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ABSTRACT

The harness surrounding a language model is a central determinant of agent performance.
Recent methods optimize harnesses by searching over complete programs, where individual
mechanisms are difficult to isolate and reuse. We introduce PluginRSI, which represents a
harness as a composition of atomized plugins and organizes harness evolution around these
plugins. Individual plugins are improved independently and accumulated in a shared library,
then recombined into new harnesses at each iteration. PluginRSI improves over existing
harness optimization methods across software engineering, command-line interaction, and
question-answering tasks. The resulting harnesses retain their advantage when transferred
to other solver models without further optimization. The evolved plugin library accelerates
subsequent optimization from the initial harness, which helps faster and higher convergence
on unseen tasks. These results show that accumulating reusable mechanisms provides an
effective basis for continued harness improvement.

Date: September 29, 2026
Code: https://github.com/syr-cn/PluginRSI

Everything is a plugin.
—- DeepSeek Harness

1 INTRODUCTION

Recursive self-improvement aims to enable large language model (LLM) agents to become more
capable as they continue to operate (Liu et al., 2026a; Ren et al., 2026; Duan et al., 2026). Such
improvement can come from updating the underlying model parameters or refining the harness that
organizes an agent’s interaction mechanisms such as tools, roles and skills (Zhang et al., 2024; Meng
et al., 2026; Ma et al., 2026). Harness optimization pursues the latter, allowing agent behavior to
be adapted without the training cost of weight updates (Ning et al., 2026; Pan et al., 2026). Modern
harnesses use plugin systems to implement new mechanisms as independent, reusable components,
supporting continued improvement (DeepSeek-AI, 2026; Anthropic, 2025; OpenAI, 2026a).

Recent work explores recursive harness optimization by iteratively rewriting harness implementa-
tions based on execution feedback (Hu et al., 2025; Zhang et al., 2025; 2026b; Lee et al., 2026; Lin
et al., 2026a; Karten et al., 2026; Zhang et al., 2026a). Despite its effectiveness, iterative harness
rewriting faces two limitations. First, it limits the exploration of new mechanisms. Multiple mech-
anisms are coupled within the harness implementation, making it difficult to independently explore
new mechanisms and incorporate their benefits into the harness. Consequently, optimization could
repeatedly converge to similar designs. Second, valuable mechanisms are difficult to preserve and
reuse. Rewriting can overwrite effective local mechanisms, preventing improvements from accu-
mulating into reusable experience across iterations. Together, these limitations hinder continued
improvement by restricting mechanism discovery and the accumulation of reusable mechanisms.

We argue that harness evolution should center on discovering new mechanisms and reusing them
across candidates, rather than repeatedly rewriting harness implementations. Inspired by this, we
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Figure 1: Comparison of harness optimization paradigms. (a) Prior approaches expose the
complete harness Ht as the object of modification. (b) PluginRSI explores recursive optimization
of plugin-parameterized harnesses, where each plugin encapsulates an independent mechanism that
can be accumulated and reused.

study the recursive optimization of plugin-parameterized harnesses. As shown in Figure 1, plugin-
parameterized harnesses encapsulate individual mechanisms as plugins with standardized interfaces.
This formulation allows individual mechanisms to be developed and their contributions evaluated
while keeping the rest of the harness unchanged. A shared plugin library retains empirically bene-
ficial implementations, allowing mechanisms discovered during optimization to accumulate and be
reused to construct subsequent harness candidates.

Towards this end, we introduce PluginRSI, an algorithm that enables recursive harness
improvement by accumulating and reusing plugins. PluginRSI features a shared plugin library
that accumulates beneficial harness-design mechanisms as plugins. Each harness consists of a set of
plugins drawn from this library and a workflow that coordinates their execution. One optimization
iteration begins with a plugin mutation step, where execution feedback guides changes to the plugins
used by a candidate harness, exploring new mechanisms while keeping the remaining harness fixed.
Plugin variants that improve harness performance are added to the library. Harness recomposition
then selects plugins from the updated library and revises the workflow to assemble new harness
candidates, building on the mechanisms discovered in earlier iterations.

We evaluate PluginRSI on software engineering, command-line interaction, and question-answering
tasks. Across these settings, PluginRSI outperforms baseline methods. On SWE-bench Verified,
it improves held-out resolve rates over Meta-Harness by 6–10 percentage points across two opti-
mization backbones. The resulting harnesses retain their advantage across solver models without
further optimization. Optimization curves show that PluginRSI finds strong harnesses with fewer
solver rollouts. Ablations demonstrate the contributions of both plugin mutation and harness re-
composition, with strong performance retained without the initial plugin library. The accumulated
plugins support larger harness implementations with compact workflows and accelerate subsequent
optimization. Reusing the evolved library from the initial harness reaches a held-out resolve rate of
69% after two evolution steps, compared with 65% without reuse.

2 PROBLEM FORMULATION

2.1 OPTIMIZATION OBJECTIVE

A harness specifies how an agent interacts with its environment by defining and coordinating tools,
skills, and other mechanisms. Together, a harness H and a policy model Θ define an agent Φ(· |
H,Θ). Given a task x sampled from a task distribution D, the agent generates a trajectory τ ∼ Φ(· |
x,H,Θ), whose performance is evaluated by a reward function r(τ, x). We define the expected
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Figure 2: Overview of PluginRSI. (1) Plugin mutation explores individual plugin changes in
parallel while keeping the remaining harness fixed. (2) Harness recomposition selects plugins
from the updated library and revises the workflow to construct a new harness candidate.

reward of a harness as
J(H) = Ex∼D,τ∼Φ(·|x,H,Θ) [r(τ, x)] . (1)

Harness optimization seeks a harness H⋆ ∈ argmaxH J(H) that maximizes Eq. 1 while keeping
the policy model Θ fixed.

2.2 RECURSIVE HARNESS OPTIMIZATION

Recursive harness optimization uses feedback from previously evaluated harnesses to guide the con-
struction of new candidates. A separate proposer agent Φproposer examines a candidate’s implemen-
tation and execution trajectories, reviews the agent’s behavior, and proposes new candidates. Both
the policy model Θ and the proposer Φproposer remain fixed throughout the search.

The search begins with an initial harness H0. We consider a search procedure in which, at iteration
t, the proposer generates a new candidate based on the previous best harness and its feedback:

Ht ∼ Φproposer

(
· | Ĥt, TĤt

)
, (2)

where Ĥt ∈ argmaxH∈{Hi}t−1
i=0

J(H) is the best harness found so far, and TĤt
denotes the execu-

tion trajectories collected for Ĥt. The agent defined by the proposed harness, Φ(· | Ht,Θ), is then
evaluated on tasks sampled from D, producing rewards and trajectories for subsequent iterations.
After T iterations, the search returns H∗ ∈ argmaxH∈{Hi}T

i=0
J(H).

3 PLUGINRSI: PLUGIN-ORIENTED HARNESS OPTIMIZATION

We introduce PluginRSI, a recursive harness optimization algorithm that operates over plugin-
parameterized harnesses. The algorithm represents a harness through plugin implementations and
the workflow that coordinates them, while maintaining a shared library that retains beneficial imple-
mentations across iterations (§3.1).

The optimization loop of PluginRSI is described in §3.2.1 and illustrated in Figure 2. At each iter-
ation, PluginRSI first explores new mechanisms through plugin mutation, where individual plugins
are selected, mutated, and evaluated while the remaining harness is kept fixed (§3.2.2). Plugin vari-
ants that yield empirical gains are accumulated in the shared plugin library. The algorithm then
performs harness recomposition, which selects plugins from the updated library and revises the
workflow that coordinates them to explore new harness designs (§3.2.3).

3.1 PLUGIN-PARAMETERIZED HARNESSES

A plugin p is an executable implementation of a harness mechanism exposed through a standardized
interface. This interface separates a mechanism’s implementation from the workflow that invokes
it. In PluginRSI, each plugin consists of two components: (1) a YAML specification defining its
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interface and associated configuration, including input and output schemas, prompts, rubrics, and
metadata, and (2) an executable implementation written in Python code. Further schema details
are provided in Appendix J.

Building on this abstraction, we represent a plugin-parameterized harness as H = H(W,P), where
P denotes the set of selected plugins and W denotes the workflow. The plugins in P implement
the agent’s roles, tools, skills, and memory mechanisms according to the schema. The workflow W
determines when these plugins are invoked and how their outputs are used in subsequent interactions.
The function H is a deterministic program that compiles W and P into an executable harness.

This representation supports two complementary optimization operations. First, individual plugin
implementations can be discovered or refined while keeping the workflow and the remaining plugins
fixed. Second, plugins can be selected from a plugin library and the workflow revised to coordinate
their execution. These operations correspond to the plugin mutation and harness recomposition
stages of PluginRSI, respectively, as discussed in §3.2.

3.2 THE OPTIMIZATION LOOP

3.2.1 INITIALIZATION AND OVERVIEW.

The search starts from an initial harness H = H0 = H(W0,P0) and a plugin library L, with P0 ⊆
L. The harness H is iteratively evaluated on validation tasks Dval, and the scores and execution
trajectories are used for analysis to propose a new harness H ′. Here Dval and Dtest are disjoint
validation and test datasets drawn from task distribution D, where Dtest is held-out and not involved
in the optimization process.

Each iteration consists of two stages. The plugin mutation stage explores changes to individual
plugins and adds beneficial implementations to L. Harness recomposition then selects plugins
from the updated library and revises the workflow to construct a new candidate. After T iterations,
the algorithm returns the best harness on Dval. Algorithm 1 summarizes this process.

3.2.2 PLUGIN MUTATION.

Plugin mutation uses execution feedback to guide changes to individual mechanisms in the current
harness. At each iteration, we generate N mutation candidates in parallel from H , with each candi-
date using a separately sampled minibatch M of b tasks from Dval. Based on the current harness’s
most recent evaluation results, each minibatch contains equal numbers of correctly and incorrectly
solved tasks. The separate sampling of minibatches provides varied execution feedback to encourage
diverse mechanism exploration.

For each minibatch, the proposer agent examines H and its execution feedback on that minibatch
to select a plugin pi ∈ P and produce a modified implementation p′i. The modified plugin replaces
pi while the workflow and the remaining plugins stay fixed. The resulting plugin set is compiled
with the unchanged workflow to obtain Hi = H(W, (P \ {pi}) ∪ {p′i}). We evaluate Hi on its
corresponding minibatch and compare with the score of H on the same minibatch. Plugin variants
with empirical improvements are added to L.

3.2.3 HARNESS RECOMPOSITION.

Harness recomposition uses the implementations accumulated in L to explore new harness designs.
This process allows both the plugin selection P and the workflow W to change.

At this stage, the proposer examines previous harness execution feedback and the mutation results.
These comparisons guide the selection of a plugin set P ′ ⊆ L that incorporates promising imple-
mentations from the updated library. The proposer also revises the workflow from W → W ′ to
improve the plugin coordination, including when they are invoked and how information flows. The
new harness candidate is then compiled as H ′ = H(W ′,P ′) and evaluated on Dval.
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Algorithm 1 PluginRSI: Plugin-Oriented Harness Optimization
Require: Initial harness H0 = H(W0,P0), proposer agent Φproposer, validation tasks Dval

Require: Minibatch size b, iterations T , mutation candidates per iteration N
Ensure: Optimized harness H∗

1: Initialize plugin library L and incumbent (H,W,P)← (H0,W0,P0)
2: Evaluate initial (S[H], TH)← Evaluate(H,Dval)
3: for t = 1, . . . , T do
4: // Step 1: Plugin Mutation
5: for i = 1, . . . , N in parallel do ▷ parallel exploration on different subsets
6: M← balanced minibatch of b tasks from Dval,
7: Gather score SM[H] and execution trace TH,M for H onM
8: Φproposer selects and mutates plugin pi → p′i
9: Hi ← H (W, (P \ {pi}) ∪ {p′i}) ▷ recompile with mutated plugin

10: Gather score SM[Hi] and execution trace THi,M for Hi onM
11: Add each p′i with SM[Hi] > SM[H] to L ▷ accumulate beneficial plugins
12: end for
13: // Step 2: Harness Recomposition
14: Φproposer revises workflow W →W ′ and selects plugins P ′ ⊆ L
15: H ′ ← H(W ′,P ′) ▷ recompile with new workflow and plugins
16: Evaluate H ′ on Dval to obtain (S[H ′], TH′)
17: if S[H ′] > S[H] then
18: (H,W,P)← (H ′,W ′,P ′)
19: end if
20: end for
21: return H

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Benchmarks and protocol. We evaluate on software engineering tasks from SWE-bench Ver-
ified (Chowdhury et al., 2024); command line interaction tasks from Terminal-Bench-2.1 (Mer-
rill et al., 2026); and Question-Answering (QA) tasks from SuperGPQA (Du et al., 2026a), Sci-
Cite (Cohan et al., 2019), FinanceQA (Mateega et al., 2025), FrontierScience (Wang et al., 2026)
and OlympiadBench (He et al., 2024). We split SWE-bench Verified into 400 held-in and 100 held-
out tasks, and Terminal-Bench-2.1 into 59 held-in and 30 held-out tasks, as detailed in Appendix I.
For QA, we sample 50 tasks from each of eight domains with random seed 50. We optimize on 150
tasks from Olympiad-Math, SciCite, and SuperGPQA-Economics, and evaluate on the other five
domains. For each optimization method, we select the harness with the highest held-in score and fix
it for subsequent evaluation. We report resolve rates (%) for SWE-bench and Terminal-Bench, and
accuracies for QA.

Backbone models. We separately optimize SWE-Bench Verified harnesses with GPT-5.6
Terra (OpenAI, 2026b) and Kimi-K3 (Team et al., 2026) as proposers. We use Kimi-K3 as the
solver for Terminal-Bench and QA. We then conduct evaluation on three different base models
GPT-5.6 Terra, Kimi-K3 and GLM-5.2 (Zeng et al., 2026) to measure cross-model utility. By de-
fault, reasoning effort is set to xhigh for the proposer and none for the solver. We also evaluate
each selected harness with the other solver backbones, keeping its workflow and plugins fixed. Full
model configurations are provided in Appendix E.

Baselines. We compare with two groups of methods. (1) Expert-curated harnesses include Re-
Act (Yao et al., 2023), which follows a reasoning–acting loop in zero-shot and few-shot settings; and
ACE (Zhang et al., 2026d), which accumulates experience in a context playbook. (2) Automatically
optimized harnesses include GEPA (Agrawal et al., 2026b), which performs reflective evolution at
the prompt level; and Darwin-Godel Machine (DGM) (Zhang et al., 2026b) and Meta-Harness (Lee
et al., 2026), which search over complete harness implementations. All methods share the same task
splits, API endpoints, and environment sandboxes.
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Table 1: Comparison on SWE-bench Verified (Chowdhury et al., 2024). Harnesses are optimized
and selected on 400 held-in tasks, then fixed for evaluation across solver backbones. Values are
resolve rates (%). † marks the score used for harness selection. Bold marks the best result in each
column within each optimization setting.

Held-In (400) Held-Out (100)

Method GPT-5.6 Terra Kimi-K3 GLM-5.2 GPT-5.6 Terra Kimi-K3 GLM-5.2

Expert-Curated Harnesses
ReAct (Zero-Shot) 38.25 41.00 37.75 39.00 41.00 41.00
ReAct (Few-Shot) 52.50 44.25 38.25 55.00 47.00 41.00
ACE 46.75 41.00 30.25 43.00 37.00 31.00

Automatically Optimized Harnesses w/ GPT-5.6 Terra
GEPA 50.50† 42.50 39.25 51.00 44.00 48.00
DGM 49.00† 42.00 37.25 50.00 51.00 43.00
Meta-Harness 54.50† 54.00 45.25 55.00 53.00 44.00
PluginRSI 58.50† 60.50 48.00 65.00 60.00 52.00

Automatically Optimized Harnesses w/ Kimi-K3
GEPA 55.00 61.00† 47.00 61.00 62.00 52.00
DGM 57.75 58.00† 50.00 58.00 55.00 51.00
Meta-Harness 58.25 64.25† 59.75 60.00 63.00 59.00
PluginRSI 58.00 66.75† 59.50 64.00 69.00 64.00

Table 3: Results on QA benchmarks. We optimize harnesses on 150 tasks from three held-in
domains. Both optimization and evaluation are on Kimi-K3. Values are accuracies rounded to 3
decimals. Bold indicates the best results.

Held-In (150) Held-Out (250)

Method Math SciCite Eco Avg. Fin FS Physics Law Med Avg. Overall

ReAct 0.480 0.540 0.420 0.480 0.280 0.620 0.140 0.320 0.300 0.332 0.388
GEPA 0.680 0.640 0.580 0.633 0.380 0.660 0.200 0.620 0.500 0.472 0.533
Meta-Harness 0.780 0.680 0.800 0.753 0.480 0.740 0.280 0.800 0.540 0.568 0.638
PluginRSI 0.880 0.780 0.800 0.820 0.560 0.720 0.280 0.820 0.560 0.588 0.675

4.2 MAIN RESULTS

Results on SWE-bench Verified. Table 1 shows that PluginRSI improves performance with both
optimization backbones. We observe higher held-in results for both GPT- and Kimi-optimized har-
nesses. With GPT-5.6 Terra and Kimi-K3, it achieves held-out resolve rates of 65.00% and 69.00%,
exceeding the best baseline by 10.00 and 6.00 percentage points, respectively. These gains are
larger than the corresponding held-in gains of 4.00 and 2.50 points. The discovered improvements
therefore remain effective beyond the tasks used for harness selection.

Table 2: Results on Terminal-Bench-2.1 with
Kimi-K3. Values are resolve rates (%). Bold
marks the best result in each column.

Method Held-In (59) Held-Out (30)

ReAct (Zero-Shot) 47.5 50.0
ACE 54.2 56.7
GEPA 57.6 63.3
DGM 57.6 60.0
Meta-Harness 64.4 66.7
PluginRSI 69.5 73.3

Transfer across backbone models. The op-
timized harnesses retain their advantage when
transferred to other solver models without fur-
ther optimization. The harness optimized with
GPT-5.6 Terra achieves held-out resolve rates
of 60.00% with Kimi-K3 and 52.00% with
GLM-5.2, exceeding the strongest baselines by
7.00 and 4.00 points. The harness optimized
with Kimi-K3 achieves 64.00% with both GPT-
5.6 Terra and GLM-5.2, improving over the
strongest baselines by 3.00 and 5.00 points.
For some held-in cross-model evaluations we
also observe a performance degradation against
baseline methods, e.g., 58.00% against previous best 58.25%, where the performance gaps remain
modest. We regard these as comparable results.
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Figure 3: Optimization dynamics. Held-in and held-out resolve rates of the best held-in harness
against cumulative solver rollouts. PluginRSI yields higher performing harness with fewer solver
rollouts, and held-in performances aligns better with held-out scores.

Results on Terminal-Bench. Table 2 shows that the benefits extend to command-line interaction
tasks. With Kimi-K3, PluginRSI achieves 69.5% on held-in tasks and 73.3% on held-out tasks,
compared with 64.4% and 66.7% for Meta-Harness. The improvements are larger on held-out tasks.

Results on QA benchmarks. Table 3 shows the results. Math and Physics are from Olympiad-
Bench (He et al., 2024); Eco(nomics), Law, and Med(icine) are from SuperGPQA (Du et al., 2026a).
FS stands for FrontierScience (Wang et al., 2026) and Fin stands for FinanceQA (Mateega et al.,
2025). PluginRSI improves held-in accuracy from 0.753 to 0.820 and overall accuracy from 0.638
to 0.675 over baselines. Held-out accuracy increases more modestly from 0.568 to 0.588. The
smaller held-out gains are expected given the limited overlap among QA domains, as different do-
mains require different specialized strategies. For example, strategies discovered for mathematical
reasoning may not directly transfer to law questions.

Obs. 1: PluginRSI improves harness performance across task settings. The advantages are
retained across solver models, and are larger on unseen similar tasks.

4.3 OPTIMIZATION DYNAMICS

We examine how efficiently PluginRSI improves harness performance. Figure 3 compares Plug-
inRSI with Meta-Harness using GPT-5.6 Terra. We plot the best held-in scores and the held-out
scores of the corresponding harnesses against cumulative solver rollouts. The x-axis is the num-
ber of solver rollouts for fair comparison, since the plugin mutation stage introduces extra burden.
Appendix L provides a token cost analysis.

PluginRSI rapidly reaches a held-in resolve rate that Meta-Harness does not attain within the evalu-
ated budget. Harnesses with better held-in performance also improve on held-out tasks, with early
gains followed by further improvements in later iterations. Meta-Harness improves more gradually
on held-in tasks, while its held-out performance fluctuates and remains lower at the end of optimiza-
tion.

Obs. 2: PluginRSI finds higher-performing harnesses with fewer solver rollouts, with held-in
improvements accompanied by held-out gains.

4.4 ABLATION STUDY

We examine the contributions of the plugin library and the two optimization stages. Table 4 reports
results under Kimi-K3 optimization and transfer to GPT-5.6 Terra and GLM-5.2. For the w/o initial
plugins variant, we retain only the four basic plugins from the 75-plugin library and keep the ini-
tial workflow unchanged. For the w/o harness recomposition variant, we adopt the mutation-stage
harness with the highest score on its b-task minibatch.
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Table 4: Ablation study on SWE-bench Verified. Harnesses are optimized and selected with Kimi-
K3 on 400 held-in tasks, then fixed for evaluation across solver backbones. Values are resolve rates
(%) and † marks the score used for harness selection. Bold marks the best result in each column.

Held-In (400) Held-Out (100)

Method GPT-5.6 Terra Kimi-K3† GLM-5.2 GPT-5.6 Terra Kimi-K3 GLM-5.2

Meta-Harness 58.25 64.25 59.75 60.00 63.00 59.00
+ Plugin Library 58.25 65.50 55.25 58.00 64.00 56.00
+ Plugin Library w/o Initial Plugins 61.00 64.75 56.25 62.00 62.00 58.00

PluginRSI 58.00 66.75 59.50 64.00 69.00 64.00
w/o Initial Plugins 62.25 67.00 57.75 62.00 67.00 63.00
w/o Plugin Mutation 52.25 58.50 46.25 49.00 57.00 50.00
w/o Harness Recomposition 57.25 62.50 59.00 57.00 59.00 60.00

Plugin library and initial plugins. Adding an initialized or empty plugin library to Meta-Harness
gives Kimi-K3 held-out resolve rates of 64.00% and 62.00%, close to its original 63.00%. This
suggests that providing a plugin library alone yields limited gains. Meanwhile, removing the initial
plugins from PluginRSI yields similar Kimi-K3 held-in scores (66.75% versus 67.00%), and reduces
held-out scores by only 1.00–2.00 points across the three solvers. Strong performance is retained
without these initial plugins.

Plugin mutation and harness recomposition. Removing plugin mutation or harness recomposi-
tion reduces the Kimi-K3 held-out resolve rate from 69.00% to 57.00% and 59.00%, respectively.
Both ablations also reduce held-out scores with GPT-5.6 Terra and GLM-5.2. These results support
combining local improvements to plugins with global changes to their coordination.

Obs. 3: Both plugin mutation and harness recomposition improve held-out performance. A
plugin library alone does not bring obvious gains.

4.5 PLUGIN ACCUMULATION AND REUSE

We examine how plugins accumulate during optimization and whether the evolved library acceler-
ates subsequent harness optimization.

Plugin accumulation. Figure 5(a) shows that the library grows from 75 to 132 plugins over
15 evolution steps, with additions across all four categories. Figure 5(b) tracks candidate size in
Python lines of code (LoC). By the final step, PluginRSI candidates reach approximately 1,300
LoC, compared with 400 LoC for Meta-Harness. Most of this growth comes from plugin implemen-
tations, while the workflow remains below 300 LoC. These results show that accumulated plugins
support larger harness implementations while keeping the workflow compact.
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Figure 4: Plugin reuse effectiveness. On held-
out tasks, optimizing from initial harness w/ the
evolved plugin library accelerates convergence.

Reusing evolved plugins. Figure 4 compares
optimization from the initial harness, the initial
harness with the evolved library, and the evolved
harness with its plugins. Reusing the library from
the initial harness reaches a held-out resolve rate
of 69% after two evolution steps, compared with
65% without reuse. This approaches the 70%
reached after three steps of continued optimiza-
tion from the evolved harness. The results show
that the evolved library preserves useful improve-
ments that accelerate optimization from a differ-
ent starting harness.

Obs. 4: Accumulated plugins support larger harness implementations with compact work-
flows. Reusing the evolved library accelerates subsequent optimization.
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Figure 5: Plugin accumulation statistics. (a) Number of plugins in the plugin library. (b) Candi-
date implementation size during optimization. PluginRSI explores more complex harness structure
by reusing discovered plugins, while the workflow implementation remains relatively brief.

5 RELATED WORK

Self-Improving Agent. Existing work enables agents to improve from feedback through model
parameter updates and the refinement of external artifacts. Policy learning approaches let agents
themselves automatically generate tasks and interaction trajectories, and be optimized via reinforce-
ment learning (Zhao et al., 2026; Huang et al., 2026; Qi et al., 2025; Zhai et al., 2025; Xia et al.,
2026b) or supervised fine-tuning (Zweiger et al., 2026). For artifact optimization, prompt optimizers
update instructions using execution feedback (Zhou et al., 2022; Yuksekgonul et al., 2024; Agrawal
et al., 2026b), while context and memory methods organize information and experiences for sub-
sequent tasks (Zhang et al., 2026d; Ouyang et al., 2026; Shi et al., 2026b; Shinn et al., 2023; Zhao
et al., 2024; Yan et al., 2026; Shi et al., 2026c). Other approaches acquire and retain reusable be-
haviors as agent skills (Wang et al., 2024; Xia et al., 2026a; Ma et al., 2026). PluginRSI studies the
improvement of executable mechanisms and their coordinating workflows via harness optimization.

Recursive Harness Optimization. Recursive harness optimization improves agent performance
by searching over harness designs. Existing methods explore this space by iteratively rewriting
harness implementations. One line of work targets specific aspects of the harness, including agentic
workflows (Hu et al., 2025; Zhang et al., 2025), prompts and role assignments (Agrawal et al.,
2026b;a), and executable components (Yang et al., 2026b; Yu et al., 2026; Fei et al., 2025; Shi et al.,
2026a). Other studies directly optimize algorithms (Romera-Paredes et al., 2024; Novikov et al.,
2025) and executable implementations of agents (Zhang et al., 2026b;c; Lee et al., 2026; Zhang
et al., 2026a; Karten et al., 2026; Liu et al., 2026b). However, mechanisms remain entangled within
the harness during iterative rewriting, making their individual contributions difficult to evaluate and
preventing their reuse. PluginRSI uses a plugin system to decouple individual mechanisms, enabling
their evaluation with the rest of the harness fixed and their reuse across candidates.

Modular Harness Design. Expert-curated agent systems adopt modular harness designs to orga-
nize human-designed mechanisms into composable components. For example, DeepSeek Harness
exposes runtime capabilities as swappable plugins (DeepSeek-AI, 2026). This modular organiza-
tion allows human-designed mechanisms to be incorporated into harness engineering (Shang et al.,
2025; Du et al., 2026b; Han et al., 2025). Recent work (Chen et al., 2026; Luo et al., 2026) combines
typed processors to automatically edit harness components and configurations. PluginRSI explores
recursive harness optimization of plugin-parameterized harnesses, focusing on how plugins can be
independently discovered, accumulated and reused across iterations.

6 CONCLUSION

We introduce PluginRSI, a plugin-oriented algorithm for recursive harness optimization. It improves
individual mechanisms through plugin mutation and recomposes harnesses from an accumulated
plugin library. Experiments show performance gains across software engineering, command-line

9
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interaction, and QA tasks. On SWE-bench Verified, PluginRSI finds stronger harnesses with fewer
solver rollouts and retains its held-out advantage across solver models. Ablations support the contri-
butions of both optimization stages. Reusing the evolved library accelerates subsequent optimization
from the initial harness. These results show that harness evolution can accumulate reusable mecha-
nisms that support further improvement.
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A REPRODUCIBILITY STATEMENT

We describe the optimization procedure in Section 3 and Algorithm 1, and the evaluation protocol in
Section 4.1. Appendix E reports model configurations, search hyperparameters and the API access
period. Appendices H and G provide the initial harness, seed plugin sources, and proposer prompts.
Appendix I describes the SWE-Bench Verified split, and Appendix J specifies the plugin interfaces.
An anonymous code repository is linked in the abstract.

B ETHICS STATEMENT

The experiments and research within the scope of this paper raise few ethical concerns, such as po-
tentially harmful insights and discrimination/bias/fairness concerns. Our experiments use existing
benchmarks for software engineering, command-line interaction, and question answering. Automat-
ically evolved harnesses can improve software development, but generated code and commands may
also introduce errors or unintended changes. Deployment beyond benchmark environments should
therefore include code review and appropriate execution permissions.

C USE OF AI STATEMENT

We used generative AI tools to assist with literature review, code development and manuscript pol-
ishing. In particular, GPT-5.6 Sol assisted with mechanism extraction for the seed plugin library (as
stated in Appendix G), and all resulting plugins underwent manual inspection. The use of LLMs
as proposers and solvers is described in the method and implementation details (as stated in Ap-
pendix E).

D LIMITATIONS AND FUTURE WORK

Despite its effectiveness, this work faces several limitations. First, we evaluate harness evolution
on fixed task sets over a limited number of iterations. Longer-term evolution under changing task
distributions remains to be explored, together with the management of a growing plugin library.
Second, the transfer of discovered mechanisms depends on the task domain and solver model. Gains
are smaller across dissimilar QA domains; thus, optimizing across multiple domains and models
could improve broader reuse. Third, plugin mutation evaluates each change with the remaining
harness fixed. This can miss mechanisms that require coordinated changes to other plugins or the
workflow. Future work could explore harness optimization on long-horizon tasks, more significant
cross-domain transferability and the plugin-workflow joint optimization.

E IMPLEMENTATION DETAILS

For the SWE-Bench experiments in Table 1, we use GPT-5.6 Terra and Kimi-K3 as proposers in
the respective optimization settings, with the same backbone serving as the optimization solver.
Harnesses are selected using held-in scores from the corresponding optimization solver and then
fixed for evaluation across GPT-5.6 Terra, Kimi-K3, and GLM-5.2. For Terminal-Bench, QA and all
ablation experiments, Kimi-K3 serves as both proposer and optimization solver. Reasoning effort is
set to xhigh for the proposer and none for all solvers. At each iteration, PluginRSI generates N =
8 plugin mutation candidates per iteration and evaluates each on a separately sampled minibatch of
b = 20 tasks.

Each minibatch contains 10 tasks solved by the current harness and 10 unsolved tasks. For exam-
ple, on SWE-Bench Verified, each iteration evaluates mutation candidates and one recomposition
candidate using |Dval| + N × b = 400 + 8 × 20 = 560 solver rollouts. We run our method for
T = 15 iterations and the baselines for T = 25 iterations. The subsequent harness recomposition
stage generates one candidate, which is evaluated on all held-in tasks. Tables 5 and 6 summarize the
search hyperparameters and model configurations. For all models, we use response APIs accessed
in September 2026. It is worth noting that we observe an obvious performance degradation in GPT-
series models around the end of August. Although the cause of this degradation remains unclear, we
reran all experiments in September to ensure a fair comparison.
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Baseline implementations. ReAct follows a reasoning–acting loop with either zero-shot instruc-
tions or few-shot demonstrations. ACE augments the harness with a context playbook that accumu-
lates experience. In our experiment we only turn on the “online” memory of ACE with no cross-task
experience. Thus, it is considered an “expert-curated” baseline instead of an automatically updated
one.

All the automatically optimized harnesses start from a ReAct-style initial harness. GEPA revises
prompt instructions using execution feedback, where we let it recursively optimize the solver’s sys-
tem prompt. DGM and Meta-Harness revise complete executable harness implementations from
the initial harness. All methods use the same task splits, API endpoints, and environment sand-
boxes, with model backbones following the corresponding experimental setting. All automatically
optimized baselines run for 25 iterations. The selected harness is then kept fixed for held-out and
cross-model evaluation.

Plugin reuse setup. The evolved harness and plugin library used in Figure 4 come from the search
that produced the best held-in-selected PluginRSI result in the corresponding optimization setting
of Table 1. The three conditions start from the initial harness with the initial library, the same
initial harness with the evolved library, and the selected evolved harness with its evolved library,
respectively. The subsequent harness optimization runs on the held-out 100 tasks following the
held-in protocol in Section 4.1.

Table 5: Hyperparameters.

Hyperparameter Value

Proposer Agent
Optimization iterations (T ) 15
Mutation candidates per iteration (N ) 8
Mutation minibatch size (b) 20
Recomposition candidates per iteration 1
Solved:Unsolved tasks per minibatch 10:10
Max interaction turns 40
Random Seed 42

Solver Agent
Max interaction turns 20
Timeout seconds 360

Table 6: Model configurations for the proposer and solvers.

Role Model Reasoning Max Output Tokens

Proposer GPT-5.6 Terra xhigh 16,384
Proposer Kimi-K3 xhigh 16,384
Solver GPT-5.6 Terra none 8,192
Solver Kimi-K3 none 8,192
Solver GLM-5.2 disabled 8,192

F ADDITIONAL RESULTS

We further compare against SkillOPT (Yang et al., 2026b), A-Evolve (Lin et al., 2026b) and Agen-
tic Harness Engineering (AHE) (Lin et al., 2026a) on SWE-bench Verified with Kimi-K3 as both
proposer and solver.

The results in Table 7 show that the advantage of PluginRSI also holds over the additional base-
lines. Compared with SkillOPT, A-Evolve, and AHE, PluginRSI improves held-out resolve rates by
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Table 7: Results on SWE-bench Verified with Kimi-K3 as both proposer and solver. Values are
resolve rates (%). Bold marks the best result in each column.

Method Held-In (400) Held-Out (100)

GEPA 61.00 62.00
DGM 58.00 55.00
SkillOPT (Yang et al., 2026b) 54.75 60.00
A-Evolve (Lin et al., 2026b) 61.75 57.00
AHE (Lin et al., 2026a) 60.25 63.00
Meta-Harness 64.25 63.00
PluginRSI 66.75 69.00

Table 8: Sources used to construct the seed plugin library. Repository and specification names link
to their corresponding resources.

Source category Papers and resources

Research papers SWE-agent (Yang et al., 2024), Agentless (Xia et al., 2024),
SWE-smith (Yang et al., 2026a), and SWE-Bench (Jimenez et al.,
2024).

Agent implementations mini-SWE-agent, Aider, DeepSeek Harness, and OpenHands
Software Agent SDK.

Skill instructions and
organization

Agent Skills specification, Anthropic Skills, Superpowers, Addy
Osmani Agent Skills, and OpenHands Extensions.

Trajectories and
evaluation records

SWE-Bench experiment repository and SWE-smith trajectory corpus.

9.00, 12.00, and 6.00 points, respectively. These results further support the effectiveness of plugin-
oriented harness optimization beyond the tasks used during search. For computational burdens, we
do not put these baseline methods in § 4.2 for comparison.

G INITIAL HARNESS

Seed Plugin Library. We construct the seed plugin library L0 from prior research and open-source
agent systems, with sources summarized in Table 8. We manually curate the paper list and use GPT-
5.6 Sol to extract role responsibilities and prompts, reusable skill procedures, tool schemas, and
memory record structures. We adapt these assets into Python plugins with standardized interfaces
and manually inspect all plugins. Each plugin retains its configuration, supporting resources, and
provenance documenting its sources and adaptation. The resulting library contains 75 components
across four categories (Table 9), from which each harness selects the components it uses.

Roles render prompts specifying responsibilities and constraints, with input/output metadata where
applicable. Tools expose structured argument schemas and executable operations: repository actions
run in the task environment, while patch submission writes a prediction artifact. Skills provide
loadable instructions and supporting resources. Memory components manage the mechanisms to
store and retrieve task-local evidence using lexical overlap.

Seed Workflow. The initial harness instantiates four plugins from L0. The harness starts with a
coder role, a terminal tool, a debugging skill, and an experience-bank memory. The workflow loads
the skill instructions into the role prompt and exposes the selected tools to the solver. At each turn,
it retrieves task-local observations, queries the solver, executes any requested tools, and stores their
outputs in memory. Execution ends when the solver returns without tool calls or reaches the limit
of 20 turns. Memory is initialized separately for each task. The complete workflow and its plugin
configuration are shown in Figure 6.
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Table 9: Composition of the seed plugin library. Coverage is summarized by function.

Category Count Functional coverage

Roles 20 Baseline coding and boundary enforcement; task analysis and context
preparation; fault localization and diagnosis; patch planning, generation, and
ranking; verification and finalization; experience extraction and plugin or
workflow editing.

Tools 16 Terminal and shell execution; file access and repository navigation; text and
symbol search; patch application; Git inspection; test discovery and
execution; linting and failure inspection; patch submission.

Skills 31 Task analysis and repository orientation; skill routing and instruction
loading; code localization and call-chain tracing; reproduction and
debugging; patching and contract preservation; testing and completion
checks; blocker diagnosis and recovery; lesson extraction and skill
improvement; harness-authoring guidance.

Memory 8 A baseline experience bank and seven structured record types: trajectories,
task outcomes, failure signatures, lesson candidates, counterexamples,
component credit, and skill evaluations.

Total 75

class Workflow:
async def run(self, task, runtime, plugins):

tools = {alias: plugin for alias, plugin in plugins.items() if isinstance(plugin, Tool)}
memories = [plugin for plugin in plugins.values() if isinstance(plugin, Memory)]
guidance = "\n".join(plugin.load({}).instructions for plugin in plugins.values() if isinstance(plugin, Skill))
system = "\n".join(plugin.render({"guidance": guidance}) for plugin in plugins.values() if isinstance(plugin, Role))
schemas = [dict(plugin.schema(), name=alias) for alias, plugin in tools.items()]
messages = [{"role": "system", "content": system}, {"role": "user", "content": task.instruction}]
for turn in range(MAX_TURNS):

if turn:
recalled = [item.content for memory in memories for item in await memory.retrieve({"query": task.instruction})]
if recalled:

messages.append({"role": "user", "content": "Relevant task-local observations:\n" + "\n".join(recalled)})
response = await runtime.model.complete(messages, schemas)
messages.extend(response["output"])
calls = [item for item in response["output"] if item["type"] =$ "function_call"]
if not calls:

return SolveResult(response["output_text"])
for call in calls:

result = await tools[call["name"]].execute(json.loads(call["arguments"]))
messages.append({"type": "function_call_output", "call_id": call["call_id"], "output": result.content})

for memory in memories:
await memory.update({"content": result.content, "metadata": {"turn": turn, "tool": call["name"]}})

return SolveResult("Turn limit reached.", termination_reason="turn_limit")

Figure 6: Python implementation of the initial harness workflow.

H SYSTEM PROMPT FOR PROPOSER

The proposer uses separate instructions for plugin mutation and harness recomposition. Each pro-
posal starts a new conversation, with the current harness, accessible plugin references, evaluation
feedback, and historical candidate summaries supplied as context. Trajectory summaries provide an
overview of the feedback, while file-reading actions allow the proposer to inspect full implementa-
tions and relevant trajectory segments. The phase-specific instructions are given below.

Plugin Mutation. Each mutation branch receives the current harness and its scores and execution
trajectories on a separately sampled minibatch. The proposer uses this feedback to select a plu-
gin used by the harness and develop a modified implementation, while keeping the workflow, the
remaining plugins, and the selected instance’s configuration fixed. The mutation instructions are
summarized in Plugin Mutation Instructions.

Harness Recomposition. The proposer receives the incumbent’s full held-in feedback and the mu-
tation results from the current iteration. It selects plugins from the updated library and revises the
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workflow to coordinate them. Plugin implementations remain fixed during this stage. The detailed
raw prompt is included in System Prompt for Harness Recomposition.

Both prompts are followed by a shared file-action protocol, which is included in File-Action
Protocol. The available actions are list files, read file, read file range,
write file, and submit proposal.

Plugin Mutation Instructions

Use this local experiment to invent a plugin-level solution to a concrete failure in the supplied trajectories.
Read summaries, then inspect relevant full trace ranges and plugin code to identify where the attempt
went wrong; check successes for regressions.

Inspect the current harness and the supplied minibatch feedback. Develop one transferable mechanism
that could fix that failure. You may revise the existing implementation or replace it from scratch; the
copied code is only a scaffold. You may revise the selected plugin’s implementation or replace it from
scratch.

Do not implement explicit content hashing or digests. Use direct string equality for deduplication.

Write the modified implementation to a new new plugins/<kind>/<name>/<version>/
package for the selected plugin. library/ is READ-ONLY. Never write plugins under
child/plugins/ or any other child/ subdirectory.

Keep every workflow file byte-for-byte unchanged. In harness.yaml, change only the selected in-
stance’s plugin reference to the new version; keep its alias, configuration, and all other manifest values
unchanged.

Create exactly one new plugin with the same kind/name as the selected source reference and a new
version. Implement a transferable improvement, not task-specific answers.

Other plugins and the shared runtime/evaluator are immutable. Keep the public interface and existing
instance configuration compatible. Do not install dependencies or inspect hidden tests.

Use local feedback and your previous attempts, including failures, to refine the mechanism. In hypothe-
sis, cite the task/trace evidence, the failure mechanism and the expected repair.

Deliver actual files and call submit proposal with hypothesis, changes:list[string],
new plugin refs. New plugin provenance requires label, sources, upstream assets,
adaptation and parent refs.

System Prompt for Harness Recomposition

Build a better complete Harness by integrating useful ideas from this round’s plugin experiments. Pri-
oritize newly published plugins with positive local score gains; read their implementations and relevant
parent/child trajectories to understand which failures they repaired, any regressions, and when their
mechanisms should help.

Local gains are evidence for integration, not a guarantee of full-set improvement.

Redesign workflow control flow, context and plugin composition so selected plugins are actually used
where they can help. Combine compatible mechanisms; avoid blindly stacking plugins or preserving the
incumbent assembly by default. Use rejected attempts to avoid repeating failures.

In hypothesis, name the selected plugin refs, supporting local results and how the workflow will use
them; explain if no new plugin is suitable.

Do not implement explicit content hashing or digests. Use direct string equality for deduplication.

You may rewrite the entire child workflow package, helpers, resources and plugin assembly. Use only
frozen allowed plugin refs. Do not create or modify plugin packages in this phase.

Do not change the model, runtime, evaluator, resource ceilings or hidden tests; do not install dependen-
cies. Do not hard-code task answers.

Deliver executable files and submit proposal with new plugin refs=[].

20



Preprint. Work in progress.

File-Action Protocol (shared for both stages).

Use the same confined file actions described below, but encode them in ordinary text.

Every response must be one JSON object:

{
"actions": [
{
"name": "read file",
"arguments": {
"path": "child/workflow.py"
}
}

],
"final": false
}

You may batch actions. Their results arrive as quoted data in the next user message.

Use final=true only after delivering all executable files and proposal result.json. Use
submit proposal for final metadata. Each changes entry must be a string, not an object.

Never emit API function calls, shell commands as actions, prose outside JSON, or a mere diff description.

File actions have exactly the same read/write scope as the supplied coding-agent contract.

I DATASET SPLIT

SWE-Bench Verified. We use a fixed partition of the 500 tasks in SWE-Bench Verified into a held-
in split Dval of 400 tasks and a held-out split Dtest of 100 tasks. The partition is specified by disjoint
task-ID lists and is shared across all methods and solver backbones. During optimization, mutation
minibatches are sampled exclusively from Dval, and recomposition candidates are evaluated on the
full held-in split. We select the harness with the highest held-in resolve rate under the corresponding
optimization solver and keep its workflow and plugin configuration fixed for held-out and cross-
model evaluation.

Subdomain composition. We treat each source repository as a subdomain and compare its pro-
portion within each split in Figure 7. Normalizing by split size allows a direct comparison despite
the 4:1 size ratio. Django accounts for 45.25% of held-in tasks and 50% of held-out tasks; SymPy
accounts for 14.25% and 18%, respectively, while Sphinx accounts for 9.75% and 5%. The held-
in split covers all 12 repositories, whereas the held-out split covers 10: the two Seaborn tasks and
the single Flask task occur only in the held-in split. Thus, the held-out evaluation measures task-
level generalization within the benchmark, rather than transfer to unseen repositories, and does not
provide held-out evidence for Seaborn or Flask.

J PLUGIN SCHEMA

Plugin packages. Each plugin is implemented as a versioned Python package stored at
<library>/<kind>/<name>/<version>/. The package contains a plugin.yaml man-
ifest, init .py, an implementation module, and supporting resources such as prompts and
rubrics. The manifest specifies how the plugin is loaded and configured, while the Python imple-
mentation defines its behavior. Figure 8 shows an example plugin manifest and its use in a harness.

Plugin manifest. All four plugin categories share the same manifest structure. The fields kind,
name, and version identify a plugin through a reference such as tool/terminal/v0001,
and entrypoint specifies its implementation class. Instance configurations are defined by
config schema using JSON Schema. The loader fills in default values and validates the con-
figuration before creating the instance. For example, the terminal plugin in Figure 8(a) specifies
an output limit and an execution timeout. Optional provenance metadata records the plugin’s
sources, adaptation details, and parent references.
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Figure 7: Sub-domain distribution of held-in and held-out tasks on Swe-Bench-Verified.

(a) Plugin manifest: plugin.yaml

schema_version: 1
kind: tool
name: terminal
version: v0001
entrypoint: implementation:Terminal
description: Execute a shell command.
config_schema:

type: object
properties:

max_output_bytes:
type: integer
minimum: 1
default: 30000

timeout_seconds:
type: number
exclusiveMinimum: 0
default: 180

additionalProperties: false
provenance:
sources: []
adaptation: Environment-command wrapper.
parent_refs: []

(b) Harness manifest: harness.yaml

schema_version: 1
entrypoint: workflow:Workflow
plugins:

coder:
ref: role/coder/v0001
config: {}

terminal:
ref: tool/terminal/v0001
config:

timeout_seconds: 180
debugging:

ref: skill/debugging/v0001
config: {}

experience:
ref: memory/experience_bank/v0001
config:

top_k: 5

Figure 8: Examples of plugin and harness manifests. (a) plugin.yaml defines a terminal tool and
its instance configuration. (b) harness.yaml assembles a harness by mapping workflow aliases
to versioned plugins and their configurations.

Plugin interfaces. Each plugin implements the Python interface of its category, as summarized
in Table 10. The workflow invokes these methods to render role prompts, load skill instructions,
execute tools, and manage memory. Tool-call argument schemas are exposed through schema(),
separately from the instance configuration defined in plugin.yaml.

Harness assembly. The harness.yaml manifest selects plugin versions and assigns each in-
stance an alias and configuration. The loader checks the selected packages and their interfaces, then
instantiates them with the specified configurations. The workflow accesses these instances through
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Table 10: Plugin interfaces exposed to the workflow.

Category Interface Function

Role render(context) Returns a prompt string constructed from the sup-
plied context.

Tool schema()
execute(arguments)

Exposes the tool-call schema and asynchronously ex-
ecutes an operation, returning a ToolResult.

Skill load(context) Returns a SkillContent containing instructions
and associated resources.

Memory update(experience)
retrieve(query)

Asynchronously stores an experience and retrieves a
list of MemoryItem objects.

Table 11: Selected plugin mutations and their screening results. Values are resolved tasks before
and after mutation on each candidate’s minibatch, using cached outcomes for the original harness.
For incremental evidence retrieval, one verifier timeout leaves 19 tasks with valid outcomes in both
evaluations.
Category Discovered mechanism Before After

Role Repair-scope control 10/20 13/20
Discriminative checks and lifecycle continuity 10/20 13/20

Skill Semantic source preservation 10/20 13/20
Explicit precedence and representation checks 10/20 13/20
Public-path checks with reachability controls 10/20 14/20

Memory Incremental evidence retrieval 10/19 14/19
Test-outcome classification 10/20 12/20

Tool Failure-aware terminal feedback 10/20 14/20

the plugins mapping; for example, plugins["terminal"] refers to the terminal instance in
Figure 8(b). Its asynchronous run(task, runtime, plugins) method coordinates model
calls and plugin execution and returns a SolveResult. Each versioned plugin reference identi-
fies a fixed implementation. Plugin mutation creates a new version and updates the corresponding
reference while preserving the instance alias, configuration, and category interface. Harness recom-
position selects existing plugin versions and revises the workflow that coordinates them.

K DISCOVERED PLUGINS

We examine how plugin mutation changes the mechanisms that guide solver behavior. Table 11
summarizes eight selected mutations across roles, skills, memory, and tools, with one example from
each category illustrated below.

Role: repair-scope control. The mutated coder role refines how the solver determines the scope
of a repair. While the original role encourages small edits, the mutated instructions place guards,
transactions, or cleanup around the smallest sequence of persistent mutations that requires them
(Figure 9). In django django-16100, the original solver wraps the entire admin view in a
transaction, whereas the solver using the mutated role limits the transaction to the affected bulk-
write loop and resolves the task. This case illustrates how a general preference for small edits
becomes an explicit rule for locating the repair boundary.

Skill: semantic source preservation. The debugging skill adds explicit checks on where a re-
paired operation should obtain its values. The mutated instructions require the solver to identify the
intended source and define the behavior when it is absent (Figure 10). In pydata xarray-6461,
the original solver falls back to the condition’s attributes when the source is scalar. With the mutated
skill, it returns empty attributes and resolves the task. The change preserves the intended source
semantics rather than introducing a fallback solely to avoid an exception.
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(a) Before mutation

Role guidance: system prompt.md

Work in short evidence loops: orient and locate
the responsible code, obtain a minimal
reproduction or identify the closest existing
test, then make the smallest plausible edit and
add or update a focused regression test.

(b) After mutation

Role guidance: system prompt.md

For a partial batch write, validation failure,
transaction, cache update, or state reset, put the
guard, rollback scope, or cleanup at the
smallest sequence of persistent mutations
that needs it.

Figure 9: Repair-scope control in the coder role. The mutated instructions specify where to place
guards, transactions, or cleanup when repairing persistent mutations.

(a) Before mutation

Skill guidance: SKILL.md
Make the smallest implementation change that
enforces the stated invariant; preserve unrelated
APIs, ordering, types, and independently
meaningful occurrences.

(b) After mutation

Skill guidance: SKILL.md
Do not replace an invalid positional access with
a fallback to a different input merely because it
avoids the exception; decide whether the
correct absent-source result is empty, a
documented default, or an explicitly defined
alternative.

Figure 10: Semantic source preservation in the debugging skill. The mutated instructions require an
explicit decision about the correct behavior when the intended source is absent.

Memory: incremental evidence retrieval. The memory plugin changes how execution evidence
is returned to the solver (Figure 11). The original implementation retrieves raw tool outputs by
lexical overlap, which can repeatedly return information already present in the conversation. The
mutated plugin deduplicates stored outputs and summarizes recent entries that it has not previously
returned, together with guidance for subsequent verification. Retrieval thus emphasizes newly col-
lected evidence while reducing repeated memory output.

Tool: failure-aware terminal feedback. The terminal tool adds interpretation of command output
to its original truncation behavior (Figure 12). It inspects the complete output for execution and test
failures, including those masked by a successful shell status, and appends recovery guidance. It also
tracks the focused test command and its first failure diagnostic, prompting the solver to inspect the
failure when the same pair recurs. On its screening minibatch, this mutation resolves five previously
unsolved tasks with one regression.
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(a) Before mutation

Memory: implementation.py

# Store every incoming output.
self.entries.append(item)

# Rank outputs by query overlap.
words = set(re.findall(

r"\w+", str(query).lower()
))
ranked = sorted(

enumerate(self.entries),
key=lambda pair: (

len(words & set(re.findall(
r"\w+",
pair[1]["content"].

lower()
))),
pair[0]

),
reverse=True

)

# Return the highest-ranked outputs
.

return [
MemoryItem(**item)
for _, item in
ranked[:self.config["top_k"]]

]

(b) After mutation

Memory: implementation.py

# Skip duplicate outputs in update
().

if any(
existing["content"] == content
for existing in self.entries

):
return

# Retrieve only undelivered entries
.

unseen = self.entries[
self._delivered_count:

]
self._delivered_count = len(self.
entries)

if not unseen:
return []

# Summarize recent unseen evidence.
selected = unseen[-top_k:]
classified = [

self._summary(item)
for item in selected

]
kinds = [

kind for kind, _ in classified
]
# ... build checkpoint and guidance

Figure 11: Incremental evidence retrieval in the memory plugin. Mutation replaces retrieval by
lexical overlap with deduplication and summaries of entries not previously returned. Code excerpts
are reformatted and omit supporting logic.
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(a) Before mutation

Tool: implementation.py

# Execute the requested command.
result = await (

self.services.environment.
execute(

command,
self.config.get(

"timeout_seconds", 180
)

)
)

# Convert the output to text.
content = (

result.content
if isinstance(result.content,

str)
else str(result.content)

)

# Bound the output and return it.
result.content = self._truncate(
content)

return result

(b) After mutation

Tool: implementation.py

# Interpret output before
truncation.

# ... compute status/failure
indicators

notice = self._evidence_notice(
command, raw_content,
reported_nonzero,

explicit_failure
)
notice += self.
_repeat_failure_notice(

command, raw_content,
reported_nonzero,

explicit_failure
)
result.content = self._truncate(

raw_content + notice
)
return result

# Inside _repeat_failure_notice():
# ... extract the failure
diagnostic

focus = self._focused_test_command(
command)

previous = self.
_read_failure_checkpoint()

repeated = (
previous.get("focus") == focus
and previous.get("diagnostic")

== diagnostic
)
self._write_failure_checkpoint(

focus, diagnostic
)
# ... construct repeated-failure
guidance

Figure 12: Failure-aware terminal feedback. The mutated tool interprets command output and tracks
repeated failures to guide subsequent checks. Code excerpts are reformatted and omit supporting
logic.
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L TOKEN COST ANALYSIS

Figure 13 compares token usage between PluginRSI and Meta-Harness. We report total tokens per
solver rollout, including proposer usage, and separately examine solver and proposer costs. For
PluginRSI, proposer costs are further divided into plugin mutation and harness recomposition. Total
input and output tokens per solver rollout increase by 7.5% and 19.8%, respectively. Solver token
usage remains similar, while the additional mutation stage contributes to the proposer overhead.
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Figure 13: Token cost analysis. (a) Total token usage per solver rollout, including solver and pro-
poser tokens. (b) Solver tokens per rollout. (c) Proposer tokens per proposal, with plugin mutation
and harness recomposition reported separately.
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