data research, RSIBench-Data links data decisions to checkpoint outcomes
but explicitly labels its cross-case mechanisms as process observations rather than single-factor ablations
(Meng et al., 2026). Target-harness methods do perform controlled checks: MemCodex isolates edits and
uses paired comparisons, HarnessBank verifies activation and gains, and RRSI tests pruning (Wang and
Liu, 2026; Luo et al., 2026e; Xia et al., 2026). These checks provide more than traceability, yet do not
automatically separate all interactions within a multi-component revision.
Across generations. A currently neutral edit may enable a useful descendant, while an initially useful
component can become redundant. DGM’s ablation without open-ended archive exploration reaches
23.0% on SWE-bench, compared with 50.0% for the full system (Zhang et al., 2026e); this supports the
value of preserving alternative ancestry, not the contribution of each archived edit. RRSI revisits retained
modifications through pruning (Xia et al., 2026). The unresolved distinction is between an edit’s current
marginal value and its historical role in enabling later discoveries. Archive records and rollback checks
support this analysis but do not themselves identify that long-term causal contribution.
Future Directions. Future work should move from failure-conditioned proposal toward counterfactual
and interaction-aware attribution:

• Counterfactual attribution. Estimate each accepted edit’s effect through selective ablation or
rollback and paired evaluation of alternative descendants.

• Interaction-aware attribution. Use factorial or approximate Shapley-style analyses to estimate
the contributions of edit combinations, while respecting dependencies among edits.
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Method Failure diagnosis Edit traceability Historical checks / reuse

Self-Harness
Zhang et al. (2026b) Verifier-grounded failure

clustering
Minimal targeted edits –

Meta-Harness
Lee et al. (2026b) Trace-conditioned proposal Full candidate history –

RRSI (Xia et al., 2026) Evidence-aware attribution Annealed edit budget Pruning of stale edits
DGM (Zhang et al., 2026e) Log-based self-diagnosis One proposed feature per

child
Archive as stepping stones

Table 8: Mechanisms supporting diagnosis, traceability, and historical analysis. Archive reuse and pruning
do not by themselves establish causal attribution. "–" indicates no dedicated historical check in the
configuration summarized.

Method Editable space Search guidance Meta-improvement

Self-Harness
Zhang et al. (2026b) Harness components Weakness-guided minimal edits –

Meta-Harness
Lee et al. (2026b) Harness code Traces + full candidate history –

RRSI Xia et al. (2026) Declared editable
harness modules

Annealed edit budget + history-based
exploration

–

STOP Zelikman et al.
(2024)

Improver scaffold Downstream gains of refined programs Improver rewrites
itself

DGM Zhang et al.
(2026e)

Agent code Open-ended archive search Self-modifying agent

Table 9: Search strategies in self-improving agent and harness systems. "–" indicates that the mechanism
producing modifications is not itself explicitly evolved.

• Retrospective attribution. Value edits both for resolving the failures that motivated them and for
enabling or interfering with later improvements.

H.2.2 Defining the Search Space

Editable scope. Harnesses expose heterogeneous editable objects, from prompts to tools, memory
procedures, and executable control flow (Table 9). Meta-Harness permits code-level search while making
large execution records selectively readable (Lee et al., 2026b). Its Table 1 estimates approximately 10M
tokens of diagnostic context generated by one evaluation in the largest setting; this is not the proposer’s
consumed context or its per-iteration token bill. Self-Harness and RRSI instead emphasize targeted
edits and bounded revision (Zhang et al., 2026b; Xia et al., 2026). Structured localization already exists:
AHE’s reports associate failures with editable modules, and HARDE separates detection and intervention
mechanisms (Lin et al., 2026; Liu et al., 2026e). The open question is how to adapt edit scope to evidence:
when a local repair suffices, and when broader restructuring justifies its extra search and verification cost.
Challenges: Harness meta-improvement. Recent work goes beyond searching over harnesses by also
improving the mechanism used to propose harness modifications (Table 9). STOP (Zelikman et al., 2024)
recursively rewrites the scaffold performing improvement, while in DGM (Zhang et al., 2026e) the agent
being improved also performs the modifications. DGM reports 39.0% on SWE-bench in its no-self-
improvement ablation versus 50.0% for the full system (Zhang et al., 2026e); this is a configuration-level
comparison, not an isolated effect of one rewrite. More generally, histories of successful and unsuccessful
edits could be used to learn which modifications are promising for particular failure patterns. However,
such histories carry noisy outcome labels and selection biases from previous generations, so a proposer
learned from them may overfit to the run that produced it rather than transfer to new settings.
Future Directions. Future work on searching the harness space could pursue:
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Method Harness adaptation Model update Harness-to-model
signal

Weight update
tested?

RHI (Lee et al.,
2026a)

Pairwise-refined loop
description

– Traces proposed for
training

×

HELIX (Fan and
Huang, 2026)

Harness portfolio – Labeled SFT, critic,
filter, and preference
data

×

SIA (Hebbar et al.,
2026)

Tools, prompts,
retries, search

RL updates Rollouts under
evolved scaffold

✓

Continual Harness
Karten et al. (2026) Prompts, skills,

memory, sub-agents
Teacher-relabeled
updates

Relabeled
low-reward rollouts

✓

Table 10: Connections between harness adaptation and model learning. "–" indicates that model weights
remain fixed. The final column records whether model training was tested, not whether recursive
improvement was established. RHI proposes using improved trajectories for training; HELIX constructs
labeled records. Neither tests a subsequent model update in the reported experiments.

• Hierarchical search. First identify the subsystem most likely responsible for a failure, such as
planning, memory, tool use, or verification, then search for edits within it.

• Hybrid proposal operators. Use structured mutation operators as efficient priors for common
changes, and fall back to open-ended code generation when they are insufficient.

• Self-improving proposers. Learn proposal mechanisms from edit histories while correcting for
noisy outcomes and selection bias, so that improvements to the proposer transfer beyond the run
that produced them.

H.2.3 Model–Harness Co-Evolution

Separating harness and model updates. Harness revision can change the trajectories available for model
learning, while weight updates change which harness mechanisms remain useful (Table 10). Evidence
for the two directions must be separated. RHI demonstrates improved execution with lower reasoning
effort; it proposes resulting traces as training data but does not test a subsequent weight update (Lee et al.,
2026a). HELIX’s 65-candidate experiment reports 4.0% more coverage than Pi for its best fixed harness
and up to 58.0% more for the complete post-hoc portfolio. A separate 200-slot sibling slice yields 438
verified training records, without demonstrating gains from training a model on them (Fan and Huang,
2026). SIA does compare harness-only and combined updates: adding weight learning raises LawBench
accuracy from 50.0% to 70.1% and reduces TriMul runtime from 12,483 to 1,017 µs (Hebbar et al., 2026).
Co-Harness and WHALE likewise couple harness search with model updates, while Continual Harness
uses teacher-relabeled trajectories for online learning (Chen et al., 2026f; Kim et al., 2026a; Karten et al.,
2026). These studies establish different forms of coupling; they should not be described as lacking all
component comparisons. The remaining challenge is selective internalization: identify which discovered
behavior benefits from weight learning, which should remain an external tool or control rule, and how to
detect scaffolding made redundant by the updated model.
Future Directions. Future work should therefore study controlled model–harness co-evolution:

• Adaptive update schedules. Decide when to switch between harness and weight updates based on
measured progress, while keeping training trajectories diverse enough to avoid reinforcing narrow
strategies.

• Cross-generation testing. Evaluate old and new models with old and new harnesses to separate
gains due to the model, the harness, and their co-adaptation.
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Work External constraints Revalidation / recovery Lineage safety

AHE (Lin et al., 2026) Read-only verifier and
config

– –

DGM (Zhang et al., 2026e) Sandbox, time limits,
restricted web access,
human oversight

– Traceable archive
(recording only)

Safety Must Survive
Zhang et al. (2026j) – Revalidation of incumbents

+ validated rollback
Founder-based editing

Table 11: Safety mechanisms in recursive self-improvement. "–" indicates that the corresponding
mechanism is not a primary focus of the work.

• Internalization versus externalization. Determine which discovered behaviors should be internal-
ized into model weights and which should remain externalized in tools, memory, or control flow,
and detect when internalized behaviors make scaffolding redundant.

H.3 Preserve Constraints across Generations

Safety along an improvement lineage. Harness self-evolution introduces a distinctive safety challenge:
safety properties that hold for the initial agent may not persist after repeated self-modification. An
accepted update can weaken behavioral constraints or introduce vulnerabilities, which then become part of
the starting point for later generations. Safety must therefore be considered over the evolutionary trajectory
rather than only for an individual harness snapshot. Following the evaluation levels and governance
principles of Gong et al. (2026), we compare existing mechanisms along three dimensions: external
constraints, revalidation and recovery, and lineage safety (Table 11). External constraints alone can be
circumvented: in DGM (Zhang et al., 2026e), hiding the hallucination-detection functions from the agent
reduced objective hacking but did not eliminate it, as one agent removed the logging of tool-use markers
on which the check relied. In controlled authorization tasks, Safety Must Survive shows that current
revalidation can select correct historical alternatives overlooked by stale scores. In its original-editor
cohort of 42 failed roots, six generations of founder-based editing leave one unsafe endpoint, compared
with 14 under current-code editing (Zhang et al., 2026j, Figure 4). The work jointly examines revalidation,
fallback, and repair ancestry; safety here means absence of unauthorized effects under the specified checks.
Extending these controls to broader agents requires tracking indirect dependencies, detecting inherited
violations under changing checks, and preserving useful capabilities during recovery.
Future Directions. Future systems should therefore maintain persistent safety invariants and explicit
recovery mechanisms throughout evolution:

• Specifying the protected boundary. Develop principled methods for deciding which components
must remain immutable, including indirect dependencies, such as logging, through which protected
checks can be bypassed.

• Scalable revalidation. Determine which accepted components to recheck, and when, so that
revalidation remains affordable over long-horizon evolution.

• Lineage-level recovery. Detect and remove unsafe changes inherited across generations, and design
edits whose effects remain reversible.

• Integrated safeguards. Combine protected boundaries, revalidation, and recovery within a single
self-improving system.

The central open problem is how to preserve such non-bypassable guarantees without restricting the
editable space so strongly that meaningful self-improvement becomes impossible.
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I Dated Literature Update Checked Through October 20, 2026
This appendix documents the targeted update incorporated into this revision, not a replacement of the frozen domain
evidence. It covers ten selected studies discussed in the main text, including newly collected work first released
before October 1 and later October developments. The versions below were inspected for the stated mechanisms;
results are reported by their authors, not independently reproduced here. No entry is added to the 95 category–source
records, and no new global count of successful interventions is inferred. The October 19 public preprint and
submitted manuscript remain separate historical versions.

I.1 Recursive Improvement and Search
Harness2: execution harness versus improvement harness.

The inspected source is arXiv:2610.14224v1, Sections 2.1–2.3, 4, and Appendix D.3 (Xu et al., 2026c). Task-
level edits affect eight file-mounted components, with contrastive runs informing selective composition rather than
supplying ground-truth correctness. After a task, adopted components and refinement lessons enter a library used in
later improvement. Each new task restarts from a common execution harness. Library ablations test this reuse in
stated configurations; they do not isolate every retained lesson. Stage instructions, model weights, and the decision
rule remain fixed. This is a concrete boundary on the sense in which the improvement harness evolves.
RSIFlow: retained workflow-selection knowledge.

The inspected source is arXiv:2610.21791v1, Sections 3.1–3.3 and Appendix B.1 (Zhang et al., 2026d). A
fixed-model Meta-Agent selects among updates to task-model parameters, task harnesses, and task artifacts. Paired
parent/candidate trajectories support component-specific skills and cross-component principles retained in its
Meta-Harness. These records include applicability, preservation requirements, and supporting or contradicting
evidence. The distinction from Harness2 is which update routes the improver coordinates, not a claim that either
system rewrites all of its optimization machinery. Full-system comparisons combine these routes; meta-harness
ablations address a narrower contribution.
Harmony Harness: objectives and adaptation scope.

The inspected source is arXiv:2610.15150v1, Sections 3–5, especially 4.1–4.3 (Yu et al., 2026a). Decomposition
maintains candidates under different security–functionality preferences. Factorized edits specify both a component
and its general or environment-specific scope; composition uses the resulting organization at execution time. The
optimizer, objectives, and initial factorization are supplied designs. Retained harness contents are the evolution
outputs. Cross-benchmark tests concern the transferred configuration actually evaluated, not every component
labelled general. Behavioral diversity and interaction effects still require measurement rather than following
automatically from a Pareto-style population.

I.2 Repair, Generalization, and Training Boundaries
Failure feedback: diagnosis is not selection.

The inspected source is arXiv:2610.14662v1, Sections 2–5 and 7.4 (He, 2026). The analysis separates targeted
repair, spread to other failures, collateral breakage, and net score change. DGM logs and controlled revision
experiments have different identification limits. A selected lineage’s gain does not establish that individual edits
were directed by the named failure. Conversely, a broadly useful edit can lack target-specific advantage. This
motivates reporting all assessed candidates and viability exclusions, where available, rather than treating final
survivors as the denominator. Our survey does not recover unreported failed attempts.
GSO: reuse the construction guide, not task particulars.

The inspected source is arXiv:2609.39148v2, Sections 3–5 (Piao et al., 2026). The study distinguishes training
gains from held-out gains under a common agent and split. GSO retains a six-part metaskill, constructs a fresh
task-specific skill, and discards that instance afterward. Candidate edits change one metaskill part and are checked by
matched validation executions that count repairs and regressions. Final-artifact judging and predicting an individual
edit’s effect are separate tests. The controlled benchmark scope does not support a field-wide frequency of harmful
skills or a guarantee for arbitrary new domains.
Harness Evolution Hits a Ceiling: crossed runtime and weight interventions.

The inspected source is arXiv:2610.11655v1, Sections 3–6 and Appendices B–C, E–F (Tian et al., 2026).
Harness search edits prompts, policy parameters, middleware, and tools under supplied admission and rollback
criteria. Later trajectory finetuning is evaluated under seed and evolved harnesses. The resulting comparison
separates runtime dependence from parametric carryover and includes regression-sensitive checks. Its diagnostic
taxonomy and optimizer are not evolution discoveries. Differences between DeepPlanning and WebArena-Lite
constrain the interpretation: a limit observed under one evidence package is not proof that no other harness change
can help.
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I.3 Memory Content, Memory Procedures, and Policy Learning
MemSkill: learning how to construct memory.

The inspected source is arXiv:2602.02474v2, Sections 3.2–3.5 and Appendix B.2 (Zhang et al., 2026c). A fixed
executor applies selected skills to trace-specific memory. A trained controller chooses skills, while a fixed designer
modifies their reusable instructions from hard cases. The initial instructions cover Insert, Update, Delete, and Skip;
they are seeds rather than discovered categories. The designer retains snapshots and can roll back degrading updates.
These procedural changes differ from storing more experiences, and their reported effects arise alongside controller
learning rather than in a wholly weight-free pipeline.
ERSkill: evolving retrieval and learning its activation.

The inspected source is arXiv:2608.12720v2, Sections 2.1–2.3, 3.5, and Appendix B (Chen et al., 2026a).
Retrieval programs combine supplied primitives. A learned router selects programs; an experience trie retains
explored paths, while separate capability and deployment frontiers distinguish oracle value from routed performance.
Newly generated programs are not automatically deployed, and changes can disturb routing even when oracle
capability expands. We therefore separate candidate skill quality, retention, and effective activation. The author
name Guangxu Zhu follows the full text, correcting its spelling in the abstract metadata; v1 results are not substituted
for v2.
SESA: external skills within policy self-play.

The inspected source is arXiv:2607.29468v1, Method: Self-Play Optimization, Frontier Shaping, and Failure
Distillation (Fu et al., 2026). Solver-only retrieval exposes reusable guidance derived from informative failures.
Consolidated skills are deduplicated, committed between training steps, and can be evicted using observed utility;
the same experiences also affect proposer–solver policy learning. Memory-disabled and memory-enabled evaluation
distinguishes carryover in trained weights from optional retrieval. The supplied consolidation and selection rules
should not be described as automatically rewritten, and the complete training gain is not attributable solely to the
external bank.

I.4 Definitions and Reporting Implications
Self-Evolving Agent Harness: persistent revision boundaries.

The inspected source is arXiv:2610.18813v1, Sections 2–3 (Wei et al., 2026a). It distinguishes feedback-
driven revisions retained across runs from execution under fixed rules, including unchanged logging or context
compaction. Its taxonomy separates interpreted state, executable tools/code, repository/runtime logic, and plugin
composition, with final assessment outside the editable boundary. We use this as conceptual background, not as a
new benchmark intervention or evidence of achieved general RSI. Conditional theoretical claims in the associated
extended discussion are not treated as empirical guarantees here.
Synthesis and limits of this update.

Proposal, retention, activation, task effect, and benefit to subsequent improvement are distinct observations.
Future releases should separate them, preserve regressions and rejected candidates in their original settings, and
state model, feedback, budget, and selection controls. Unreviewed or missing reports are not negative results. These
additions strengthen synthesis, not domain-record counts or population-level claims about unsuccessful edits.
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