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Harness optimization improves long-horizon agents by refining the prompts, tools, memory, and hooks around a frozen
model. Offline methods can learn from completed trajectories, but deploy one shared harness for the task agent that may
overfits training tasks and cannot react to evidence revealed during a new run. Online evolution can adapt before, during
or after one run through an evolver, but may have to reason about every intervention from scratch, or rely on verifier
feedback which is usually unavailable at test-time. We introduce Meta2, which moves offline optimization one level up:
rather than optimizing a shared harness, it learns reusable knowledge for harness evolution and applies it within each
task online. Offline, Meta2 learns a textual Meta-Skill ℳ by contrasting training rollouts of the same task agent under
three configurations: without an evolver, with an evolver guided by the current version of ℳ, and with an evolver given
privileged verifier information available only during training. Contrasts in trajectories and outcomes are aggregated across
tasks to refine ℳ into reusable guidance on when and how to evolve, when to leave the harness unchanged, and which
interventions to avoid. Online, an evolver combines the frozen ℳ with emerging trajectory evidence to decide whether
to KEEP the harness unchanged or EVOLVE it through a task-local edit. Each edit shapes the remainder of the same
run, preserving its environment state and accumulated progress. This way, evolution guidance transfers across tasks while
realized harness edits remain task-local, and held-out verifier feedback is never available to the evolver. On two long-
horizon benchmarks Terminal-Bench 2.1 and DeepSWE 1.1, Meta2 achieves the highest performance among evaluated
methods with GPT-5.6-Terra, reaching 81.00% and 44.44%, respectively. Ablations support the value of contrastive
evolution guidance and keeping online harness edits task-local.

Project: https://meta-square.github.io/

1. Introduction
Long-horizon agents do not act through a model alone. They act through a harness: prompts that frame decisions,
a context policy that preserves information, tools and hooks that enable actions, and checks for completion [26,
35, 45, 51]. These mechanisms are often fixed before execution, yet the need to adapt them emerges during
execution. A missing tool becomes apparent when the agent tries to use it; an overlooked constraint may surface
in an intermediate artifact; and a one-time warning may need to become a recurring check. A harness chosen in
advance must anticipate such situations before the trajectory that exposes them exists.

Because different tasks expose different interface and control needs, hand-designed harnesses [3, 5, 36, 49] must
either anticipate a wide range of situations or be specialized manually. Automatic harness optimization reduces
this burden, but most methods still make their consequential choices outside the active run. Offline methods
optimize prompts, memory, tools, workflows, or complete harness programs on training tasks and deploy one
shared artifact [1, 20, 24, 50, 54, 56, 58, 60]. This shared artifact may overfit training tasks and cannot react to
evidence revealed during a new run. Online methods adapt the harness after the target task becomes available.
Some customize it from the target instruction before execution (pre-run) or revise it using feedback from completed
attempts (after-run) [39, 43, 57]. Recent systems support within-run evolution by updating prompts, tools, skills,
or memory during execution [6, 18, 46, 47]. Such within-run harness evolution can be viewed as a practical step
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Figure 1. Motivation and overview of Meta2. Offline evolution produces a shared harness that may overfit training tasks
and cannot adapt to evidence revealed during a new run, while online methods face limitations in intervention timing, knowledge
guidance, and verifier availability. By moving offline optimization one level up, Meta2 learns a reusable Meta-Skill from contrastive
training rollouts and freezes it to guide task-local harness evolution at checkpoints online, without access to verifier feedback at
test-time. Across both evaluated benchmarks, this design yields the highest performance among the compared methods.

toward recursive self-improvement (RSI), where an agent improves not only its task behavior but also the system
that shapes its subsequent behavior. Pre-run and after-run adaptation cannot apply an edit to the unfinished
run in which the motivating evidence arises. Within-run evolution can respond to such evidence as it emerges,
but the evolver still needs guidance on when and how to intervene. This raises our central design question: how
can lessons learned from completed training runs guide selective edits during a new run, without
accessing held-out verifier feedback or making one task’s correction persist into unrelated tasks?
This question is difficult because evolution during a run is a sequential decision under partial information. At a
checkpoint, an evolver can observe the active trajectory and permitted workspace state, but not the run’s eventual
verifier outcome. It must decide whether intervention is warranted, what harness component to change, and how
to express the change. Acting can rescue a failing trajectory, but it can also interrupt productive work or introduce
a new failure; sometimes the correct action is to do nothing. Offline supervision for learning such guidance is also
coarse: a terminal pass or failure evaluates a sequence of checkpoint decisions jointly rather than identifying which
individual edit helped or harmed. Finally, reasoning about every evolution decision from scratch adds online token,
latency, and monetary cost.

We introduce Meta2, a precompute-and-reuse approach which moves offline optimization one level up. Rather
than optimizing a shared harness, it precomputes reusable evolution knowledge to guide the task-local edits online.
Offline, Meta2 learns a textual Meta-Skill ℳ from training trajectories and verifier outcomes. Online, each run
starts from the same seed harness ℎ(0), and ℳ stays fixed across runs. A task agent executes normally; at
checkpoints, a separate evolver uses ℳ and active-run evidence ℐ(𝑘) to choose KEEP or EVOLVE(𝛿(𝑘)). An edit
𝛿(𝑘) is applied through a notice, instruction update, hook, or tool channel, and affects only the remainder of the
current run. The task agent then continues with the same environment state and partial trajectory. Thus, the
Meta-Skill is reused across tasks, while harness edits remain local to the run and are discarded when each run
ends. Figure 1 illustrates this process.

The Meta-Skill is learned from comparisons of rollout outcomes rather than successful traces alone. For each
training task, we run the same task agent under three conditions: A, without an evolver; B, with an evolver guided
by the current version of ℳ; and C, with an evolver given privileged verifier information available only during
training. A–B comparisons show when runs with the current evolver succeed or fail relative to runs without it;
B–C comparisons reveal both recoveries missed by the current evolver and cases where verifier-informed evolution
is associated with worse outcomes. These contrasts provide directional evidence to act, avoid, or hold without
establishing the causal effect of any single checkpoint decision. Across training batches, REFLECT extracts
lessons from these comparisons, AGGREGATE merges recurring patterns across tasks and removes instance-
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specific details, and UPDATE revises ℳ. During online evolution, ℳ is never updated with held-out verifier
outcomes or task-specific edits.

We evaluate Meta2 on Terminal-Bench 2.1 and DeepSWE 1.1. With GPT-5.6-Terra, it achieves the highest
performance among the evaluated methods on both benchmarks, reaching 81.00% and 44.44%, respectively. It
also ranks first on Terminal-Bench with DeepSeek-V4-Flash-0731, scoring 77.67%. Ablations show gains from
adding the online evolver and further gains from contrastive Meta-Skill learning. We also report one-time offline
construction and online deployment costs separately and examine how checkpoint frequency trades responsiveness
for cost. Our contributions are:

1. We formulate harness evolution by edit timing, available evidence and the executions affected. This taxonomy
distinguishes offline optimization from pre-run, within-run, and after-run online adaptation.

2. We develop Meta2, a hybrid harness evolution paradigm which moves offline optimization from a shared harness
to reusable evolution knowledge and uses that knowledge to guide task-local harness edits within a run.

3. We evaluate performance, cost, component contributions, and checkpoint-frequency sensitivity on two long-
horizon benchmarks, with an additional backbone evaluation on Terminal-Bench.

2. Background: Harness Evolution

Task execution through a harness. (1) A task instance 𝜉 = (𝑥, ℰ𝑥, 𝑉𝑥) ∼ 𝒟 comprises a public instruction 𝑥,
an interactive environment ℰ𝑥, and a verifier 𝑉𝑥 whose criteria and outcome need not be observable to the agent
or the evolver. (2) A task agent combines a model parameterized by 𝜃 with a harness ℎ𝑡, comprising prompts,
context policy, tools, skills, memory, and hooks that shape execution by, for example, preserving constraints,
enabling actions, and validating artifacts. (3) At environment step 𝑡, ℰ𝑥 has state 𝑠𝑡, including the current
workspace and task artifacts, and emits an observation 𝑜𝑡. Conditioned on the instruction, interaction history,
and active harness, the agent selects an action according to 𝑎𝑡 ∼ 𝜋𝜃( ⋅ ∣ 𝑥, 𝜏≤𝑡, ℎ𝑡), where 𝜏≤𝑡 = (𝑜1, 𝑎1, … , 𝑎𝑡−1, 𝑜𝑡).
The environment transitions via 𝑃𝑥(⋅ ∣ 𝑠𝑡, 𝑎𝑡), and the verifier returns 𝑦 = 𝑉𝑥(𝑠𝑇 ) at termination.

Harness Evolution. To improve the performance of a task agent under an initial harness, we let an evolver 𝑔
revise it from evidence. Starting from a seed harness ℎ(0), decision 𝑘 ∈ {1, … , 𝐾} proposes and applies an edit:

𝛿(𝑘) ∼ 𝑔( ⋅ ∣ ℎ(𝑘−1), ℐ(𝑘)) , ℎ(𝑘) = Apply(ℎ(𝑘−1), 𝛿(𝑘)) , (1)

where ℐ(𝑘) is the evidence available to this decision, ℳ is reusable knowledge about when and how edits help or
harm (possibly empty), ℎ(𝑘) is the harness after decision 𝑘, and a null edit sets ℎ(𝑘) = ℎ(𝑘−1). We evaluate harness
evolution by 𝑉𝑥(𝑠𝑇 ) on held-out tasks.

Offline evolution applies equation 1 on a training set 𝒮tr before any target task is observed. Its evidence consists
of completed training trajectories and their verifier outcomes, and it outputs a single harness ℎ⋆ shared by all
target tasks. This amortizes experience across training tasks, but ℎ⋆ is fixed once execution begins: it cannot
react to evidence revealed during a target run, and its persistent edits may overgeneralize beyond the failures that
motivated them.

Online evolution applies equation 1 after the target task becomes available. There are three deployment-time
settings, distinguished by when an edit is selected and which executions it affects: pre-run selects edits before
execution (𝑡 = 0), using the target instruction and initial environment information to adapt the harness for the
upcoming run; within-run selects edits at checkpoints during execution, using the partial trajectory and permitted
workspace observations to adapt the harness for the remainder of the active run; and after-run selects edits once
an attempt terminates, using completed trajectories and outcome feedback when available to adapt the harness for
subsequent attempts or tasks. Only within-run evolution can respond while the motivating attempt is unfinished,
but its decisions cannot depend on that attempt’s eventual verifier outcome. Appendix Table 7 compares the two
instantiations of equation 1, which differ in available evidence and edit lifetime.

The two regimes are complementary. Offline evolution has verified training experience but cannot observe
the target run, whereas within-run online evolution observes the target run but may lack reusable guidance from
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Figure 2. Design of Meta2: offline knowledge learning, online harness evolution and format of Meta-Skill. Offline,
rollouts are collected under three conditions: the task agent alone (A), evolution guided by the current Meta-Skill (B), and evolution
with verifier knowledge (C). Deterministic pairing of terminal outcomes yields act, avoid, and hold contrasts. LLM-based reflection
and cross-task aggregation distill these contrasts into reusable lessons, which iteratively update the Meta-Skill. Online, the frozen
Meta-Skill guides an evolver LLM to retain or modify the harness at deterministic checkpoints, while the task agent continues along
a single trajectory in one environment. Meta-Skill entries specify when, how and why to intervene with reference examples.

verified training experiences. This raises the question of whether verified offline experience can guide online edits
without carrying tasks-specific edits across runs.

3. Meta2: Precomputing Reusable Knowledge for Online Evolution

Meta2 answers this question by moving the offline stage one level up. Instead of optimizing a shared harness,
it learns reusable evolution Meta-Skill ℳ from training trajectories and verifier feedback. At deployment, ℳ is
frozen, and the evolver decides each within-run edit conditioned on it: 𝛿(𝑘) ∼ 𝑔(, ⋅ ∣ ℎ(𝑘−1), ℐ(𝑘), ℳ). The Meta-Skill
is reused across tasks, while each edit affects only its active run. As shown in Figure 2, Meta2 has three main
components: a checkpoint-based interface for within-run evolution, an offline procedure that learns ℳ, and a
deployment protocol that reuses ℳ without held-out verifier feedback.

3.1 Online Component: Checkpoint-Based Harness Evolution

Challenge: intervene without restarting. The evolver must decide whether and how to intervene before an
active attempt ends, without resetting its environment, discarding its trajectory, or taking over its actions. Meta2

therefore separates two roles instantiated from the same frozen language model. The task agent starts from a
minimal seed harness ℎ(0) and follows 𝜋𝜃, while the evolver 𝑔 observes the run at checkpoints and may edit the
harness.

Checkpoint information. Let 𝜔(𝑘) denote the permitted read-only workspace observations obtained at check-
point 𝑘 which may be empty. The evolver also receives the newly accumulated trajectory Δ𝜏 (𝑘) while retaining
its preceding checkpoint conversation. Its information therefore accumulates as

ℐ(𝑘) = {(𝑥, Δ𝜏 (1), 𝜔(1)), 𝑘 = 1,
ℐ(𝑘−1) ⊕ (Δ𝜏 (𝑘), 𝜔(𝑘), 𝜎(𝑘−1)), 1 < 𝑘 ≤ 𝐾. (2)

Meta2: Reusable knowledge for harness evolution 4



where ⊕ denotes chronological append and 𝜎(𝑘−1) records whether the preceding edit was loaded, retained, or
rolled back. The trajectory deltas reconstruct 𝜏≤𝑡𝑘

, while 𝜔(𝑘) and 𝜎(𝑘−1) provide workspace observations and
previous-edit status. Appendix Table 7 summarizes the available evidence across evolution regimes.

Decision and continuation. At checkpoint 𝑘, the evolver makes a binary top-level decision:

𝑢(𝑘) ∈ {KEEP, EVOLVE(𝛿(𝑘))} . (3)

KEEP sets ℎ(𝑘) = ℎ(𝑘−1) and continues execution; EVOLVE applies 𝛿(𝑘) through a bounded notice, instruction
update, hook, or tool channel. At the terminal checkpoint, triggered by the task agent’s completion claim, the
evolver also receives automatically collected workspace state. The action space remains unchanged: KEEP accepts
the artifact, whereas EVOLVE applies a bounded correction and sends the task agent back for more work. This
follows Equation 1 as the same-run loop (ℎ(𝑘−1), ℐ(𝑘))→𝑢(𝑘) →ℎ(𝑘). Appendix B.2 specifies the checkpoint schedule,
observation permissions, terminal state, and edit semantics.

3.2 Offline Component: Precomputing Reusable Evolution Knowledge

Challenge: learn checkpoint guidance from terminal outcomes. At deployment, the evolver must choose
whether and how to edit using evidence available during the run, without held-out verifier feedback. Offline,
the verifier supplies an outcome only after the entire run, evaluating a sequence of checkpoint decisions jointly.
A passing or failing rollout therefore does not identify which intervention helped, harmed, or was unnecessary.
Even when a useful intervention is found, its lessons must be separated from task-specific details before they can
transfer.

Optimize the knowledge, not a single harness. We hold the language model, seed harness, checkpoint
interface, and edit channels fixed, and optimize only the evolver’s reusable knowledge ℳ. This Meta-Skill links
observable execution conditions to three guidance types: act supports an EVOLVE decision, hold supports KEEP,
and avoid rules out a specific intervention even when another edit may remain appropriate. The evolver uses
this guidance to decide whether and how to edit the harness during a new run. The offline output is therefore
reusable decision knowledge rather than a universal harness or a predetermined edit. Offline optimization therefore
transfers decision knowledge, not a universal harness or a predetermined edit. Appendix B.1 gives the full offline
construction algorithm, and Appendix I specifies the entry fields and content of the Meta-Skill.

A/B/C rollouts make terminal feedback informative. For each training task, we run the same task agent
with the same language model and seed harness under three conditions: A, without an evolver; B, with an evolver
guided by the current version of ℳ; and C, with an evolver given privileged verifier information available only
during training. A–B contrasts compare outcomes with and without the current evolver, whereas B–C contrasts
reveal additional recoveries or failures under verifier-informed evolution. Condition C is particularly useful on
difficult tasks, where both A and B may fail and their comparison provides no successful examples. By giving
the evolver privileged verifier information, C can produce successful rollouts that allow B–C contrasts to reveal
recovery strategies missed by the current evolver. To prevent these recoveries from relying on direct verifier leakage,
the condition-C evolver’s system prompt strictly prohibits passing privileged verifier information to the task agent.
We also audit condition-C trajectories after execution and exclude those that violate this restriction from contrast
construction and Meta-Skill learning.

Five contrast directions. B-pass/A-fail and C-pass/B-fail provide act evidence for potentially useful interven-
tions and recoveries missed by the current evolver, respectively. B-fail/A-pass and C-fail/B-pass provide avoid
evidence for potential harm from current and verifier-informed interventions, respectively. A-pass/B-pass provides
hold evidence from cases where the task agent succeeds with or without an evolver. These comparisons give each
candidate lesson a direction but do not establish the causal effect of a single checkpoint decision.

From task-level contrasts to reusable rules. We process training tasks in batches. For batch 𝑟, REFLECT
inspects each retained contrastive group and writes candidate entries following the predefined entry schema for each
task; AGGREGATE merges recurring patterns across tasks and removes instance-specific details; and UPDATE
adds, merges, refines, or deletes entries relative to ℳ(𝑟−1). Let 𝒢(𝑟) denote the retained contrastive groups and
𝑉 (𝑟) their privileged training-time verifier information. The update is

ℳ(𝑟) = 𝑓upd(ℳ(𝑟−1), 𝑓agg(𝑓ref(𝒢(𝑟), 𝑉 (𝑟)))) . (4)
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All three stages use LLM calls to the same base model used by the task agent and evolver. After the final batch,
the resulting Meta-Skill is frozen for deployment, where it guides edits selected from evidence in each active run.

3.3 Deployment Component: Frozen Knowledge and Task-Local Edits

Challenge: reuse without contamination. At deployment, the evolver receives no held-out verifier feedback
to confirm whether a task-local edit helped the active run. An edit motivated by one task’s trajectory may also
be inappropriate for another, so carrying it forward risks imposing task-specific changes on unrelated runs. We
therefore reuse the offline Meta-Skill but reset the harness to the same ℎ(0) at the start of every new run.

Freeze globally, adapt locally. At deployment, the learned Meta-Skill ℳ is frozen, and every run starts from
the same seed harness ℎ(0). At checkpoint 𝑘, the evolver decides an edit conditioned on both ℳ and active-
run evidence: 𝛿(𝑘) ∼ 𝑔(⋅ ∣ ℎ(𝑘−1), ℐ(𝑘), ℳ). This extends equation 1 by explicitly conditioning 𝑔 on the reusable
knowledge learned offline. The checkpoint interface remains unchanged: KEEP leaves the harness unchanged,
while EVOLVE applies 𝛿(𝑘) and resumes the task agent with the same environment state and partial trajectory,
as described in Section 3.1. Each edit affects only the remainder of the active run and is discarded when that
run ends. Online decisions, task-specific edits, and outcomes are not written back to ℳ; neither held-out verifier
feedback nor an LLM-as-a-judge signal is used to update it. The next run therefore reuses the same Meta-Skill
and starts again from ℎ(0), carrying over evolution knowledge but none of the preceding run’s harness edits.

4. Experiments

We organize the evaluation around four questions. RQ1 asks whether Meta2 improves held-out task performance.
RQ2 examines whether the offline cost of precomputing reusable evolution knowledge is justified when reused at
deployment. RQ3 studies the tradeoff between checkpoint responsiveness and online cost. RQ4 identifies which
method components account for the gains.

4.1 Experimental Setup

Benchmarks and metrics. We evaluate Meta2 on two challenging long-horizon benchmarks: Terminal-Bench
2.1 [32] and DeepSWE 1.1 [12]. We randomly split each benchmark into training and test sets at a 1:2 ratio.
We report mean@5 over five independent runs on every held-out Terminal-Bench task and mean@3 over three
independent runs on every held-out DeepSWE task. Appendix C.1 provides dataset splits and evaluation details.

Baselines. We compare Meta2 against three groups of baselines: (1) human-designed harnesses: NexAU [33],
Codex CLI [36], mini-swe-agent [49], Pi agent [5], and DeepSeek Harness [3]; (2) self-evolution methods:
ACE [61], Training-free GRPO [2], and ReasoningBank [38]; and (3) harness-evolution methods: AHE [24],
Meta-Harness [20], and Continual Harness [18]. All self-evolution and harness-evolution methods start from the
same NexAU seed harness, denoted ℎ(0) for Meta2.

Implementation details. Self-evolution baselines construct their experience libraries on the training split;
ReasoningBank and ACE can further update their libraries as test evaluation proceeds. AHE uses best-of-two
proposals for five iterations, while Meta-Harness uses one proposal per iteration for ten iterations. Both deploy
the harness with the highest training score at test-time. Continual Harness starts from its training-evolved harness
and retains edits made during test evaluation, whereas Meta2 starts every run from ℎ(0) with a frozen Meta-Skill.
No method that adapts at test time is allowed to observe held-out verifier outcomes. Appendix C.2 gives the
detailed full settings.

LLM backbones. Our primary experiments use GPT-5.6-Terra [37] with medium reasoning effort. We addition-
ally evaluate Terminal-Bench 2.1 with DeepSeek-V4-Flash-0731 [4] at high reasoning effort. Within each backbone
setting, all agent roles across all compared systems use the same underlying model. We route all calls through
one LiteLLM proxy and compute cost from the per-call charges in its response headers.
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Table 1. Main performance and cost comparison. Results with GPT-5.6-Terra (medium reasoning) on Terminal-Bench 2.1
(mean@5) and DeepSWE 1.1 (mean@3). Parentheses report the point change from the NexAU seed; costs are aggregate US dollars
over each evaluation.

Method
Terminal-Bench 2.1 DeepSWE 1.1

Perf. Cost ($) Perf. Cost ($)
Offline Online Full Offline Online Full

Human-Designed Harnesses
NexAU Seed 66.33 – 34.09 34.09 34.67 – 62.67 62.67
Codex CLI 68.33 – 56.59 56.59 31.11 – 136.53 136.53
mini-swe-agent 67.33 – 41.08 41.08 29.33 – 68.87 68.87
Pi agent 69.00 – 37.98 37.98 39.11 – 82.50 82.50
DeepSeek Harness 68.00 – 31.90 31.90 34.22 – 41.37 41.37

Self-Evolution Methods
ReasoningBank 68.00(+1.67) 16.04 55.60 71.64 33.33(-1.34) 55.87 85.64 141.51
ACE 71.33(+5.00) 81.55 64.09 145.64 32.00(-2.67) 238.10 82.29 320.39
TF-GRPO 74.67(+8.34) 92.55 42.62 135.17 36.44(+1.77) 322.50 86.16 408.66

Harness-Evolution Methods
AHE 70.67(+4.34) 209.44 38.91 248.35 34.67(0.00) 793.48 69.41 862.89
Meta-Harness 73.33(+7.00) 160.51 38.34 198.85 37.33(+2.66) 781.56 89.19 870.75
Continual Harness 72.67(+6.34) 28.75 83.48 112.23 33.78(-0.89) 46.11 155.61 201.72
Meta2 81.00(+14.67) 110.19 64.72 174.91 44.44(+9.77) 238.52 129.34 367.86

4.2 RQ1: Does Meta2 Improve Task Performance?

Primary comparison. With GPT-5.6-Terra, Meta2 achieves the highest performance point estimate among
evaluated methods on both benchmarks, reaching 81.00% on Terminal-Bench 2.1 and 44.44% on DeepSWE 1.1
as shown in Table 1. These correspond to gains of 14.67 and 9.77 percentage points over the shared NexAU
seed harness, compared with 7.00 and 2.66 points for Meta-Harness, the strongest harness-evolution baseline. All
evolution-based methods improve over the seed on Terminal-Bench. On DeepSWE, however, ReasoningBank,
ACE, and Continual Harness fall below the seed, while AHE only matches it. In contrast, Meta2 still retains a
9.77-point improvement, suggesting that condition C can supply useful training examples on difficult tasks where
other evolution methods fail to improve.

Robustness across backbones. Table 2 repeats the Terminal-Bench evaluation with DeepSeek-V4-Flash-0731
as the backbone. Meta2 again achieves the highest performance, reaching 77.67% and outperforming the shared
NexAU seed and Continual Harness by 7.67 and 3.00 percentage points, respectively. The three self-evolution
baselines score below the seed; AHE and Meta-Harness improve by 1.33 and 1.00 points, while Continual Harness
improves by 4.67 points. We construct a separate Meta-Skill for each backbone, so this experiment evaluates
robustness across backbones rather than zero-shot transfer of a frozen Meta-Skill between models.

4.3 RQ2: Is Precomputation Cost-Effective When Reused?

Cost comparison. Table 1 separates one-time offline construction cost from online deployment cost. Compared
with the offline harness-evolution methods AHE and Meta-Harness, Meta2 achieves higher performance at lower full
cost on both benchmarks. Its full costs are $174.91 on Terminal-Bench and $367.86 on DeepSWE, compared with
$248.35 and $862.89 for AHE, and $198.85 and $870.75 for Meta-Harness. With the highest observed performance
among evaluated methods, Meta2 lies on the performance–cost Pareto frontier on both benchmarks, as shown in
Figure 9 in Appendix E.2.

Reusable precomputation. Compared with Continual Harness, another online harness evolution method, Meta2

incurs higher offline construction costs: $110.19 versus $28.75 on Terminal-Bench 2.1 and $238.52 versus $46.11
on DeepSWE 1.1. However, it achieves higher performance at lower online costs: $64.72 versus $83.48 and $129.34
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Table 2. Robustness across backbones. Terminal-Bench 2.1 test-set results with DeepSeek-V4-Flash-0731 (high reasoning),
reported as mean@5. Parentheses report the point change from the NexAU seed; costs are aggregate US dollars over each evaluation.

Method Perf. Cost ($)
Offline Online Full

NexAU Seed 70.00 – 16.83 16.83
Self-Evolution Methods

ReasoningBank 69.33(-0.67) 8.08 21.21 29.29
ACE 65.00(-5.00) 58.30 21.56 79.86
TF-GRPO 66.33(-3.67) 37.15 19.86 57.01

Harness-Evolution Methods
AHE 71.33(+1.33) 123.51 20.28 143.79
Meta-Harness 71.00(+1.00) 99.55 19.49 119.04
Continual Harness 74.67(+4.67) 2.84 35.98 38.82
Meta2 77.67(+7.67) 81.90 33.51 115.41

versus $155.61, respectively. The offline construction cost is a one-time investment: the resulting Meta-Skill can
be reused across subsequent tasks and runs without reconstruction, so additional deployments incur only online
cost. The construction cost is therefore amortized over a larger workload as the Meta-Skill is reused.

4.4 RQ3: How Does Checkpoint Frequency Trade Responsiveness for Cost?

Checkpoint-interval sensitivity. Figure 3 varies the
fixed checkpoint interval 𝐿 on Terminal-Bench 2.1. A mod-
erate interval of 𝐿 = 5 achieves the highest performance
(81.00%) and the best observed performance–cost balance,
at an online cost of $64.72. More frequent checkpoints
increase cost without improving performance: 𝐿 = 3 and
𝐿 = 1 cost $74.22 and $83.41 but score 80.33% and 79.00%
respectively. Longer intervals reduce cost modestly, reach-
ing $59.10 at 𝐿 = 11 and the performance compromises as
well. Importantly, Meta2 outperforms every baseline at
every evaluated value of 𝐿, showing that its advantage is
robust to the checkpoint schedule.
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Figure 3. Checkpoint-interval sensitivity. Perfor-
mance on Terminal-Bench 2.1 versus log-scaled online cost.

4.5 RQ4: Which Components Produce the Gains?

Component contributions. Figure 4 compares five settings. The first four compare the task agent alone,
the task agent with an online evolver without any distilled knowledge, and the two-agent system with either
a self-distilled or contrastive Meta-Skill. Their Terminal-Bench/DeepSWE scores are 66.33/34.67, 74.67/36.44,
77.00/35.56, and 81.00/44.44, respectively. Adding the online evolver improves performance on both bench-
marks, while the self-distilled Meta-Skill improves Terminal-Bench but slightly reduces DeepSWE performance.
Contrastive Meta-Skill learning improves over self-distillation by 4.00 and 8.88 percentage points, respectively,
highlighting its value particularly on harder tasks.

Resetting between tasks. The fifth setting starts each new task from the harness produced by the preceding
task, retaining all online edits rather than resetting to ℎ(0). Performance falls from 81.00% to 78.33% on Terminal-
Bench and from 44.44% to 39.11% on DeepSWE. Online edits are derived from the trajectory of the active task
and may therefore encode task-specific interventions that do not transfer to the next task. These results support
reusing the frozen Meta-Skill while resetting the harness for each new task, so that task-specific edits remain local
to the run that produced them.
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Figure 4. Component ablations. The first four settings evaluate the online evolver and two Meta-Skill construction methods.
The fifth retains online edits across tasks instead of resetting to ℎ(0).

5. Related Work
Offline harness evolution. Using the taxonomy in Section 2 and Appendix Table 7, we group prior work by
edit selection time. Offline methods optimize the system around a frozen model on training tasks and deploy
the result as a fixed artifact. Early work optimizes prompts and LM pipelines [1, 19, 48, 56], and later work
searches over code-defined agent systems and workflows [11, 60]. For long-horizon agents, recent methods evolve
the harness itself: they rewrite the scaffold [59], propose harnesses from prior code, scores, and traces [20], tie
edits to checkable predictions [24], or retain regression-tested edits [58]. Analyses suggest that many of these gains
compensate for recoverable execution defects of the underlying model [50]. In all cases, the deployed harness ℎ⋆ is
shared across held-out runs and cannot react to evidence revealed during a run. Meta2 also learns from completed
training runs, but it freezes reusable evolution knowledge ℳ rather than a harness, so the same ℳ can support
different edits in runs.

Online harness evolution: pre-run and after-run. Pre-run methods adapt the harness once the target task
is known but before execution begins; for example, JIT-Agent synthesizes a task-specific harness for each incoming
task [57]. After-run methods adapt from completed attempts. Reflexion [40] and Harness-R1 [39] use feedback
or failure trajectories to improve later attempts on the same task, while Dynamic Cheatsheet, ACE, and TTHE
update memory, guidance, or harness programs over a stream of tasks [34, 42, 61]. In both settings, the edit either
precedes the evidence that execution reveals or benefits only later attempts or tasks, and after-run selection often
relies on completed-run feedback or proxy signals. Meta2 instead edits the run in which the evidence appears,
without observing that run’s verifier outcome.

Online harness evolution: within-run. The closest setting adapts the harness during an uninterrupted run.
Continual Harness refines prompts, skills, and memory inside a reset-free episode [18]; PILOT uses a supervisor
to steer an active worker [47]; and Live-SWE-agent modifies its own tools while solving a task [46]. These systems
show that within-run adaptation is feasible and useful, but they decide when and how to intervene without
guidance. Meta2 supplies this guidance. Offline, A/B/C outcome contrasts produce a textual Meta-Skill that
records when to act, hold, or avoid an intervention. Online, an evolver applies this frozen knowledge to the active
run without held-out verifier feedback. Table 6 and 7 in Appendix G summarizes the distinction: Meta2 is a
hybrid that evolves reusable knowledge offline and task-local edits within the run.

6. Conclusion

Meta2 moves offline optimization one level up, learning reusable knowledge for harness evolution instead of a fixed
harness. Offline rollout contrasts produce a Meta-Skill that is frozen at deployment; an online evolver uses it
together with active-run evidence to decide harness edits that remain local to each run. Meta2 achieves 81.00%
on Terminal-Bench 2.1 and 44.44% on DeepSWE 1.1 with GPT-5.6-Terra, and 77.67% on Terminal-Bench with
DeepSeek-V4-Flash-0731. Ablations support contrastive Meta-Skill learning and resetting the harness between
tasks. These results support a simple principle: precompute how to adapt, then adapt locally as the task unfolds.
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A. Notation
Table 3 summarizes the core notation used in the main text and Appendix B.

Table 3. Core notation used in the main text.

Symbol Meaning

𝜉 = (𝑥, ℰ𝑥, 𝑉𝑥) Task instance: public instruction, interactive environment, and verifier.
𝑠𝑡, 𝑜𝑡, 𝑎𝑡 State, observation, and action at step 𝑡.

𝜏≤𝑡 Partial trajectory through step 𝑡.
𝜋𝜃 Frozen task-agent policy.

ℎ(0) Seed harness.
ℎ(𝑘) Harness after decision 𝑘.
𝑔 Evolver policy.

Δ𝜏 (𝑘) Newly accumulated trajectory at checkpoint 𝑘.
𝜔(𝑘) Permitted read-only workspace observations at checkpoint 𝑘.

𝜎(𝑘−1) Status of the preceding edit: loaded, retained, or rolled back.
ℐ(𝑘) Accumulated evolver information at checkpoint 𝑘.
𝛿(𝑘) Harness edit proposed at decision 𝑘.
𝑢(𝑘) KEEP or EVOLVE(𝛿(𝑘)) decision.
ℳ(𝑟) Meta-Skill after offline batch 𝑟.
ℛ𝑞

𝜉 Rollout records for task 𝜉 under condition 𝑞 ∈ {A, B, C}.
𝒢(𝑟) Retained contrastive groups in offline batch 𝑟.
𝐿 Checkpoint interval.

B. Algorithmic Details
This appendix specifies the offline Meta-Skill construction procedure and the online checkpoint evolution loop
described in Section 3. Prompt templates are provided separately in Appendix H.

B.1 Offline Meta-Skill Construction

For each training task 𝜉, let ℛ𝑞
𝜉 denote the rollout records under condition 𝑞 ∈ {A, B, C}, including trajectories,

terminal verifier outcomes, and intervention logs when applicable. Condition A uses the task agent alone; condition
B uses an evolver guided by the current Meta-Skill; and condition C uses an evolver with privileged training-time
verifier information. Condition-A and condition-C records are collected once and reused, whereas condition-B
records are collected with ℳ(𝑟−1) for batch 𝑟.
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Algorithm 1. Offline construction of reusable evolution knowledge

Require: Training batches {ℬ𝑟}𝑅
𝑟=1; seed harness ℎ(0); fixed task agent, evolver, checkpoint interface, and edit channels

Ensure: Frozen Meta-Skill ℳ
1: ℳ(0) ← ∅
2: for 𝑟 = 1, … , 𝑅 do
3: 𝒢(𝑟) ← ∅
4: for all 𝜉 ∈ ℬ𝑟 do
5: Load fixed records ℛA

𝜉 and ℛC
𝜉

6: Collect ℛB
𝜉 using ℳ(𝑟−1)

7: Exclude condition-C rollouts that fail the verifier-leakage audit
8: 𝒢𝜉 ← BUILDCONTRASTS(ℛA

𝜉 , ℛB
𝜉 , ℛC

𝜉 )
9: 𝒢(𝑟) ← 𝒢(𝑟) ∪ 𝒢𝜉

10: end for
11: 𝒞(𝑟) ← ∅
12: for all retained task–direction groups 𝐺 ∈ 𝒢(𝑟) do
13: 𝒞(𝑟) ← 𝒞(𝑟) ∪ REFLECT(𝐺, 𝑉 (𝐺))
14: end for
15: 𝒞(𝑟) ← AGGREGATE(𝒞(𝑟))
16: ℳ(𝑟) ← UPDATE(ℳ(𝑟−1), 𝒞(𝑟))
17: end for
18: Run training-only misfire, provenance, and leakage audits
19: Freeze ℳ ← ℳ(𝑅)

20: return ℳ

Contrast construction. BUILDCONTRASTS forms five outcome-conditioned directions: B-pass/A-fail and
C-pass/B-fail provide act evidence; B-fail/A-pass and C-fail/B-pass provide avoid evidence; and A-pass/B-pass
provides hold evidence. These contrasts provide directional evidence for candidate lessons, without identifying
the causal effect of an individual checkpoint decision. Condition-C rollouts are excluded if privileged verifier
information is passed to the task agent.

Reflection, aggregation, and update. For each retained group 𝐺, 𝑉 (𝐺) denotes the privileged training-time
verifier information associated with its task. REFLECT writes candidate entries following the predefined Meta-
Skill schema. AGGREGATE groups entries by observable trigger, removes instance-specific details, and requires
support from at least two distinct tasks. UPDATE adds, merges, refines, or deletes entries while preserving
provenance. The resulting Meta-Skill is frozen before held-out evaluation.

B.2 Online Checkpoint Evolution

Every held-out run starts from the same seed harness ℎ(0) and frozen Meta-Skill ℳ. Checkpoints follow the
configured schedule with interval 𝐿, and a completion claim triggers a terminal checkpoint. The evolver retains its
checkpoint conversation within the active run, but receives neither held-out verifier contents nor verifier outcomes.
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Algorithm 2. Online evolution with a frozen Meta-Skill

Require: Public task instruction 𝑥 and environment ℰ𝑥; seed harness ℎ(0); frozen Meta-Skill ℳ; checkpoint interval 𝐿; task
and send-back budgets

Ensure: Final task artifact and intervention log
1: Initialize task agent with (𝑥, ℰ𝑥, ℎ(0))
2: Initialize evolver with ℳ and an empty checkpoint conversation
3: 𝑘 ← 0
4: while task budget remains do
5: Advance the same task-agent run to the next checkpoint
6: 𝑘 ← 𝑘 + 1
7: Collect Δ𝜏 (𝑘) and permitted workspace observations 𝜔(𝑘)

8: if the task agent claims completion then
9: Append automatically collected artifact and process state to 𝜔(𝑘)

10: end if
11: if 𝑘 = 1 then
12: ℐ(1) ← (𝑥, Δ𝜏 (1), 𝜔(1))
13: else
14: Collect preceding-edit status 𝜎(𝑘−1)

15: ℐ(𝑘) ← ℐ(𝑘−1) ⊕ (Δ𝜏 (𝑘), 𝜔(𝑘), 𝜎(𝑘−1))
16: end if
17: 𝑢(𝑘) ← DECIDE(𝑔, ℎ(𝑘−1), ℐ(𝑘), ℳ)
18: ℎ(𝑘) ← ℎ(𝑘−1)

19: if 𝑢(𝑘) = KEEP then
20: if the task agent claims completion then
21: Accept the artifact and break
22: end if
23: else
24: Extract 𝛿(𝑘) from 𝑢(𝑘) = EVOLVE(𝛿(𝑘))
25: if the task agent claims completion and no send-back budget remains then
26: Record budget exhaustion and break
27: end if
28: if 𝛿(𝑘) satisfies the edit contract then
29: ℎ(𝑘) ← APPLY(ℎ(𝑘−1), 𝛿(𝑘))
30: if the task agent claims completion then
31: Consume one send-back and reopen the same run for additional work
32: end if
33: else
34: Record edit rejection
35: end if
36: end if
37: Continue with the same environment and accumulated trajectory
38: end while
39: Record the final artifact, harness versions, checkpoint decisions, and costs
40: return Final artifact and intervention log

Decision and edit semantics. DECIDE denotes the evolver’s top-level KEEP or EVOLVE(𝛿(𝑘)) decision,
conditioned on the current harness, accumulated checkpoint evidence, and frozen Meta-Skill. The edit contract
specifies the supporting evidence, target, content, channel, lifetime, validation, and rollback behavior. An edit
that fails validation is rejected without changing the harness.

Continuation and isolation. Accepted edits are applied through a bounded notice, instruction update, hook,
or tool channel. A terminal KEEP accepts the artifact; a valid terminal EVOLVE applies a correction and returns
the task agent to the same run, subject to the send-back budget. Neither ordinary checkpoints nor terminal
send-backs reset the environment or discard accumulated progress. Harness edits and checkpoint conversations
remain local to the run and are discarded afterward. The Meta-Skill is never updated online, and the held-out
verifier is used only for evaluation after termination.
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C. Detailed Experimental Setup

C.1 Datasets and Splits

We evaluate on Terminal-Bench 2.1 [32] and DeepSWE 1.1 [12], which assess terminal-based task execution and
repository-level software engineering, respectively. Their main characteristics are summarized below.

• Terminal-Bench 2.1. This benchmark contains 89 tasks requiring agents to complete complex workflows
in containerized command-line environments. Tasks span software engineering, system administration, data
processing, model training, security, and scientific computing. Each task provides an instruction, an execution
environment, and automated verification of the resulting artifacts or system state.

• DeepSWE 1.1. This benchmark contains 113 original software-engineering tasks across 91 open-source
repositories in TypeScript, Go, Python, JavaScript, and Rust. Tasks require agents to understand existing
codebases and implement changes such as new features, bug fixes, and extensions to existing interfaces. Hand-
written verifiers assess software behavior rather than requiring a particular implementation.

For each benchmark, we randomly partition the tasks into training and test sets at an approximately 1:2 ratio and
fix these splits across all methods and backbone settings. Table 4 reports the number of tasks in each split. Offline
construction of experience libraries, evolved harnesses, and Meta-Skills uses only the corresponding training split.
Held-out verifier contents and outcomes are unavailable to methods during test-time execution.

Evaluation protocol. We perform five independent runs per held-out Terminal-Bench task and three per held-
out DeepSWE task, reporting mean@5 and mean@3, respectively. For each task, we average its binary verifier
outcomes across repeated runs and then average these task-level scores over the test set. This yields 300 evaluated
runs per method on Terminal-Bench and 225 on DeepSWE within each backbone setting. All methods within a
benchmark/backbone setting use the same held-out tasks and repetition count.

Execution environment. Task execution takes place in cloud-based sandboxes provisioned through E2B. These
sandboxes host the task environments and workspaces in which agents execute commands, inspect files, and
produce task artifacts. For Meta2, checkpoint interventions and terminal send-backs continue within the same
sandbox, preserving the active environment state and accumulated task progress.

Table 4. Task counts and evaluation repetitions for each benchmark.

Benchmark Training tasks Test tasks Runs per test task

Terminal-Bench 2.1 29 60 5
DeepSWE 1.1 38 75 3

C.2 Baselines and Setup

We compare against three groups of baselines: human-designed harnesses (NexAU [33], Codex CLI [36], mini-swe-
agent [49], Pi agent [5], and DeepSeek Harness [3]), self-evolution methods (ReasoningBank [38], ACE [61], and
TF-GRPO [2]), and harness-evolution methods (AHE [24], Meta-Harness [20], and Continual Harness [18]). All
self-evolution and harness-evolution methods start from the same NexAU seed harness.

Training-time construction. ACE, TF-GRPO, AHE, and Meta-Harness use five rollouts per training task for
experience collection or candidate evaluation. AHE uses best-of-two candidate proposals for five iterations on each
benchmark. Meta-Harness proposes one candidate per iteration for ten iterations. Both AHE and Meta-Harness
evaluate each candidate with five trials per training task and deploy the harness with the highest training score.
ReasoningBank and Continual Harness do not originally include a separate offline training stage. To give them
access to the same training split, we add a pre-deployment stage in which ReasoningBank accumulates experience
and Continual Harness refines its harness on training tasks. Both methods use one rollout per training task
and process training tasks in windows of eight. Their resulting experience library or evolved harness initializes
test-time evaluation.
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Test-time adaptation and persistence. ACE and ReasoningBank continue updating their experience libraries
as test evaluation proceeds, retaining these updates across runs. Continual Harness likewise continues refining its
harness and retains its edits across runs, including edits accumulated during the training stage. Its refinement
schedule uses a 25-step warmup, followed by refinement every 25 steps through step 200 and every 100 steps
thereafter, with each refinement conditioned on the most recent 50 steps. TF-GRPO, AHE, and Meta-Harness
freeze their learned artifacts after training and perform no further evolution during test evaluation. In contrast,
Meta2 reuses a frozen Meta-Skill but resets the task-agent harness to ℎ(0) at the start of every run. Its online
harness edits affect only the active run and are discarded afterward. No method that adapts at test time can
access held-out verifier contents or outcomes.

C.3 Implementation Details of Meta2

Offline Meta-Skill construction. For each benchmark/backbone setting, we construct a separate Meta-Skill
using only the corresponding training split and freeze it before evaluation. The task agent and evolver use
the same frozen language model, and offline optimization changes only the Meta-Skill while holding the seed
harness, checkpoint interface, and edit channels fixed. We collect rollouts under three conditions: task-agent-only
execution (A), evolution guided by the current Meta-Skill (B), and evolution with privileged training-time verifier
information (C). The condition-C evolver is instructed not to pass privileged verifier information to the task agent,
and rollouts that fail the subsequent leakage audit are excluded from contrast construction. Outcome-conditioned
A–B and B–C comparisons provide directional evidence for candidate act, hold, and avoid entries. These entries
are reflected from task-level contrasts, aggregated across tasks, and used to update the Meta-Skill through the
procedure in Appendix B.1.

Online execution. Every test run starts from the same NexAU seed harness ℎ(0) and the frozen Meta-Skill
constructed for its benchmark/backbone setting. The evolver is first called immediately after the task agent’s first
step, providing an early opportunity to guide execution and avoid unnecessary subsequent exploration. Regular
checkpoints use a five-step interval, and a terminal checkpoint is triggered when the task agent stops calling tools
and prepares to submit its result. At each checkpoint, the evolver receives the newly accumulated trajectory delta,
permitted read-only workspace observations, and, after the first checkpoint, the preceding-edit status. It retains
its checkpoint conversation within the active run and chooses KEEP or EVOLVE conditioned on this accumulated
evidence and the frozen Meta-Skill. Available edit channels are a one-turn notice, a persistent instruction update,
a read-only hook, and an added tool. At the terminal checkpoint, the evolver additionally receives mechanically
collected state for task-referenced paths, created or modified files, newly listening TCP ports, and processes
started during the run that remain alive. A terminal KEEP accepts the artifact, whereas EVOLVE applies a
bounded correction and sends the task agent back for additional work, subject to a bounded send-back budget.
All interventions continue within the same task-agent run and sandbox, preserving the environment state and
accumulated trajectory. Harness edits and checkpoint conversations are discarded when the run ends. Test-time
trajectories, edits, and outcomes never update the Meta-Skill, and held-out verifier contents and outcomes remain
unavailable to the evolver.

D. Case Study
Each figure compares two runs of the same task: one with an evolver operating without a Meta-Skill and one
with an evolver guided by the learned Meta-Skill. Both runs use the same initial task-agent harness, language
model (GPT-5.6 Terra), and checkpoint schedule, with an initial checkpoint after the first agent step, regular
checkpoints every five agent steps, and a terminal checkpoint before submission. Each lane spans the observed
number of task-agent steps, and checkpoint markers indicate KEEP or EVOLVE. The latter includes notices,
persistent instruction or hook updates, tool additions, and terminal send-backs. Figures 5–8 illustrate the three
Meta-Skill entry types: act, where guidance supports an early or mid-run intervention; avoid, where guidance
discourages a particular intervention; and hold, where guidance supports leaving the harness unchanged. Entry
identifiers are specific to each benchmark’s Meta-Skill.

Meta2: Reusable knowledge for harness evolution 19



configure-git-webserver
Task: configure a server so that pushing hello.html makes curl http://server:8080/hello.html return “hello world”.

EVOLVE · T1 KEEP AT STOP (ACCEPT)
“Deliver a self-contained git-deploy setup in /app “absent /git/server … expected
… validate the clone/commit/push/curl flow because the installer has not been
locally where feasible .” run”

w/o Meta-Skill
Failed

turn 1: ls /app /git/server missing;
scripts + README; e2e test only in a temp sandbox fixes systemd path; installer nothing on :8080

never run

curl 404 → clone, commit, push → fresh
probes sshd / systemd; writes and runs setup.sh curl “hello world”

Passed
hello.html served

Keep (E-06)+ Meta-Skill (ours) on :8080
E-02 EVOLVE · T1 KEEP AT STOP (ACCEPT)

“validated the delivered operational“Completion must be demonstrated end-to-end …
system end-to-end”clone, commit, push, and freshly curl port 8080 . Do

not treat a listening process … as sufficient. ”

agent turn
t · branch t stop stop1 2

9 101 6

Keep Evolve · bracket = what the agent did between those checkpoints

act

Figure 5. Early intervention guided by an act entry (Terminal-Bench 2.1). The task requires a Git push to deploy hello.html
to a web server on port 8080. At the first checkpoint, the evolver without Meta-Skill specifies an implementation and requests
validation only “where feasible.” The task agent tests in a temporary sandbox but does not run the installer in the task environment;
the evolver accepts the result despite the missing /git/server directory and inactive service. With Meta-Skill, entry E-02 guides the
evolver to require end-to-end evidence: a clone, commit, and push followed by a fresh HTTP request confirming that the deployed
page returns “hello world.” The task agent installs the service and verifies this sequence, after which the evolver chooses KEEP at
the subsequent and terminal checkpoints.

obsidian-linter-link-format-conversion
Task: add a Link Style rule; linkStyle and imageStyle are configured separately (60 hidden tests).

EVOLVE · T3
“parseDestination must accept optional spaces
after ( … add protection for inline %% … %%
comments.”

EVOLVE · T1 w/o Meta-Skill
Failed · 58/60create a feature branch;
✗ imagescommit at the end

fixes parser; docs, registry, extra tests commits; image converted when
tests pass route never checked only linkStyle =

wiki
repairs mixed reverts;

both write stray locale editrouting commits
rule + Passed · 60/60 hidden tests
tests

+ Meta-Skill (ours)

E-02 EVOLVE · T3
“… when imageStyle is no-change but linkStyle is
wiki, the scanner … parses its following [ as a
normal link, converting an image .”

agent turn
t t t · branch t t t t stop1 2 3 4 5 6 7

331 6 11 16 21 26 31

act

Keep Evolve · bracket = what the agent did between those checkpoints

Figure 6. Mid-run intervention guided by an act entry (DeepSWE 1.1). The task requires a Link Style rule with independently
configured linkStyle and imageStyle. By checkpoint 𝑡3, both task agents have produced an initial implementation, and both
evolvers issue a notice. Without Meta-Skill, the notice focuses on parser issues exposed by failing tests, while the image-handling route
remains unchecked. The submitted implementation passes 58 of 60 hidden tests, incorrectly converting images when linkStyle
is set to wiki and imageStyle is set to leave images unchanged. With Meta-Skill, entry E-02 directs attention to an unverified
execution route, and the evolver identifies the interaction between link and image parsing. The task agent repairs this route, and
the submitted implementation passes all 60 hidden tests.
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winning-avg-corewars
Task: write a warrior that wins ≥75/100 vs stone, vampire, paper and ≥33/100 vs snake, g2-clear.

EVOLVE · T3
“Rave is promising … Before spending more on local
Rave tuning, benchmark all bundled complete warriors

EVOLVE · T2 …”

automate the parameter w/o Meta-Skill
search Failed

stone 74 / 75
benchmarks other padding / decoy scans: stuck at stone 74 stops at 74 twice →t →t : both find rave.red2 3 warriors; builds send-backs

Aeka + Rave hybrid

randomized clears all
Rave parameter search search five

E-03 EVOLVE · T1 Passed
validate vs all five 77 / 95 / 92 / 34 / 68

Keep (E-06) at t –t+ Meta-Skill (ours) 4 9

E-06 KEEP · T3
“found and directly benchmarked a bundled stronger
warrior (rave.red) … E-06 applies (active exploration
advancing) .”

agent turn
t t t · branch t t t t t t t stop1 2 3 4 5 6 7 8 9 10

511 6 11 16 21 26 31 36 41 46

avoid

Keep Evolve · bracket = what the agent did between those checkpoints

Figure 7. Avoiding premature redirection with an avoid entry (Terminal-Bench 2.1). By checkpoint 𝑡3, both task agents
have identified the bundled Rave warrior as a promising candidate, but its performance against stone remains below the required
threshold. Without Meta-Skill, the evolver uses its final notice to redirect exploration toward other bundled warriors. The task
agent constructs an Aeka–Rave hybrid but finishes with 74 wins against stone, one short of the required 75. With Meta-Skill, entry
E-06 discourages changing the search strategy while exploration continues to make progress. The evolver chooses KEEP at 𝑡3 and
subsequent checkpoints, allowing the task agent to continue tuning Rave and satisfy all five performance thresholds.

path-tracing-reverse
Task: write mystery.c that behaves identically to the binary /app/mystery (<2 KB gzipped).

EVOLVE · T1 EVOLVE · T4
“… stopped at missing file before strings ran. own comparison fails, but no

notice is leftContinue with separate commands …”

w/o Meta-Skill
Failed
image differs from the

reconstructs renderer; first stops with mismatch → 352,797 / 480,000 lines; reference
candidate: broad send-back stops again

mismatch

readelf / nm / objdump; overwrites the reference; probe flags mismatch; 2 exact identical
reconstructs main / trace image mismatched send-backs constants image

Passed
identical output+ Meta-Skill (ours)

E-04 EVOLVE · T1 EVOLVE · T4 E-09 EVOLVE · T5
keep a stable copy of the“ no intervention about that isolated failure 68,537 / 480,000 pixels match —
reference image.ppmis warranted .” Adds only a standing blocking

instruction (E-03): compare outputs.

agent turn
t · branch t t t t t t t stop1 2 3 4 5 6 7 8

401 6 11 16 21 26 31 36

hold

Keep Evolve · bracket = what the agent did between those checkpoints

Figure 8. Preserving the notice budget with a hold entry (Terminal-Bench 2.1). In both runs, the first command fails because
the file utility is unavailable, and the task agent subsequently switches to alternative tools. Without Meta-Skill, the evolver spends
notices at 𝑡1 and 𝑡2, exhausting this channel before output comparisons reveal a substantial mismatch. With Meta-Skill, entry E-04
discourages a notice about the isolated tool failure, while a separate instruction guided by E-03 requires output comparison. The
two notices remain available at 𝑡4–𝑡5 to address reference preservation and the observed mismatch, and the task agent ultimately
reproduces the reference output. This case illustrates a difference in intervention timing rather than establishing that withholding
the early notice determines success.
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E. Supplementary Experiment Results

E.1 Mean and Standard Deviation Across Repeated Runs

Table 5 reports mean performance and sample standard deviation across repeated evaluation runs. Each repetition
covers the full held-out task set: 60 tasks for Terminal-Bench 2.1 and 75 tasks for DeepSWE 1.1. We compute
the percentage of tasks passed in each repetition, then report the mean and sample standard deviation over five
repetitions for Terminal-Bench and three for DeepSWE. Standard deviations are expressed in percentage points
and describe variation across repetitions.

Table 5. Mean performance ± sample standard deviation across repeated evaluation runs (percentage points). Terminal-Bench
2.1 uses five repetitions over 60 tasks, and DeepSWE 1.1 uses three repetitions over 75 tasks. Terra denotes GPT-5.6-Terra, and
DeepSeek denotes DeepSeek-V4-Flash-0731. Dashes indicate settings not evaluated.

Terra DeepSeek

Method Terminal-Bench 2.1 DeepSWE 1.1 Terminal-Bench 2.1

NexAU Seed 66.33 ± 2.17 34.67 ± 1.33 70.00 ± 2.64
Codex CLI 68.33 ± 5.14 31.11 ± 3.08 –
mini-swe-agent 67.33 ± 4.18 29.33 ± 3.53 –
Pi agent 69.00 ± 4.94 39.11 ± 6.71 –
DeepSeek Harness 68.00 ± 3.42 34.22 ± 4.68 –

ReasoningBank 68.00 ± 3.61 33.33 ± 2.31 69.33 ± 3.03
ACE 71.33 ± 2.74 32.00 ± 4.62 65.00 ± 2.64
TF-GRPO 74.67 ± 4.62 36.44 ± 5.39 66.33 ± 4.31
AHE 70.67 ± 4.65 34.67 ± 4.62 71.33 ± 3.98
Meta-Harness 73.33 ± 4.41 37.33 ± 2.67 71.00 ± 2.53
Continual Harness 72.67 ± 4.65 33.78 ± 5.05 74.67 ± 4.62
Meta2 81.00 ± 0.91 44.44 ± 0.77 77.67 ± 3.84

E.2 Cost–Performance Pareto Frontier

Figure 9 compares held-out performance against full cost for GPT-5.6-Terra on both benchmarks. Full cost includes
offline construction, where applicable, and online execution over the complete held-out evaluation. A method is
Pareto dominated if another method has no higher cost and no lower performance, with a strict improvement in
at least one dimension. The dashed lines connect the non-dominated point estimates.

Meta2 lies on the Pareto frontier and achieves the highest performance point estimate on both benchmarks. It
also dominates AHE and Meta-Harness, attaining higher performance at lower full cost. Lower-cost human-
designed harnesses remain on both frontiers, while Continual Harness and TF-GRPO provide intermediate cost–
performance tradeoffs on Terminal-Bench. Thus, Meta2 extends the frontier toward higher performance while
retaining alternatives with lower total expenditure. These comparisons use the evaluation sizes reported in Ap-
pendix C.1; the contribution of one-time offline construction to full cost depends on the number of subsequent
runs.

F. Additional Discussion

F.1 Limitations

Interpretation of outcome contrasts. The A/B/C comparisons provide run-level evidence for evolution guid-
ance rather than causal estimates of individual checkpoint decisions. Because independently sampled trajectories
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Figure 9. Performance versus full cost with GPT-5.6-Terra. Full cost includes one-time offline construction and online
evaluation costs, plotted on a logarithmic horizontal scale. Dashed lines connect the non-dominated performance–cost point estimates
for Terminal-Bench 2.1 (left) and DeepSWE 1.1 (right).

may diverge before an intervention, differences in terminal outcomes cannot be attributed to a single edit. Accord-
ingly, the Meta-Skill records guidance grounded in observed contrasts, and the evolver assesses its applicability
using evidence from the active run. Controlled comparisons that resume from a shared checkpoint state would
enable more precise attribution.

Deployment cost and intervention timing. The evolver introduces additional model calls, and its deployment
cost depends on checkpoint frequency and the extent of intervention. Our checkpoint-frequency study examines
this tradeoff, while hold and avoid guidance supports selective intervention. Bounded edit channels, validation,
and rollback further constrain changes to the active harness. These mechanisms do not guarantee that every
intervention is useful or timely, leaving room for more efficient checkpoint scheduling and decision policies.

Scope of reusable guidance. Cross-task aggregation removes instance-specific details to produce guidance
that can be reused across tasks. The resulting entries remain abstractions of the training evidence, and their
applicability depends on whether the active run exhibits the relevant conditions. Support from multiple tasks
and retained source examples aid interpretation and traceability, but do not establish applicability to all task
distributions. Evaluating transfer under broader distribution shifts is a useful direction for future work.

Evaluation coverage. Our evaluation focuses on terminal and software-engineering tasks with inspectable
artifacts and automatic verification. The results establish performance within these settings and the evaluated
backbone configurations. Further evaluation is needed to assess applicability to domains with different interaction
structures or less explicit completion criteria, such as embodied control and open-ended research.

F.2 Broader Impact and Safety

Online harness evolution may improve the reliability of long-horizon agents by allowing them to respond to tool
failures, artifact errors, and evidence revealed during execution. A reusable Meta-Skill can support consistent
intervention decisions when similar situations recur. Because harness edits influence subsequent agent behavior,
deployment should account for tool permissions, the confidentiality of trajectory data, and the traceability of
changes.

Our implementation restricts workspace inspection to permitted read-only observations and applies task-local edits
through bounded channels with validation and rollback. The Meta-Skill remains frozen during deployment, and
intervention logs record checkpoint decisions and harness changes. For broader deployment, we recommend least-
privilege tool access, explicit edit scopes, versioned changes, and access-controlled audit logs. Edits that expand
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permissions or authorize external actions beyond the original task scope should require human approval. Privileged
verifier information is used only during offline construction, with condition-C rollouts audited for leakage before
inclusion in Meta-Skill learning.

F.3 Future Directions

One direction is to refine the Meta-Skill during deployment using reliable feedback from newly completed tasks.
This could help the guidance adapt to changing task distributions, provided that updates distinguish reusable
lessons from task-specific corrections and are validated before reuse. Such a protocol would require an explicit
source of deployment feedback, separate from held-out verifier information reserved for evaluation.

A second direction is to replace fixed checkpoint intervals with an adaptive scheduling policy. The policy could
use execution evidence and evolver uncertainty to determine when inspection is warranted, balancing timely
intervention against monitoring cost. Further extensions include retrieving relevant entries from larger Meta-
Skills, identifying situations not covered by existing guidance, and evaluating transfer across task-agent models
and domains.

G. Evolution Regimes and Related-Work Comparison
Table 6 summarizes the evolution regimes supported by representative methods. The four regime columns de-
scribe offline optimization and pre-run, within-run, and after-run evolution, following the definitions in Section 2.
A checkmark denotes explicit support, a triangle denotes support restricted to particular modes or reuse of
completed-run artifacts, and a cross denotes that the regime is not supported in the described protocol. The final
column indicates whether deployment-time adaptation requires task-verifier feedback, including feedback used to
select updates for subsequent runs. The comparison describes the original methods rather than the training-time
adaptations introduced for our baseline evaluation.

Table 6. Evolution regimes and test-time verifier requirements of representative methods. ✓ denotes explicit support, △
restricted support, and × no support in the described protocol. Verifier requirements refer to deployment-time adaptation rather
than offline training or final evaluation.

Method Offline
optimization

Pre-run
evolution

Within-run
evolution

After-run
evolution

Test-time verifier
requirement

Meta-Harness [20] ✓ × × × Not required
AHE [24] ✓ × × × Not required
JIT-Agent [57] ✓ ✓ × △ Mode-dependent
ACE [61] ✓ × × ✓ Mode-dependent
Harness-R1 [39] ✓ × × ✓ Required
Continual Harness [18] × × ✓ △ Not required
PILOT [47] × × ✓ ✓ Required
Live-SWE-agent [46] × × ✓ × Not required

Meta2 (ours) ✓ × ✓ × Not required

The online evolution regimes are not mutually exclusive: a method may adapt before or during a run and also use
completed-run evidence to update artifacts for subsequent tasks. For example, JIT-Agent generates a task-specific
harness before execution and, in its streaming mode, uses the completed rollout’s reward, latency, and cost to
update the harness bank. PILOT combines within-run steering and harness updates with verifier-based selection
of which updates to retain across iterations. Continual Harness refines its harness within a run and retains the
resulting harness in subsequent runs.
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Table 7 summarizes harness evolution by decision timing, available evidence, and the executions affected by an
update. Offline optimization uses training experience to construct an artifact shared across target runs, whereas
online evolution adapts after the target task becomes available. The online settings differ in whether an update
affects the upcoming run, the remainder of an active run, or subsequent attempts or tasks. The final row lo-
cates Meta2 within this taxonomy: the Meta-Skill ℳ is learned offline and reused across tasks, while checkpoint
information ℐ(𝑘) guides task-local edits 𝛿(𝑘) during execution.

Table 7. Evolution regimes by timing, evidence, and update scope. Online edits occur pre-run, within-run, or after-run; after-
run updates target either the next attempt or later tasks. Meta2 learns reusable ℳ offline and applies task-local edits within-run.

Training 𝒮tr Task 𝜉𝑗: attempt 𝑚 Attempt 𝑚+1 Later tasks 𝜉𝑗+1, …

Frozen Meta-Skill ℳ reused across target tasks

𝑡 = 0 𝑡𝑘 𝑇𝑚

OFFLINE

ONLINE
EVOLUTION

Pre-deployment

Pre-run

Within-run
After-run

same task
After-run
task stream

edit selected affected executions

Regime Decision time and information Effect scope and principal limitation

Offline evolution
Pre-deployment Before deployment; training trajectories and outcomes

when available (ℐoff)
Shared across target runs; cannot react to
evidence revealed during a target run

Online evolution (deployment-time)
Pre-run At 𝑡 = 0; target instruction (ℐpre

𝑗,𝑚) Current run from 𝑡 = 0; cannot use evidence
that emerges during execution

Within-run At checkpoint 𝑡𝑘; instruction, partial trajectory,
workspace, and prior edit status (ℐ(𝑘)

𝑗,𝑚), but not the
eventual outcome

Remainder of the current run; lacks eventual
outcome feedback and adds monitoring and
intervention overhead

After-run
same task

After attempt 𝑚; completed trajectory and outcome
when available (ℐpost

𝑗,𝑚 )
Next attempt only; cannot rescue attempt 𝑚
and requires a restart

After-run
task stream

Before task 𝑗; earlier target trajectories and outcomes
when available (ℐstream

𝑗 )
Later tasks; cannot benefit the run that exposed
the problem, and retained updates may
overgeneralize or regress

Meta2 (ours) Offline: learn reusable ℳ from ℐoff ; online,
within-run: combine it with ℐ(𝑘)

𝑗,𝑚 without 𝑦𝑗,𝑚

Reusable ℳ is carried across tasks; each 𝛿(𝑘)
𝑗,𝑚

expires when its active run ends; checkpoint
supervision still adds online overhead

H. Prompt and Output Templates
This appendix presents the prompts for the online evolver and the offline REFLECT, AGGREGATE, and UP-
DATE stages. Template variables and conditional blocks are populated at runtime.

H.1 Prompt for Online Evolver

The following system prompt is used by the online evolver on Terminal-Bench 2.1. The DeepSWE version uses
the same checkpoint interface, intervention channels, and output format, but adds instructions for submitting
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committed Git changes and evaluating them in a separate container. The Meta-Skill block is included only in
configurations that use learned guidance.

Online Evolver System Prompt

You are the supervisor of a long-horizon task.
Another agent — the *worker* — is doing the work: it operates in an isolated environment, decides

its own actions, and holds its own context.↪

You do not act in that environment.
At each checkpoint you decide whether to change anything about the worker's situation, and you can

only do so through the channels listed below.↪

The worker cannot see this conversation.
It perceives only what you send through a channel, and it treats what arrives as established.
Nothing you write as plain text reaches it.

## What arrives at each checkpoint

- The task statement, at the first checkpoint only.
- The outcome of your previous checkpoint: whether your edits loaded, or were rolled back, with the

error.↪

- The worker's actions since the last checkpoint: its reasoning summaries, the commands it ran, and
what the environment returned.↪

Each block is truncated at 1,500 characters; the worker's full command outputs are on disk (see
below).↪

- Two runner-computed sections at the end: **Repeated procedures** (commands the worker has re-run
three or more times with small variations, with a fingerprint) and **Your channel budget**
(notices used, persistent channels used).

↪

↪

- When the worker's last turn contained no tool call, a note saying it has stopped.
Unless you send it back with `notice`, the state at that moment is final and is scored.
The note says how many send-backs remain.

You are one continuous conversation for the whole task.
Your own history is the record of what you have sent and what came of it; `list_changes` lists the

harness edits you have made.↪

## Read tools

`read_file`, `search_file_content`, `glob`, `list_directory`.
They reach the task directory (`/app`), the worker's harness (`/nexau-workspace`), the worker's

saved command outputs (`/tmp/nexau_bash_tool_results/<id>/stdout.txt` and `stderr.txt`, the
untruncated text of what the trace shows truncated), and the trial logs.

↪

↪

Other paths return an error.
They read; nothing you call executes in the worker's environment except a probe.

## Channels

Each channel's tool description carries its full contract: inputs, validation, limits, and what the
worker will see.↪

What differs between channels is when the content reaches the worker, whether it persists, and what
it guarantees.↪

| channel | reaches the worker | persists | guarantee |
|---|---|---|---|
| `notice` | at the start of its next turn, read once | no | advisory |
| `append_worker_prompt` / `rewrite_worker_prompt` | in its standing instructions, every turn from

its next stretch of work | yes | advisory |↪

| `register_check` (Python, standard library, separate interpreter, reads files) | its output is
appended to every command result | yes | reports |↪
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| `register_probe` (bash, runs in the worker's environment, may execute programs) | its output is
appended to every command result | yes | reports |↪

| `add_tool` | a new option in its action space | yes | optional |
| `add_skill` | a note it can load on demand | yes | optional |
| `add_middleware` | code around every model call or tool call | yes | enforced |
| `rollback` | restores the harness to its state at a checkpoint | — | — |

Limits enforced by the tools and the runner:

- One `notice` per checkpoint; a second call at the same checkpoint is refused.
At most two notices per task while the worker is working; the tool refuses further ones.
Sending a stopped worker back also uses `notice`; it is counted separately and its remaining number

is shown in the stopped note.↪

- Harness edits (prompt, check, probe, tool, skill, middleware) take effect at the start of the
worker's next stretch of work.↪

If the rebuilt harness fails to load, the edit is rolled back and you are called again immediately
with the error and one more attempt.↪

- After `add_tool`, `add_skill`, `add_middleware`, or a change to the standing instructions, the
worker's next message states that the harness changed and what was added, including your
description of it verbatim.

↪

↪

Checks and probes are not announced; their output carries its own label on every command result.
- Aborting the worker is not available; the task runs to its own budget.

A worker that is sent back keeps consuming that budget.

{% if knowledge_base_text %}
## Meta-Skill

Below is the whole Meta-Skill: entries learned offline from runs on *other* tasks of this benchmark
by the same worker model.↪

It is the only precedent available to you, and it is reproduced here in full — there is no file to
open and nothing further to read.↪

What it says about other tasks is precedent; anything you tell the worker about *this* task's files,
outputs or environment must come from your own reads or from the trace.↪

Its entries for the opening moment are not reproduced here.
They are delivered once, in the first checkpoint's message, under the heading `# code_agent has just

started`; that message stays in this conversation afterwards, so they remain available at every
later checkpoint.

↪

↪

{{ knowledge_base_text }}
{% endif %}

## Output

Use the channel tools for anything you want to change.
End every checkpoint with exactly one `complete_task` call whose `result` is a JSON object:

```json
{”reasoning”: ”<for the log: what you saw, what you did or why nothing, and what backs each fact you

sent>”}↪

```

`reasoning` never reaches the worker.
A notice written into `reasoning` is not delivered; only the `notice` tool delivers one.
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H.2 Shared System Prompt for Offline Stages

The REFLECT, AGGREGATE, and UPDATE stages use the same system prompt to define the task setting and
the information available under conditions A, B, and C.

Shared System Prompt

<System>

A **worker** agent solves a software task in a git repository: it must change the repository so that
a set of named tests newly passes without breaking the tests that already passed, and commit the
change.

↪

↪

It never sees any of those tests.
Three settings are compared on the same tasks:

- **a**: the worker runs alone, unsegmented, with a simpler worker prompt (no probe/check
middleware).↪

- **b**: a **supervisor** agent (the same model) watches the worker every few steps and may change the
worker's harness for this task: send a one-off message (`notice`, at most two while the worker
is working), add or rewrite standing instructions in the worker's prompt (`append_worker_prompt`,
`rewrite_worker_prompt`), register a read-only probe or check whose output is appended to every
worker command result, add a tool or skill, or roll back its own changes.

↪

↪

↪

↪

When the worker stops, the supervisor accepts the result (the diff between the base commit and HEAD
is submitted and graded; uncommitted work is discarded) or sends the worker back with a notice
(at most twice).

↪

↪

At the stop it also sees a runner-computed workspace state.
It reads the **Meta-Skill** (entries with ids `E-NN`) and cites the ids it acts on.

- **c**: a supervisor that was given this task's acceptance conditions and verifier source at its
first checkpoint, told to use them only to decide what is at risk and what to measure, and not to
pass their values to the worker.

↪

↪

It has no Meta-Skill.

Neither the worker nor the b supervisor ever sees the verifier.

</System>

H.3 Prompt for REFLECT

The REFLECT stage compares two groups of rollouts from the same training task and extracts candidate Meta-
Skill entries. The consolidated template below specifies the five contrast directions, entry fields, and output format.
Only the selected direction applies to each call, and privileged verifier information may explain training outcomes
but cannot supply conditions or instructions unavailable to the online evolver.

REFLECT Prompt

{system}

Your task is to compare two groups of runs of **one task** along the selected contrast direction and
extract the experiences the Meta-Skill should carry from it.↪

<Selected Direction>
{direction_block}
The entry type for this call is `{type}`.
Apply only the corresponding direction below.
</Selected Direction>
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<Contrast Directions>

1. informed — b runs that failed vs c runs that passed.
Type: act.

The left group is setting **b** runs that **failed**; the right group is setting **c** runs that
**passed**.↪

The c supervisor knew the acceptance conditions.
Find what it did — which harness change, at which moment, on which evidence — that the b supervisor

could also have done **without** the acceptance conditions.↪

The evidence must be something visible in the trace, the workspace, or the statement.
A lesson whose only basis is a value in the acceptance conditions is not allowed.
If the c supervisor's advantage was only that it knew a hidden value, the verdict is

`no_supervisor_effect`.↪

2. effective — a runs that failed vs b runs that passed.
Type: act.

The left group is setting **a** runs that **failed**; the right group is setting **b** runs that
**passed**.↪

Find a concrete intervention by the b supervisor that addresses a gap visible in the a runs: which
harness change, at which moment, on which visible evidence.↪

The comparison provides directional evidence, not a checkpoint-level causal estimate.

**The two groups differ in more than the supervisor.**
Setting a uses a different worker directory: its system prompt says ”your **only** tool”, while

setting b's says ”your **main** tool ... other tools may be added during the task”, and b's
worker carries check/probe middleware.

↪

↪

Setting a runs **unsegmented**, while b runs in segments of a few turns; the effect of segmentation
has not been measured on this benchmark.↪

**Do not credit the supervisor for differences that come from the worker scaffolding or from
segmentation.**↪

Write an entry only when you can point at one concrete intervention in a b run and describe what the
a runs did at the corresponding point without it.↪

If the b runs passed for reasons unrelated to the supervisor's actions, the verdict is
`no_supervisor_effect`.↪

3. harmful — a runs that passed vs b runs that failed.
Type: avoid.

The left group is setting **a** runs that **passed**; the right group is setting **b** runs that
**failed**.↪

Identify a concrete intervention associated with a subsequent failure or deviation, and compare it
with the corresponding behavior in the passing a runs.↪

`avoid` concerns evidence of potential harm from a particular intervention, not merely an
intervention with no observable effect.↪

**The a/b worker-scaffolding and segmentation differences described above apply here too.**
Do not blame the supervisor for a failure that the worker scaffolding or segmentation explains.
Write an entry only when you can identify one concrete intervention in a b run and show that the a

runs, at the corresponding point, proceeded without the same problem.↪

Otherwise the verdict is `no_supervisor_effect`.

4. overreach — b runs that passed vs c runs that failed.
Type: avoid.
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The left group is setting **b** runs that **passed**; the right group is setting **c** runs that
**failed**.↪

The c supervisor knew more — the acceptance conditions — but its runs had worse outcomes.
Identify a concrete intervention associated with the failure: which channel, what content, at which

moment.↪

Explain what visible evidence could have supported avoiding that intervention.
If the c failures are explained by the worker's own variation rather than by a supervisor action,

the verdict is `no_supervisor_effect`.↪

5. unnecessary — a runs that passed vs b runs that passed with interventions.
Type: hold.

The left group is setting **a** runs that **passed** without any supervisor; the right group is
setting **b** runs that **passed** and in which the supervisor **did intervene**.↪

Both groups succeeded, but this alone does not establish that an individual intervention was
unnecessary.↪

The question is: **what observable situation appeared to require intervention, yet the worker could
resolve it without supervision?**↪

You are also given two mechanical lists:
(1) In the a runs, every command that exited non-zero, with its failure category.
(2) In the b runs, the interventions whose content did not appear in the worker's later behavior.
**`when` should identify an observable feature of the kind in list (1)** — a failure class, a retry

pattern, or a stage of the work.↪

`guidance` should say to hold and identify the evidence supporting that decision.
Do not write a `hold` entry for a situation where the a runs also show the worker getting stuck.

</Contrast Directions>

<Your Input>

- The task statement.
- The task's acceptance conditions and verifier source.

The worker and the b supervisor never see these; use them to understand *why* a run passed or
failed, never as content for an entry.↪

- Pass rates of the three settings on this task.
These are independent samples, not matched pairs.

- A structured record of **every** run in the two groups: each worker turn's command, exit code, and
the start of its output; each supervisor checkpoint at its true position, tagged `first` / `mid`
/ `final`, with the channel and text of what it did and the Meta-Skill ids it cited.

↪

↪

- The full text of the Meta-Skill entries cited in these runs.
Only those entries are shown; the rest of the Meta-Skill is not provided.

{extra_input}
- Tools: `read_run(run, start, end)` returns turns T<start>..T<end> of one run with the supervisor

checkpoints between them; `search_run(run, text)` returns matching lines.↪

Use them when the record is too terse to judge a decision or when two runs appear to conflict.
At most {tool_budget} calls.

</Your Input>

<Task Instructions>

1. Compare the two groups along the selected direction.
**Judge each supervisor decision by what was visible to it at that moment, not by the terminal

outcome.**↪

Do not treat independent rollout comparisons as checkpoint-level counterfactuals.

2. Set the verdict to `entries` when the comparison supports a lesson for the b supervisor.
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Otherwise, use `no_supervisor_effect` and explain why: for example, the same failure appears on
both sides, or the difference is explained by the worker's own variation.↪

3. If the verdict is `entries`, write one or more entries.
**Type is fixed by the selected direction: `{type}`.
Do not output it as an entry field.**
Every entry carries a `time_point`.
**One comparison may yield several entries at different time points.**
An early constraint and a final verification requirement are different entries, even when they

address the same failure.↪

4. For every cited Meta-Skill entry shown in the input, state whether it `helped`, `misled`, was
`ignored_when_relevant`, or was `irrelevant` in these runs.↪

</Task Instructions>

<Time Point>

- `start` — the first checkpoint.
The worker has taken one turn.
Focus on before-acting decisions: preserving evidence that a routine first step would destroy,

constraining how the worker probes, or excluding a route that available evidence shows cannot
work.

↪

↪

Do not give the worker the answer.

- `during` — the worker is working and there is an execution trace.
Base decisions on observable evidence, such as a claim contradicted by command output, a recurring

failure, or an unverified route exposed by the trace.↪

- `end` — the worker has stopped calling tools, the artifact exists, and workspace state has been
collected.↪

Assess whether the artifact and available validation support the worker's completion claim.

</Time Point>

<Fields of an Entry>

- `title`: 3 to 7 words naming the situation, not the action.

- `time_point`: start | during | end.

- `when`: one situation the b supervisor can recognize from what it actually holds at a checkpoint —
the trace, a command's exit code, the workspace state, or the channel budget.↪

Write it so that it can match a task from an unrelated domain.
**Do not include a task name, domain noun (file format, algorithm, library, protocol, subject

matter), path, command, version, or value.**↪

Describe one situation, not a list of alternatives.
Any wording specific to this task must be lifted one level up.

- `guidance`: specify both the harness action and, when applicable, what the message to the worker
must carry.↪

State which channel to use, at which moment, or what not to do.
For `hold`, specify why the run should be left alone and what evidence supports that choice.
When sending a message, distinguish between naming a concrete gap already exposed by the worker's

trace and asking the worker to establish a property for itself.↪

Explain which is appropriate.
Do not reduce a specific, evidence-supported correction to a generic request for verification.
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- `why`: describe what was observed in these runs, including the behavior following the intervention
and the corresponding behavior without it.↪

Do not claim causal certainty from independently sampled runs.

- `example`: one line starting with this task's name and a colon, describing concretely what
happened.↪

Do not include run labels or turn numbers.

- `runs`: the runs from which this entry was extracted.
This field records provenance; no minimum is required.

- `derivable`: statement | worker_output | workspace_state | supervisor_read.
State what evidence the b supervisor could use to make the decision.
**A lesson that requires hidden acceptance conditions is not allowed.**

</Fields of an Entry>

<Output Format>

Output exactly one JSON object and nothing else.
Use English.

```json
{

”analysis”: ”the comparison, with run and turn anchors”,
”verdict”: ”entries | no_supervisor_effect”,
”reason”: ”one or two sentences”,
”entries”: [
{

”title”: ””,
”time_point”: ”start | during | end”,
”when”: ””,
”guidance”: ””,
”why”: ””,
”example”: ”<task>: ...”,
”runs”: [”b2”, ”a4”],
”derivable”: ”statement | worker_output | workspace_state | supervisor_read”

}
],
”entry_credit”: [
{

”id”: ”E-03”,
”effect”: ”helped | misled | ignored_when_relevant | irrelevant”,
”runs”: [”b1”],
”note”: ”one sentence”

}
],
”recheck”: ”the raw-run reads you made and whether they changed anything; \”none\” if none”

}
```

Set `entries` to [] when the verdict is `no_supervisor_effect`.

</Output Format>
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H.4 Prompt for AGGREGATE

Each AGGREGATE call processes the candidates in one non-empty entry-type and time-point cell from the current
training batch. It uses the shared system prompt in Appendix H.2 and the instructions below. Candidates are
grouped by observable situation and intervention content, with each retained entry supported by at least two
distinct training tasks.

AGGREGATE Prompt

You are assembling one cell of the Meta-Skill: **Type = `{type}`, Time point = `{time_point}`**.
Below are all candidate entries from this batch that fall in this cell.
Each candidate was written from **one** training task and is tagged with its source task and the

comparison direction it came from.↪

<Time Point Meaning>

{time_point_def}

</Time Point Meaning>

<What to Produce>

Group the candidates into families and write one entry per family.

- **A family is defined by its `when`** — the situation in which the entry comes into play.
Two candidates from different tasks belong to the same family when a supervisor would recognise

the same situation, even when the tasks look nothing alike.↪

- **Hard constraint: every entry you output must draw on candidates from at least two different
training tasks.**↪

A candidate that cannot be joined with one from another task goes to `dropped` with a reason.
Do not invent a family of one to hold it.

- Contradictory candidates belong in the same family, and the entry must say what separates them.
”Intervene here” and ”leave it alone here” describing the same situation is the most valuable

thing in this material, not an error to resolve by dropping one side.↪

- **A family is one situation.**
The merged `when` must still be one recognisable situation — at most two alternatives joined by

”or”.↪

If candidates describe different situations (a false download, a missing companion tree and a
partial aggregation are three situations, not one), they are different families — even if that
leaves a family with one task, which is then dropped.

↪

↪

Never fuse distinct situations into a list to satisfy the >=2-task constraint.

- There is no cap on the number of entries and no target; the >=2-task constraint and the
one-situation rule are the only limits.↪

</What to Produce>

<Rules>

1. Nothing specific to a training task may appear in `title`, `when`, `guidance` or `why` — no task
name, path, file name, field name, package, command, numeric value, and no domain noun that only
fits one area.

↪

↪

Those belong only in `examples`.

2. `why` must state the cross-task pattern: in what form it appeared on the different tasks.
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3. `examples`: one line per source task, each starting with the task name and a colon (at most three).

4. `derivable`: the weakest basis among the merged candidates.

5. English.
Each field one or two sentences.

6. Two candidates match when the situation *and* the kind of content the message carries are the same.
”The supervisor named a gap the worker had already exposed” is one kind; ”the supervisor asked the

worker to establish a property” is another.↪

Do not require the gap itself to be the same — that is domain-specific and belongs in `examples`.

</Rules>

<Output Format>

Output exactly one JSON object and nothing else.

```json
{

”entries”: [
{

”title”: ””,
”when”: ””,
”guidance”: ””,
”why”: ””,
”examples”: [”<task>: ...”, ”<task>: ...”],
”derivable”: ”statement | worker_output | workspace_state | supervisor_read”,
”from_candidates”: [”C-03”, ”C-07”]

}
],
”dropped”: [
{

”candidate”: ”C-05”,
”reason”: ”one sentence”

}
]

}
```

`from_candidates` must list every candidate id in the family; the source tasks are computed from it.

</Output Format>

<Candidates>

{candidates}

</Candidates>

H.5 Prompt for UPDATE

The UPDATE stage is invoked once per training batch to incorporate aggregated entries into the current Meta-
Skill. It uses the shared system prompt in Appendix H.2 and the instructions below. Updates consider both new
entries and entry-level feedback, while preserving identifiers, source support, and examples.
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UPDATE Prompt

Your task is to decide how the Meta-Skill should change in response to the new entries from **one
batch** of training tasks.↪

Choose one operation for each new entry, and add operations for the entry credit where the rules
below require one.↪

<Your Input>

- The current Meta-Skill: every entry with its id and fields, plus its internal `support` (which
training tasks it came from).↪

- The new entries from this batch (ids `C-NN`), each with `type`, `time_point`, fields and `support`.
- The entry credit collected in this batch: for cited entries, whether they helped, misled, were

ignored when relevant, or were irrelevant, with runs.↪

- Tools `read_run(run, start, end)` and `search_run(run, text)` to confirm what a run shows before
changing an existing entry.↪

At most {tool_budget} calls.

</Your Input>

<Operations>

- **ADD**: the new entry describes a situation no existing entry covers.

- **MERGE**: the new entry and one existing entry (or two existing entries) have a `when` that lands
on **the same observable**.↪

The merged entry keeps the existing id; its `when` must still be **one recognisable situation**
(at most two alternatives joined by ”or”) and its `guidance` **one action**; `support` becomes
the union.

↪

↪

Give the id, optionally `absorb` (other existing ids folded in), and only the fields that change.

- **REFINE**: an existing entry covers the **same situation**; improve it without widening it —
sharpen or qualify the guidance, correct the why, change the type if the evidence shows it, or
append an example.

↪

↪

**Never add a triggering condition.**
Give the id and only the fields that change.

- **DELETE**: see rule 4.

- **NONE**: already covered, or adds nothing.

</Operations>

<Rules>

1. Before calling a new entry ”different from every existing one” (ADD), check whether it lands on
the same observable as an existing entry — if it does, that is a MERGE, not an ADD.↪

2. REFINE never widens `when`.
To widen, use MERGE, and only if the result is still one recognisable situation.
If the merged `when` would become a list of unrelated observables, or the merged `guidance` would

need ”depending on the case” to branch, **it is not a merge: keep two entries.**↪

3. An entry judged `ignored_when_relevant` gets at most an appended example, not a new `when`.

4. **DELETE** only when an entry was judged `misled` in at least two runs of this batch **and** no
qualifier can be written that narrows it to a situation where it is still useful.↪

Otherwise add the qualifier (REFINE).
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5. Examples are only appended (at most three per entry); existing examples are never rewritten.

6. Cross-task wording in title, when and guidance: no task name, domain noun, path, command, version
or value.↪

7. Call the one-off message channel **notice**.

8. Every operation other than NONE cites at least two runs as `<task>:<run>` (for example
`dna-insert:b2`).↪

9. Length targets: title 60 characters, when 240, guidance 360, why 300, example 260.

</Rules>

<Output Format>

Output exactly one JSON object and nothing else.
Use English.

```json
{

”operations”: [
{

”op”: ”ADD | MERGE | REFINE | DELETE | NONE”,
”candidate”: ”C-NN or null”,
”id”: ”existing id for MERGE / REFINE / DELETE, else null”,
”absorb”: [”other existing ids, MERGE only”],
”entry”: {
”title”: ””,
”when”: ””,
”guidance”: ””,
”why”: ””,
”type”: ””

},
”add_example”: ”for REFINE only, or null”,
”runs”: [”<task>:b1”, ”<task>:a3”],
”reason”: ”one sentence”

}
],
”recheck”: ”the raw-run reads you made and whether they changed anything; \”none\” if none”

}
```

For MERGE and REFINE, `entry` holds only the fields that change.
For DELETE and NONE, `entry` may be empty.

</Output Format>

<Current Meta-Skill>

{kb}

</Current Meta-Skill>

<New Entries from This Batch>

{candidates}
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</New Entries from This Batch>

<Entry Credit from This Batch>

{credit}

</Entry Credit from This Batch>

I. Meta-Skill Structure and Content

I.1 Entry Structure

A Meta-Skill is a versioned textual library that guides harness evolution at checkpoints. Each entry associates an
observable situation with guidance on whether and how to intervene. The evolver interprets these entries using
evidence from the active run to select a task-local harness edit or leave the harness unchanged. We denote the
frozen library by ℳ = {𝑒𝑖}𝑁

𝑖=1, with the entry fields summarized in Table 8.

Table 8. Fields of a Meta-Skill entry. Each entry specifies an observable situation, evolution guidance, and supporting training
examples.

Field Content

ID / title A stable identifier for citation and a short title describing the situation.

Type act supports intervention; hold supports leaving the run unchanged; avoid discourages a
particular intervention.

Time point start, during, or end, indicating the execution stage to which the entry applies.

When to refer An observable condition that the evolver can assess from the task instruction, trajectory,
permitted workspace observations, or channel budget.

Guidance The harness action to take or avoid, including the channel and message content when
applicable.

Why The pattern observed across training tasks that supports the guidance, including relevant
qualifications.

Reference examples Up to three examples from distinct training tasks illustrating the situation and observed
behavior.

The When to refer field describes an observable condition at a level that permits reuse across tasks. Vague
judgments such as “the approach looks wrong” provide little basis for matching an entry to checkpoint evidence.
Conversely, exact file names, commands, packages, or expected answers tie a trigger to a particular instance.
We therefore express triggers through observable relations, such as a claim contradicted by command output,
repeated attempts that produce no new evidence, or an artifact inconsistent with the task agent’s completion claim.
Task-specific details are confined to reference examples and internal provenance records. Construction metadata,
including supporting task identifiers and candidate provenance, is retained separately to support aggregation and
subsequent updates.

I.2 Content of Meta-Skills

Entries are organized by type and execution stage. The act entries describe situations in which training contrasts
support an intervention, such as an unverified execution route, an unresolved contradiction, or an unsupported
completion claim. The hold entries identify situations where the task agent is making progress or recovering with-
out assistance. The avoid entries describe interventions associated with adverse outcomes, such as prematurely
selecting an interpretation or redirecting a search that is still advancing. These types guide different aspects of a
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checkpoint decision: act supports a change, hold supports continuation, and avoid excludes a particular change
while leaving other interventions available.

The execution-stage labels further specify when the guidance applies. Start entries concern early constraints,
evidence preservation, and route selection. During entries concern evidence revealed as work proceeds, including
progress, contradictions, and unverified behavior. End entries concern whether the delivered artifact and available
validation support acceptance.

Cross-task aggregation retains reusable guidance supported by at least two distinct training tasks. Raw verifier
text, hidden expected outputs, task solutions, and held-out information are excluded from the deployed guidance.
At deployment, the frozen Meta-Skill is supplied directly in the evolver’s conversation. Entries labeled start
are delivered in the first checkpoint message, while the remaining entries are included in the system prompt. All
entries remain available in the evolver’s conversation at subsequent checkpoints. The evolver records the entry IDs
it uses, or indicates that no entry applies, and grounds each decision in evidence from the active run. Checkpoint
decisions, task-local edits, and test-time outcomes do not update the frozen library.

Meta-Skills for Terminal-Bench 2.1

Entries learned offline from supervised and unsupervised runs on other tasks of this benchmark by the same
worker model. What they say about those tasks is precedent, not a fact about the task in front of you:
anything you tell the worker about this task’s files, outputs, or environment must come from your own reads
or from the trace.
Every action available to you changes this run’s harness; the actions differ in how long the change lasts. A no-
tice reaches one worker turn. A standing instruction (append_worker_prompt or rewrite_worker_prompt),
a check, and a probe reach every turn from the worker’s next stretch of work onward. Tools, skills, and mid-
dleware change the worker’s structure.

How to read an entry.
• Type—act: a situation where a harness change helped; hold: a situation that looks like it needs inter-

vention and does not, so leave the run alone; avoid: an intervention that did harm.
• Time point—start (first checkpoint), during (worker working), or end (worker stopped).
• When to refer—the observable situation that brings the entry into play. Match on this.
• Guidance—what to do, or what not to do.
• Why—what was observed in the training runs.
• Reference examples—how it looked on training tasks; illustration only.
An entry whose situation you do not see does not apply. Nothing here ranks the entries or states how often
each was drawn on. Write in reasoning the IDs of the entries you act on and the IDs of entries whose
situation you saw but decided against. If none applies, say so.

At the first checkpoint
The worker has taken one turn. These entries are for this moment only: a standing instruction installed now
reaches every one of its remaining turns, and the route it will follow is not yet fixed. Match on the situation
as with any other entry.

E-02—Externally observable end state named. Type. act
Time point. start
When to refer. The statement requires an end state that can only be confirmed by observing the system
from outside it, rather than by a file or a build result.
Guidance. Install a standing instruction that completion requires a fresh observation of that external view
taken before and after the action, under the same conditions. Do not let a reachable channel, a running
process or a returned status stand in for it.
Why. Supervisors that established this expectation at the first checkpoint obtained a visible observed
change and passed, while those that concentrated on channel availability accepted a reported status without
a comparable observation.
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Reference examples. (1) install-windows-3.11: passing runs compared captures of the external view
around injected input, while failed runs confirmed only that the channel accepted commands.

E-03—Obvious first move destroys or under-covers. Type. act
Time point. start
When to refer. The most direct way into the task would either alter something that cannot be recovered
once altered, or would cover less than the requirement actually asks for—and the worker has not yet committed
to a route.
Guidance. Install a standing instruction that constrains the method before it acts: what must be preserved
or worked on only in copy, how wide the search or enumeration has to be, and which behaviour the requirement
implies that its wording does not spell out. Say nothing about what the answer is.
Why. On these tasks the deciding step was the first one. Where the constraint was installed the work
survived; where the first ordinary action went ahead unconstrained, the evidence or the coverage was already
gone by the time anything else could be said.
Reference examples. (1) sqlite-db-truncate: the artifact that had to be recovered was also the thing an
ordinary read would rewrite. (2) dna-assembly: the established ordering and boundaries had to be preserved
through an encoding step that silently reorders them.

E-01—Interpretation asserted before inspection. Type. avoid
Time point. start
When to refer. At the first checkpoint the worker has only listed the inputs it was given and has not yet
displayed or compared their contents.
Guidance. Do not use a notice or a standing instruction to fix an interpretation, a boundary or a transfor-
mation of material the worker has not yet inspected. A standing instruction may constrain how it examines
the material and what it must preserve; leave the reading of the material to it.
Why. A first-checkpoint message that supplied a specific interpretation was adopted verbatim and produced
an internally consistent but wrong result, while the unsupervised run made its own comparison and read the
material differently.
Reference examples. (1) dna-insert: a first-checkpoint notice stated a particular insertion boundary
before inspection; the worker adopted it, while the passing unsupervised run found a different alignment
itself.

While the worker is working
E-07—Reported success with unchanged observation. Type. act
Time point. during
When to refer. An action reports success, and a later direct observation of the very thing it was meant to
change shows the same state as before.
Guidance. Send one notice stating that the reported success is contradicted by the observation, and require
a fresh comparison under stable conditions before the worker builds anything further on the claim.
Why. Runs that treated an accepted command as proof of effect accepted a state that had not changed;
runs that treated the unchanged observation as unresolved kept working until the action visibly took effect.
Reference examples. (1) install-windows-3.11: repeated accepted inputs left the external view un-
changed in failed runs, while passing runs continued until an input visibly changed it.

E-08—Restriction the evidence has not established. Type. act
Time point. during
When to refer. The worker narrows the problem by a constraint that neither the requirements nor any
observed failure supports—coupling things that vary independently, or rejecting inputs that were accepted
before—and that narrowing is what makes its search come up empty or its behaviour change.
Guidance. Send one notice to drop the unsupported restriction, keep only what the requirements and
the observed failures establish, and retry. Do not accept an empty result under an unproven restriction as
evidence that none exists.
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Why. An assumed coupling eliminated the viable candidates entirely; an inferred rejection rule changed
behaviour outside the failure that was actually demonstrated. Both turned an unproven limitation into a
requirement.
Reference examples. (1) dna-insert: forcing two independently variable components to the same setting
returned nothing, and enumerating them separately produced a working combination at once. (2) fix-code-
vulnerability: a message adding rejection of a further boundary input produced a failing artifact, while
passing repairs restricted themselves to the demonstrated unsafe class.

E-09—Comparison the worker ran reports a mismatch. Type. act
Time point. during
When to refer. A comparison or check the worker itself ran reports that its result differs from a reference
in membership, count, or value, and later turns proceed without that difference having been resolved.
Guidance. Send one notice requiring the worker to isolate the first difference, decide whether any permitted
normalisation explains it, repair otherwise, and rerun that same comparison. Do not let a narrower check
that passes stand in for the one that failed.
Why. Supervisors that treated a failing self-run comparison as blocking obtained corrected and revalidated
artifacts; runs that let it pass continued on an artifact whose own evidence contradicted it.
Reference examples. (1) regex-chess: a randomised comparison exposed a discrepancy after a narrower
check had passed, and passing runs required it reconciled and repeated. (2) dna-assembly: a reported failing
round-trip check was replaced by another hand-built calculation instead of being resolved.

E-11—Located material bypassed for a surrogate. Type. act
Time point. during
When to refer. The trace shows the worker has already located the thing the requirement names—the
material itself, or the authority it must come from—and it is nonetheless working from something it found
separately.
Guidance. Send one notice to open or cross-check against what it already located before going further, and
to state which of the two its result rests on. Do not let a calculation from the surrogate become the final
evidence.
Why. Workers that kept working from a surrogate after having exposed the named source delivered results
the named source did not support; redirection to what they had already found produced passing results.
Reference examples. (1) mteb-leaderboard: the official source had been exposed but the answer was
computed from a separately obtained copy, and passing runs followed the named source instead. (2) build-
pov-ray: the listed material containing what was needed was passed over for continued speculative search
until a message pointed back at it.

E-04—Isolated environment failure with visible reformulation. Type. hold
Time point. during
When to refer. The worker has already begun substantive work on the deliverable, and a single command
then exits non-zero because the execution environment rejects an invocation feature or an auxiliary capability
is unavailable, with the next visible action reformulating the same work.
Guidance. Hold: do not supply a replacement or spend a notice on that failure. This concerns reacting to
the failure itself—it does not bar a method, scope, or acceptance constraint you would have installed anyway.
Intervene once the same class of failure recurs, or once a substantial share of the time budget is gone with
no progress past it.
Why. Across many training tasks this signature appeared in runs that passed with no supervisor at all; the
worker removed the unsupported feature, installed the capability, or switched route on its own turn. Messages
spent here changed nothing the worker was not already doing.
Reference examples. (1) sqlite-with-gcov: an early command was rejected over an unsupported control
option, then retried in a compatible form and the build completed. (2) financial-document-processor: an
unavailable inspection utility was followed by capability discovery and a successful alternative. (3) reshard-
c4-data: one unsupported interpreter option failed, then the same test ran through a compatible interpreter.
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E-05—Failure output carries its own correction. Type. hold
Time point. during
When to refer. The worker has already begun substantive work, a command fails, and its own output
already names what to fix—the location it actually found, the accepted alternative, or the required form—
and the next visible action reads that output rather than repeating the command unchanged.
Guidance. Hold: do not name the fix and do not register a check for it. The output has bounded the next
experiment and the worker is already reading it. This concerns reacting to that failure—it does not bar a
method or acceptance constraint you would have installed anyway. Intervene if the corrected attempt fails
the same way again.
Why. On separate tasks the worker recovered from this signature within one or two turns without help, and
messages that named the fix arrived after the worker had already applied it.
Reference examples. (1) crack-7z-hash: the command reported an item missing after its own output
had listed that item at a deeper location, and the worker used the listed location next. (2) mteb-retrieve: a
rejected identifier came with a compatible alternative in the error, which the worker applied before resolving
the next interface error. (3) regex-log: a self-written check failed on an assertion and the worker printed
the actual result instead of rerunning the check blindly.

E-06—Route replaced while exploration still advancing. Type. avoid
Time point. during
When to refer. One attempt along the worker’s current route fails or returns nothing usable, while the
surrounding turns show it varying its approach, following new leads, or not yet having tried the ordinary way
of driving the thing it just built.
Guidance. Do not redirect the route, replace the approach, or rewrite standing instructions on that evidence.
Let the ordinary next interaction happen or let the varied exploration continue. Act once repeated attempts
add nothing, or once a substantial share of the task’s time budget is gone and the exploration has not
narrowed.
Why. Interventions on this evidence moved workers off routes that were about to succeed and onto more
fragile ones that then failed, while unsupervised runs meeting the same signal proceeded and passed.
Reference examples. (1) qemu-startup: a passive connection closed with no output, and a redesign
message led to a fragile replacement while another run simply sent the ordinary initiating input and kept
the simple service. (2) mteb-leaderboard: a redirection away from a fallback that was producing leads
ended in the wrong answer, while runs that continued through the same failure reached the right one. (3)
build-pov-ray: a suggested alternate source also failed, and continued independent searching found the
working route.

E-10—Ambiguity narrowed before the evidence resolves it. Type. avoid
Time point. during
When to refer. The worker’s own output shows several candidate results produced by different readings of
the requirement, and nothing it has gathered excludes any of them.
Guidance. Do not send a notice that favours one candidate. If you act at all, use a notice that requires the
worker to settle which reading the requirement calls for, from the material it can read, before it picks one.
Why. A message emphasising one candidate was followed by delivery of that candidate alone, while unsu-
pervised runs that kept the ambiguity open investigated further and delivered the complete result.
Reference examples. (1) count-dataset-tokens: a message emphasising one component was followed by
an answer containing only that component’s subtotal, while passing unsupervised runs combined both.

When the worker has stopped
E-12—Completion shown only indirectly. Type. act
Time point. end
When to refer. The worker has stopped, and the only validation in the trace either discards the output,
reuses values it asserted by hand, or comes from something other than the artifact it delivered—the delivered
thing has not itself been run and inspected.
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Guidance. Send it back to run the delivered artifact end to end under ordinary conditions and inspect what
comes out. Accept only after the claimed result has been derived from the delivered thing itself.
Why. Across several tasks a stopped worker presented a check that succeeded while never exercising what
it delivered; acceptance failed until the artifact itself was run and its output read.
Reference examples. (1) build-pov-ray: a check that discarded output did not show that the ordinary
output path produced a readable result. (2) dna-insert: a reported match was computed from assumed
intermediates rather than by recomposing the delivered components. (3) mteb-leaderboard: a correctly
formed answer file rested only on a substitute source.

E-13—Delivered artifact contradicts its own trace. Type. act
Time point. end
When to refer. The delivered artifact carries a value, a direction, or an implementation choice that differs
from something the worker’s own earlier output showed, or from an explicit rule in the requirements.
Guidance. Do not accept on surface form alone. Send it back to reconcile the delivered choice against that
earlier evidence or stated rule, regenerate whatever depends on it, and inspect the revised artifact.
Why. Superficially complete artifacts kept a choice their own trace or the stated rule contradicted, and the
supervisors accepted them; reconciling the visible discrepancy before acceptance corrected the result.
Reference examples. (1) count-dataset-tokens: a plain result file held one measured component al-
though the trace had measured its companion too. (2) bn-fit-modify: the delivered relations encoded the
direction opposite to the stated rule, and the worker’s own explanation said so. (3) fix-code-vulnerability:
the final source added an error for an input the original had returned unchanged.

E-14—Stated exceptional behaviour never checked. Type. act
Time point. end
When to refer. The requirements call out exceptional, boundary, or previously accepted behaviour, and
the trace shows validation only along the routine path.
Guidance. Send it back to exercise those stated cases directly, repair any difference, then rerun the routine
validation before accepting.
Why. Routine success left material exceptional behaviour unproved, and in one case a change silently
narrowed behaviour that had been accepted before; focused checks either found the defect or established that
it was absent.
Reference examples. (1) regex-chess: focused comparisons of the stated exceptional cases found defects
the routine validation had passed over. (2) fix-code-vulnerability: the delivered change rejected an input
the original accepted, which the main suite did not catch.

Meta-Skills for DeepSWE 1.1

Entries learned offline from supervised and unsupervised runs on other tasks of this benchmark by the same
worker model. What they say about those tasks is precedent, not a fact about the task in front of you:
anything you tell the worker about this task’s files, outputs, or environment must come from your own reads
or from the trace.
Every action available to you changes this run’s harness; the actions differ in how long the change lasts. A no-
tice reaches one worker turn. A standing instruction (append_worker_prompt or rewrite_worker_prompt),
a check, and a probe reach every turn from the worker’s next stretch of work onward. Tools, skills, and mid-
dleware change the worker’s structure.

How to read an entry.
• Type—act: a situation where a harness change helped; hold: a situation that looks like it needs inter-

vention and does not, so leave the run alone; avoid: an intervention that did harm.
• Time point—start (first checkpoint), during (worker working), or end (worker stopped).
• When to refer—the observable situation that brings the entry into play. Match on this.
• Guidance—what to do, or what not to do.
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• Why—what was observed in the training runs.
• Reference examples—how it looked on training tasks; illustration only.
An entry whose situation you do not see does not apply. Nothing here ranks the entries or states how often
each was drawn on. Write in reasoning the IDs of the entries you act on and the IDs of entries whose
situation you saw but decided against. If none applies, say so.

At the first checkpoint
The worker has taken one turn. These entries are for this moment only: a standing instruction installed now
reaches every one of its remaining turns, and the route it will follow is not yet fixed. Match on the situation
as with any other entry.

E-07—Do not repeat an explicit setup prerequisite during initial reconnaissance. Type. hold
Time point. start
When to refer. At the first checkpoint, the worker has only performed normal repository reconnaissance
and an explicit routine setup prerequisite remains incomplete.
Guidance. Hold: do not spend a notice restating the prerequisite before the worker has begun implementa-
tion. Initial reconnaissance is compatible with completing an explicit setup step next, so preserve the notice
unless progress later contradicts that expectation.
Why. Across tasks, workers remained in the initial repository state while inspecting it, then performed the
stated setup step as their next substantive action; a supervisory reminder did not produce a distinct recovery
or outcome.
Reference examples. (1) geo-shapeindex-serialization: workers inspected the repository and then cre-
ated the required dedicated branch without needing a reminder. (2) ofetch-per-origin-circuit-breaker:
the worker reported the default branch during reconnaissance, received a reminder, and then made the same
routine branch transition seen in unassisted runs.

While the worker is working
E-01—Audit scoped state across execution and recovery branches. Type. act
Time point. during
When to refer. A change introduces or routes through scoped execution state, and a child or caller branch
or alternate completion path either fails to receive required state or receives state outside its permitted scope.
Guidance. Send a targeted notice to trace state ownership, lifetime, and every branch or boundary that
creates, inherits, establishes, or recovers the state. Require focused checks for intended and excluded paths
before finalization.
Why. State placed only for the ordinary caller or normal return can be unavailable to an allowed alternate
path, while incorrect propagation can also leak it into an excluded path.
Reference examples. (1) abs-module-cache-flags: a nested module environment did not retain caller-
held loader settings. (2) mobly-grouped-test-barriers: shared lifecycle handling established protected
context for excluded paths, while another ordinary branch lacked required phase state. (3) awilix-async-
container-initialization: an inherited definition was owned by an ancestor while lifecycle status was
consulted locally.

E-02—Directly exercise an unproven changed behavior route. Type. act
Time point. during
When to refer. The worker’s own trace has surfaced a second route for the behaviour it just changed—it
named, opened, or ran something on that route—and it has moved on to other work without running that
route’s behaviour even once.
Guidance. Send one targeted notice about that route. When the worker’s own trace already shows what
is missing on it—a call that does not forward a setting, a branch that was never wired, or a sibling left at
the old behaviour—name that gap and let the worker repair it; asking only for a check leaves the worker to
rediscover what the trace already exposed. When the trace shows no such gap, ask instead for a focused
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behavioural check of that route covering representative success and failure, before relying on broad regression
results.
Why. Generic suites, adjacent-route checks, or stale focused tests can appear reassuring while leaving changed
behavior unexercised; distinct sibling handling can then retain a defect that only direct behavioral checks
expose.
Reference examples. (1) numba-stencil-boundary-modes: ordinary behavior was updated while the
parallel transformation needed corresponding propagation. (2) valibot-recursive-schema-composition:
a synchronous repair left an asynchronous sibling closure-bound, and an async wrapper delegated to syn-
chronous replacement behavior. (3) awilix-async-container-initialization: coverage exercised one
injection mode while another mode inferred dependencies differently.

E-03—Escalate incomplete compatibility parity evidence. Type. act
Time point. during
When to refer. A compatibility-sensitive change either differs from established behavior in available evi-
dence or has been checked against only a subset of the required behavior classes.
Guidance. Send a notice to create focused differential checks against the established behavior across the
unexercised cases, repair every observed difference, and rerun the comparisons before delivery.
Why. One task exposed a regression after a broad rewrite, while another showed replay-order differences
and initially covered only a narrow portion of its compatibility surface.
Reference examples. (1) abs-module-cache-flags: an existing import behavior failed after a loading
rewrite and needed restoration. (2) scc-bounded-memory-spilling: bounded replay differed from estab-
lished output ordering, and broader comparisons later exposed additional output differences.

E-04—Audit new capability wiring to its public route. Type. act
Time point. during
When to refer. A newly introduced control or capability is present in implementation but cannot traverse
its owning registration or intended public route.
Guidance. Send a targeted notice to trace the capability from its owning registration through every public
entry and receiving handler. Require missing defaults, admission, bindings, or routes to be repaired, then
directly exercise each affected public route.
Why. Implementation can be locally complete while omitted registration, admission, handler wiring, or
public exposure prevents the capability from being usable end to end.
Reference examples. (1) onedump-dump-encryption-pipeline: direct source loading returned no result
when an unrelated enabled-state check was false. (2) valibot-recursive-schema-composition: the imple-
mentation was available through one aggregate but absent from the required public-facing aggregate. (3)
arcane-drift-detection-baselines: newly used controls were absent from the settings model and default
configuration.

E-08—Preserve established write boundaries. Type. act
Time point. during
When to refer. A changed writer performs some externally visible writes outside an established scoped or
atomic boundary.
Guidance. Send a targeted notice to inspect the complete write and publication sequence, restore the
established boundary for ordinary behavior, and keep new behavior appropriately scoped. Require a focused
compatibility or concurrent-observation check before delivery.
Why. Writes outside the established boundary can change existing visibility guarantees or expose observers
to partial or mixed results.
Reference examples. (1) sqlite-utils-safe-import-checkpoints: direct writes bypassed the prior
connection-context behavior and changed caller-visible persistence. (2) vulture-persistent-analysis-
cache: only the primary artifact was safely replaced while companion artifacts were written directly.

E-09—Do not redirect solely for unavailable verification prerequisites. Type. hold
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Time point. during
When to refer. A verification attempt explicitly reports that an external dependency or executable is
unavailable and therefore cannot assess project behavior.
Guidance. Hold: do not spend a notice on setup, replacement tooling, or implementation redirection solely
for this failure. Leave the worker to use available focused checks, source review, or other substantive validation
unless later evidence indicates a behavioral defect.
Why. Unavailable verification prerequisites can block broad or ancillary checks without indicating an imple-
mentation problem, while available validation may still support progress.
Reference examples. (1) cattrs-partial-structuring-recovery: broad verification stopped at unavail-
able imports, and quality-tool attempts reported missing executables or failed downloads; focused checks and
review still completed the change. (2) vulture-persistent-analysis-cache: an unavailable ancillary qual-
ity command was followed by available repository checks and a successful committed implementation.

When the worker has stopped
E-05—Reopen delivery when concrete evidence refutes completion. Type. act
Time point. end
When to refer. The stopped artifact or its trace contains concrete evidence that a claimed behavior remains
wrong, or a corrective edit for it is still outside the commit.
Guidance. Do not accept. Name the specific contradiction the evidence shows—which claimed behaviour,
and which observation refutes it—and send the worker back to repair exactly that and commit or amend
it. Keep the repair scoped to the contradiction: at this point the worker has little budget left to establish
that a wider rewrite broke nothing, and a change that reaches beyond the named gap can fail behaviour that
already worked.
Why. Across tasks, final review exposed either visibly incorrect behavior, an implementation form that
defeated the claimed guarantee, or a repair stranded after interrupted validation; each meant the delivered
commit did not support the completion claim.
Reference examples. (1) abs-module-cache-flags: a resolver repair remained modified but uncommitted
after a failing validation-and-amend chain stopped. (2) kysely-window-grouping-helpers: final manual
output still showed invalid bound ordering despite the committed completion claim. (3) valibot-recursive-
schema-composition: the committed type-level implementation retained an unrestricted recursive position
and tested only a marker.

E-06—Validate an uncovered route before accepting a multi-route change. Type. act
Time point. end
When to refer. The worker has stopped, and its own trace shows it identified a second route for the
delivered behaviour—it inspected or referred to that route—while the committed change leaves that route
untouched and no command in the trace ever exercised it.
Guidance. Do not accept yet. Send the worker back once, naming the route its own trace identified and,
where the trace shows it, what that route is missing. Require the repair and its check to stay within that
route: a broad rework at this point can break behaviour that already worked, and the worker no longer has
the budget to show that it did not.
Why. In one task, narrow checks missed a failure at the interaction boundary, while in another, an inspected
secondary route was left unchanged and unsupported by behavioral evidence; both patterns left a plausible
required route unverified at delivery.
Reference examples. (1) koota-composite-trait-aspects: focused checks passed, but a temporary inte-
gration exercise exposed a runtime failure that required a committed repair. (2) numba-stencil-boundary-
modes: failed artifacts changed the primary implementation while leaving the previously inspected conversion
route untouched.
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