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Abstract

We revisit the evaluation of automatic harness evolution for LLM agents. Existing
harness evolution methods use unit test cases to search for harness configurations
and then report final performance on the same public benchmark. This protocol
raises two fundamental concerns. First, harness evolution is itself an iterative
search procedure that repeatedly evaluates and revises candidate harnesses using
task feedback. As in agentic test-time scaling, it should therefore be compared
with simple task-level search baselines under matched feedback and inference
budgets to determine whether its gains arise from improved harness design or from
additional search alone. Second, because the search and the final evaluation share
the same benchmark, the reported gains risk overfitting to that specific task set.
To address these concerns, we conduct an extensive evaluation comparing harness
evolution with simple test-time scaling and discovery baselines under comparable
feedback and inference budgets, and also evaluate evolved harnesses on held-out
tasks to assess whether the discovered improvements generalize. Experiments on
Terminal-Bench 2.1 with GPT-5.4 and Claude Opus 4.6 show that automatic harness
evolution does not consistently outperform simple test-time scaling methods and
exhibits limited generalization. Our results raise important questions about the
effectiveness of automatic harness evolution and highlight the need for fairer
evaluation protocols and benchmarks for automatic harness design. Our code is
available at https://github.com/rethinking-harness-evolution,

1 Introduction

Large language model (LLM) agents increasingly rely on external harnesses to interact with complex
environments [[Yang et al.| 2024, [Merrill et al.}2026|]. A harness defines the prompts, tools, memory,
verification routines, and control logic through which a model observes tasks and acts [Lopopolo,
2026]). Prior work shows that harness engineering can substantially affect agent performance even
with a fixed model [[Trivedyl 2026], yet it remains largely manual: developers inspect trajectories,
diagnose failures, and revise the harness. This has motivated automatic harness evolution, in which
agents improve external harnesses [Lee et al., 2026, Lin et al., 2026} |[Zhang et al.| [2026]. These
methods typically follow a search loop: analyze prior trajectories, scores, and failures; propose
modifications; evaluate them on benchmark tasks; and repeat [Lee et al.l 2026} Zhang et al.| 2026].

However, the evaluation of harness evolution needs further consideration. In many studies [Lee et al.,
2026/ [Lin et al., [2026] [Zhang et al., | 2026], harness search uses verifier feedback from benchmark
tasks, and the final harness is then evaluated on the same public benchmark, such as Terminal-
Bench [Merrill et al.l [2026]]. This setup makes it important to compare harness evolution against
test-time scaling baselines: methods that spend additional computation on the evaluation tasks
themselves, for example through parallel sampling, sequential refinement, or task-level revision
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using verifier feedback [Snell et al., 2024, [Li et al.| 2026] Novikov et all, 2025]]. These baselines

test whether harness evolution provides benefits beyond simply allocating more search budget to the
evaluation tasks under comparable feedback and inference budgets. The existing evaluation protocol
therefore leaves a fundamental question unresolved: Does harness evolution yield generalizable
improvements in harness design, or are its gains primarily due to repeated sampling? Moreover,
when the tasks used for search overlap with those used for evaluation 2026, observed
gains may reflect adaptation to task-specific patterns rather than improvements in harness design that
are transferable to held-out tasks.
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marized in Figure [T| when unit test cases are Figure 1: Average pass@ 1 without access to unit
unavailable, harness evolution underperforms test feedback, averaged across Claude Opus 4.6,
simple test-time scaling baselines on average GPT-5.4, and GPT-5.4 mini. The dashed line indi-
across Claude Opus 4.6, GPT-5.4, and GPT-5.4  cates the performance of the initial harness. Har-
mini. As shown in our experiments #.3] when ness evolution algorithms fail to outperform simple
the same task set is used for both harness evo- test-time scaling baselines.

lution and final evaluation, reported gains can

overstate true harness improvements, as they may reflect adaptation to the evaluation instances rather
than generalizable harness design. This highlights the need for evaluation protocols that separate
optimization feedback from final measurement and compare against test-time scaling baselines.

2 Related Work

Test-time Scaling Test-time scaling refers to improving a language model’s outputs by allocating
additional computation at inference, without modifying the model weights [Snell et al., [2024].
Existing work falls into two broad categories: parallel sampling [Wang et al., 2022, |Brown et al.]
[2024]) and sequential refinement [Madaan et al., 2023]. Parallel sampling draws multiple candidate
answers independently and aggregates them by voting or verifier reranking. Sequential refinement
generates answers iteratively, conditioning each attempt on prior ones to revise earlier reasoning.
In this work, we argue that test-time scaling methods serve as strong and meaningful baselines for
harness evolution algorithms.

Automatic Harness Evolution A growing body of work improves agent performance without
retraining the underlying model by optimizing the external scaffold around the model. Early efforts
target a single editable surface: prompt and instruction optimizers tune prompts, demonstrations, or
language-model programs from execution feedback [Khattab et al., 2023} [Opsahl-Ong et al.} 2024
[Yuksekgonul et al. [2025] [Agrawal et al.|[2025]), while in-context methods accumulate experience as
natural language artifacts that the model can reuse at inference time [Zhao et al.} 2024} [Zhang et al,
[2025]. These approaches show that agent experience can be externalized outside model weights, but
they typically optimize one component at a time. A more recent line treats the full harness as the
object of search. Meta-Harness searches over harness code using prior source code,
scores, and execution traces. Agentic Harness Engineering 2026] evolves prompts, tools,
middleware, skills, and long-term memory through an observability-driven loop. AEVO
views agentic evolution itself as an interactive environment and edits the procedure or agent
context that controls future search. Our work revisits the evaluation of automatic harness evolution.
We compare harness evolution against simple test-time scaling baselines under matched feedback
and inference budgets, and evaluate whether evolved harnesses transfer to held-out tasks from the
same benchmark.
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Figure 2: Test-time scaling and automatic harness evolution algorithms. We compare four
approaches under a unified budget, emphasizing what feedback the agent receives, how it spends its
budget, and whether it modifies the trajectories or the harness.

3 Rethinking the Evaluation of Harness Evolution

In this section, we formalize the evaluation of harness evolution under a unified budget view. The
goal is to make explicit whether performance gains reflect reusable harness improvement or test-time
discovery over the evaluated tasks. Given a fixed agent policy, a task distribution, and a compute
budget, each method is specified by what it updates and what feedback it observes. We consider
four methods: parallel sampling, sequential refinement, harness evolution, and harness scaling. They
spend the budget on independent trajectories, trajectory revisions, shared harness updates across
tasks, and task-specific harness updates, respectively. We first introduce the common notation, and
then describe each method in Sections

3.1 Preliminary

Let mp denote the agent policy and let = denote a task drawn from a task distribution X’. Executing
the agent on x using the harness h yields a trajectory y, the full sequence of states, actions, and
observations, which we write as y ~ 7y (- | 2; h). When a unit test case g is available, we define an
outcome R(y, g) € {0,1} that returns 1 exactly when the trajectory solves the task. Every method
below consumes a compute budget K and returns a final trajectory g for each task x ~ X.

We also define a summarization map ®, realized by the same underlying model as the policy. The
map ¢ summarizes an experience store into a form that a downstream agent can consume, such as
recurring failures, redundant attempts, or cost, so that subsequent refinement or editing steps can
diagnose why earlier attempts underperformed and avoid repeating edits.

3.2 Parallel Sampling

Parallel sampling (Figure[2](a)) is a representative test-time scaling method that generates multiple
trajectories in parallel [Wang et al., 2022, [Brown et al., [2024]. Specifically, we draw K trajectories
independently from the policy using a fixed harness h,

Y, -, YK N’]Tg(~|£[';h),

such that exploration is spread across K mutually independent attempts. Increasing K expands the
reachable action space, thereby improving the likelihood that the agent explores at least one trajectory
that contains a correct solution. We consider two settings. First, when unit test cases are not available,
selection instead relies on model self-selection, where the model is asked to choose the best candidate
among the sampled solutions. Let J be a self judge realized by the agent itself, and we return the
highest scoring candidate,

9 = argmax J (yg).
k<K



Second, we assume access to unit test cases, which provide verifiable signals that can be used directly
to select the final response. In this case, we set ¢ to any trajectory accepted by the outcome,

9€{yr: R(yr,g) =1}
3.3 Sequential Refinement

In contrast to parallel sampling, sequential refinement [Madaan et al., 2023 (Figure 2| (b)) allocates
the budget to depth, extending the interaction horizon so that each trajectory builds on the last. In this
process, the model leverages prior reasoning experience and explores alternative solution paths to
guide refinement in subsequent turns. To realize this process, we sample the first trajectory directly
based on the prompt,

y1 ~mo(- | s h),
and for k = 2,..., K, we condition the next trajectory on the previous one, which lets the agent
reflect on and revise its prior attempt, using the same fixed harness h. When no unit test case is
available, the agent reads the previous trajectory alone,

Yo ~ 7o (- | 2, ®(yr—1); h),

and we return the final trajectory in the sequence, § = yx .

When a unit test case is available, we expose both the trajectory and its outcome, so that the agent
can refine against the signal for the next turn’s response,

yr ~ 7o (- | =, ®(yk—1, R(yk-1,9)); h).
In this case, we return any trajectory accepted by the outcome,

9 € {yr: R(yk,9) =1}
3.4 Harness Evolution

Harness evolution methods [Lee et al., 2026} Lin et al., 2026, [Zhang et al.l 2026] (Figure E] (©)
retain the iterative loop of sequential refinement but allocate budget to the harness surrounding the
policy rather than to trajectories alone, and optimize across a task distribution rather than fitting to
one task. We draw a batch of tasks {z(V}?_, ~ X and initialize the experience store with them,
Co = {zW}7_,. Atround k we sample m rollouts per task under the current harness,

y,(f’j)wmg(-|a:(i);hk), i=1,....n, j=1,...,m.
Each round then contributes one piece of evidence
er = (he, {yl(cld)}i,j)a Cr = Cr—1 U {exr},

recording the harness and the rollouts it produced across the batch. When unit test cases are available
for each task, the evidence also carries the outcome of every rollout, so that

er = (he, {0 Yis0 {RWSY, gD))e ).

A meta agent M drives the search. It reads an observation ®(Cy_1) of the accumulated store and
emits the next harness,

hi, = M(®(Cr—1)), k=2,... K,
starting from a seed harness h;. The search optimizes the harness toward expected success on the
task distribution, or on a held-out distribution,

h* = arg max Eonx[R(y,9)],  y~mo(-|a;h).

‘When no unit test cases are available, we take the most evolved harness, h=h K, wWhen unit test
cases are available, we select the harness in the store with the highest aggregate outcome, estimated
on the task batch or a held-out set,

. _ _ 1 Gf) G
h = argmax R(hy), R(hy) = — R(y\"7), ™).
gmax R(h) (hx) nm;; (e ”,9")

We then sample the final trajectory for the target task = under this harness, § ~ mg(- | ; iL)

We instantiate harness evolution with AHE [Lin et al., [2026]], with its explore agent disabled so that
improvements come from evolving the harness on feedback rather than from retrieving benchmark-
specific harnesses externally. See Appendix [A]for details.



3.5 Harness Scaling

To further investigate whether harness improvements arise from reusable design or from additional
test-time computation, we introduce harness scaling (Figure [2[ (d)), a harness-level analogue of
test-time scaling. Whereas harness evolution aims to improve a harness across a set of tasks and
produce a reusable design, harness scaling adapts the harness for a single evaluation instance by
allocating additional inference budget to harness revision. In this sense, harness scaling can be viewed
as instance-guided harness adaptation, in contrast to dataset-guided harness evolution. From an initial
harness h;, we sample for each task

y1 ~mo(- | @3 k).

After observing each trajectory, the agent updates the harness through a meta agent M instantiated
by the same underlying model, and then resamples under the updated harness. When no unit test case
is available, the update conditions on the task, the previous harness, and the previous trajectory,

hk:M(fE, (I)(hkflaykfl))a ykNﬂ—()(' |xahk)a k:27"’7K7
and the latest trajectory is returned § = yx.

When a unit test case is available, the update also conditions on the outcome of the previous trajectory,
hk:M(l', (I)(hk—lvyk—hR(yk—lag)))’ Yk Nﬂ-e(' |$,hk), k:27"'7K7

so that the meta agent can revise the harness against the signal. We return any trajectory accepted by
the outcome,

g€ {yr: Rlyr,9) =1}

4 Experiments

In this section, we study whether automatic harness evolution outperforms simple test-time discovery
under comparable feedback and inference budgets. We examine three settings: without unit test cases
(Section[4.2), with them (Section[d.3), and a generalization setting with disjoint search and evaluation
tasks (Section[4.4). Across all three, we find that harness evolution does not consistently outperform
simple test-time discovery, and that its advantage does not generalize when the search and evaluation
tasks are disjoint.

4.1 Experimental Setup

Benchmark and Models Following prior work [Lee et al., 2026, |Lin et al., 2026, |[Zhang et al.,
2026]], we evaluate on Terminal-Bench 2.1 [Merrill et al.l [2026]], a verified revision of Terminal-
Bench 2.0. It repairs 28 of the 89 tasks, correcting external dependency drift, resource budget
mismatches, and instructions misaligned with their tests, while keeping the suite at 89 terminal tasks,
providing a more accurate assessment of code agents. We experiment with three frontier models:
Claude Opus 4.6, GPT-5.4, and GPT-5.4 mini. Unless otherwise noted, every model is run with a
maximum generation budget of 128k tokens and a high reasoning effort setting. To reduce variance
from stochastic rollouts, all results are averaged over two independent runs.

Implementation To ensure a fair comparison, both Harness Scaling and Harness Evolution are
initialized with the same initial harness used in AHE [Lin et al.| |2026|, denoted by h;. We also
use this harness as the fixed harness h for Parallel Sampling and Sequential Refinement. For AHE,
we sample one rollout per task for each harness, setting m = 1, to match the rollout budget across
methods. We use a compute budget of K = 5 across methods.

4.2 Without Unit Test Cases, Automatic Harness Evolution Underperforms Test-Time Scaling

We first present results in the setting where unit test cases are unavailable. In this setting, the agent
must rely solely on its own generated trajectories to revise either its solution trajectory or its harness.
For parallel methods, the final answer is selected by a self judge over multiple sampled candidates. For
sequential methods, the final answer is taken from the last refinement step. This setting therefore tests
whether the agent can improve through self evaluation alone, rather than through explicit correctness
signals.



Method Claude Opus 4.6 GPT-54 GPT-54mini Average

direct sampling using initial harness 69.9 75.3 59.4 68.2
Test-Time Scaling
Parallel Sampling 74.7 79.2 62.9 72.3
Sequential Refinement 73.0 73.0 61.8 69.3
" Automatic Harness Evolution |
Harness Evolution 71.4 69.7 61.3 67.4
Harness Scaling 76.0 78.1 61.2 71.8

Table 1: Experimental results on Terminal-Bench 2.1 when unit test cases are unavailable. All results
report pass@1. Best results in bold and second best in underline. Under this setting, automatic
harness evolution algorithms underperform simple test-time scaling methods.

Table [1| shows the results. Overall, automatic harness evolution does not deliver a stronger perfor-
mance gain than test-time scaling methods, and its effectiveness varies substantially across models.
Parallel Sampling is the most consistent approach, improving the average score from 68.2 to 72.3
and yielding gains on all three models. Sequential Refinement provides only a marginal average
improvement of 1.1 points and even slightly degrades GPT-5.4 relative to direct sampling. In contrast,
Harness Evolution fails to outperform the direct sampling baseline on average. The degradation is
most pronounced on GPT-5.4, where performance drops sharply from 75.3 to 69.7, indicating that
iterative harness revision can actively hurt a strong model when the revision process is guided only
by the agent’s own judgment. Harness Scaling partially closes this gap, reaching the best single result
on Claude Opus 4.6 and a competitive average of 71.8.

Taken together, these results suggest that, in the absence of unit test cases, even very strong agents
struggle to reliably extract useful learning signals from their own trajectories to revise the harness.
Self generated feedback is noisy, and sequential revision based on such feedback risks compounding
early mistakes. Simpler parallel sampling proves more effective in this feedback limited setting. This
indicates that harness revision likely requires a reliable external correctness signal to ground the
revision process.

4.3 With Unit Test Cases, Automatic Harness Evolution Underperforms Test-Time Scaling

Claude Opus 4.6 GPT-54 Average

Method pass@1 pass@5 pass@l pass@5 pass@l pass@S5S
direct sampling using initial harness 69.9 - 75.9 - 72.9 -
Test-Time Scaling

Parallel Sampling 84.8 84.8 87.1 87.1 86.0 86.0

Sequential Refinement 83.1 90.4 85.4 93.3 84.3 91.8
Automatic Harness Evolution

Harness Evolution 73.0 83.2 78.6 89.3 75.8 86.2

Harness Scaling 83.1 89.9 82.0 88.8 82.6 89.3

Table 2: Experimental results on Terminal-Bench 2.1 when unit test cases are available. Best results
in bold and second best in underline. Automatic harness evolution algorithms still underperform
test-time scaling baselines in this setting, on both pass@1 and pass@5.

Second, we compare all methods under the setting where unit test cases are available. In this case, the
unit test cases are used both as feedback for iterative refinement and as an oracle for selecting the final
trajectory. Because oracle selection allows the best candidate among multiple sampled trajectories to
be identified, reporting pass@5 becomes meaningful alongside pass@1, and we therefore report both
metrics under this setting.

As shown in Table 2] we observe a similar trend under this setting. All test-time scaling and
automatic harness evolution methods substantially improve over direct sampling with the initial
harness, confirming that unit test feedback helps regardless of the mechanism. However, neither
Harness Evolution nor Harness Scaling outperforms the simpler baselines on either metric. On



pass@ 1, Harness Evolution barely improves over direct sampling, while Parallel Sampling achieves
the best average of 86.0. On pass@5, Sequential Refinement remains the strongest method with an
average of 91.8, surpassing Harness Evolution (86.2) and Harness Scaling (89.3) on both models.

If harness revision genuinely produced better harnesses, we would expect the improvement to be
reflected in pass@1. Instead, the benefit only materializes when we can select among multiple
trajectories. This suggests that existing harness evolution algorithms do not reliably enable the agent
to solve previously unsolved tasks through improved harness design. Rather, their gains largely stem
from making multiple attempts, an effect that Parallel Sampling and Sequential Refinement achieve
more directly and more effectively. This further indicates that refining solutions is a more productive
use of extra compute than revising the harness itself.

4.4 Harness Evolution Fails to Generalize Beyond Training Tasks

Method Claude Opus 4.6 GPT-5.4 Average
direct sampling using initial harness 63.3 72.1 67.7
" Harness Evolution 645012 7216000 | 683006

Table 3: Experimental results on Terminal-Bench 2.1 with disjoint search and evaluation tasks. We
perform Harness Evolution on a training set with unit test cases, select the resulting harness based
on validation performance, and report pass@1 on the test set. Compared with the pass@]1 test
results using the initial harness, Harness Evolution yields no significant gains, suggesting limited
generalization and a strong tendency to overfit the search set.

Third, we evaluate the generalization ability of Harness Evolution, namely whether a harness evolved
on one set of tasks can transfer to unseen tasks. Specifically, we split Terminal-Bench 2.1 into 45
training tasks, 10 validation tasks, and 34 held-out test tasks. We run Harness Evolution on the
training set, select the best evolved harness based on validation performance, and evaluate it on
the test set. The other three methods are not directly applicable in this setting, since they rely on
instance-level scaling or refinement rather than producing a reusable artifact.

As shown in Table 3] the evolved harness yields only marginal gains over the initial harness on the test
set: it improves Claude Opus 4.6 by a mere 1.2 points and brings no improvement at all on GPT-5.4,
resulting in an average gain of just 0.6 points. This stands in sharp contrast to the improvements
Harness Evolution achieves when evaluated on the same tasks it is optimized on, as reported in
the previous experiments. The discrepancy suggests that the revisions discovered during evolution
encode task-specific shortcuts rather than genuinely better harness design principles. In other words,
current harness evolution algorithms exhibit limited generalization ability and appear prone to severe
overfitting to the training tasks.

5 Discussion

5.1 Rational Harness Edits but Marginal Gains

To understand where the gains and limits of automatic harness evolution come from, we take a closer
look at the trajectories produced by Harness Evolution and Harness Scaling. Specifically, we examine
what the meta agent modifies at each iteration, which changes are kept or rolled back, and which
failure classes the changes target. We find that while the meta agent makes rational, well motivated
edits across the prompt, middleware, and tool layers, a stable core of hard tasks remains unaffected,
and the resulting improvements stay limited beyond simple test-time discovery baselines.

Harness Evolution Under Harness Evolution, the meta agent’s first move is usually at the prompt
layer, adding behavioral rules to the system prompt and long-term memory that target recurring
failure classes, such as instructions to produce deliverables early with greater budget awareness, to
copy fragile state before mutating it, and to recheck task constraints before finishing. When such
advisory text plateaus, the meta agent escalates to runtime enforcement through middleware, such as
turn budget trackers that remind the agent to ship output once turn or time thresholds are reached,
truncation of oversized tool outputs, and finalization gates that block completion when deliverables



are missing or unverified. It also edits the tool layer, correcting misleading tool guidance and injecting
recovery hints at command execution time.

Harness Scaling The dominant modification pattern in Harness Scaling is to encode knowledge
about specific failures from previous rollouts into the next iteration’s prompt or long-term memory.
For example, the meta agent records known bugs, implementation templates, verification checks, file
paths, and command sequences for particular tasks. It also frequently improves workflow efficiency.
Many changes replace repeated polling, exploratory commands, or slow setup sequences with compact
command plans: batching installation and verification commands, skipping unnecessary environment
detection, allowing longer shell timeouts for slow package installations, and prescribing workflows
with explicit message budgets (Appendix B]). These changes are especially helpful for tasks where the
agent already knew the correct high level solution but lost time or failed due to timeouts, excessive
polling, or incomplete setup. Another common class of edits strengthens verification behavior.
The meta agent adds syntax checks, unit tests, or local checks that mimic the verifier before final
submission.

Despite the breadth of these modifications, the overall improvement remains limited relative to
test-time discovery baselines. The core issue is that most edits memorize fixes rather than distilling
strategies. Much of this information is precisely what a competent agent can rediscover through
exploration within a single rollout, so persisting it in the harness saves time on tasks the agent could
already solve but rarely converts failures into successes. Meanwhile, the stable core of hard failures,
which stem from deep domain reasoning demands or constraints outside harness control, remains
unaffected by accumulated knowledge, and the growing volume of persistent prompt text introduces
context bloat that can offset the remaining gains.

5.2 Task Difficulty and Harness Sensitivity as Factors

Following prior work, we evaluate all algorithms on Terminal-Bench and find that automatic harness
evolution is often less effective than simple methods that scale computation at test time. While this
may simply reflect that current models are not yet capable enough to revise the entire harness, in
which case stronger priors could help, we offer two additional explanations for this result. First,
agents already achieve relatively high scores on Terminal-Bench, and the small set of remaining
failures may stem from limitations in the underlying model rather than deficiencies in the harness.
Second, Terminal-Bench may simply not be very sensitive to harness design: a minimal setup
consisting of a shell tool and a basic prompt already suffices for most solvable tasks, so performance
is bottlenecked by the model’s reasoning rather than by the surrounding scaffolding. Modifying
prompts, tool configurations, or middleware therefore yields only marginal gains.

These observations suggest that the value of automatic harness evolution is likely task dependent. We
therefore encourage future work to study its effectiveness on benchmarks that satisfy two conditions:
(1) the tasks are difficult enough that current agents leave substantial headroom for improvement, and
(2) performance depends heavily on the harness, as when specialized tools, skills, or workflows are
crucial to success. Under these conditions, a better harness can effectively expand the set of problems
an agent can solve.

6 Conclusions

We study how automatic harness design for LLM agents is evaluated and observe that current methods
commonly use feedback from unit test cases to search over harness configurations, then report final
performance on the same public benchmark. This practice conflates genuine advances in harness
design with simple baselines that perform discovery at test time, and introduces a risk of overfitting.
Comparing automatic harness evolution against test-time discovery baselines under a unified budget,
we find that it does not consistently outperform these baselines and that its gains generalize poorly
beyond the training distribution. These findings suggest that current evidence for automatic harness
evolution should be interpreted with caution, highlighting the need for fairer evaluation protocols for
automatic harness design.
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A Experimental Details

A.1 Initial Harness

All four methods initialize the code agent from an identical minimal harness: the model is granted
access to a single bash tool and nothing else, without skills, middleware, or persistent memory.

A.2 Summarization Map

To distill actionable evidence from raw rollout trajectories, we employ the Agent Debugger, a
summarization agent introduced in the AHE framework [Lin et al., |2026]. Given multiple traces
collected for each task, the Agent Debugger frames the trajectories as a navigable environment of
files, where each trajectory message resides in its own file and is explored through generic shell and
scripting tools. Traces that share the same query are grouped into a single environment, and the
debugger is tasked with identifying the root cause of each failure or the pattern behind each success.
Its findings are written to an analysis report for every task, annotated with pass or fail status, and then
aggregated into a benchmark level overview that serves as an entry point for downstream analysis.
The original traces remain available in both raw and lightly processed form, so claims in the reports
can be verified on demand. All of this content is exposed as files that support progressive disclosure,
which reduces token consumption while preserving access to full detail when needed.

A.3 Agentic Harness Engineering (AHE)

Explore Agent AHE ordinarily couples two components: an explore agent that retrieves harnesses
tuned for the benchmark under evaluation from external sources, and an evolution loop that proposes
and refines the harness from the feedback collected on the benchmark itself. Because the explore
agent imports benchmark-specific harnesses rather than discovering improvements from feedback, it
conflates reusable harness evolution with retrieval of solutions already fitted to the evaluation tasks.
We therefore disable it and retain only the propose and refine loop, so that every reported gain is
attributable to evolution over the feedback signal rather than to externally sourced, benchmark-specific
harnesses.

A.4 Configuration

The full configuration used throughout is listed in Table 4} these values come from a snapshot of
the reference run and remain fixed in every experiment. Each rollout executes in its own freshly
provisioned E2B remote sandbox.

A.5 Evaluation Metrics

pass@1 Our primary metric is pass@1. Let D denote the task set with & rollouts per task, and let
ri; € {0,1} denote the binary reward of rollout j on task ¢. The pass@]1 score is the average reward

over all rollouts:
D]k

pass@Ql = k\D|ZZ i, (H

=1 j=1

Rollouts that terminate on an infrastructure exception, such as a sandbox crash or an API timeout, are
scored as r = 0 rather than excluded from the average.

pass@k To measure how much repeated sampling helps, we additionally report pass@Fk, the
fraction of tasks solved by at least one of the k rollouts, in the setting where unit test cases are

available (Section @.3):
D]

1
ass@Qk =
P |D\ de{l Kk}

The same scoring convention applies: rollouts lost to infrastructure exceptions count as failures.
Since a single success suffices for a task to count as solved, pass@5 upper bounds pass@1, and the
gap between the two reflects the variance of the agent across independent attempts.

T g )
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Agent Hyperparameter Value
Code Agent Model Claude Opus 4.6 / GPT-5.4 / GPT-5.4 mini
Reasoning effort high
Max context 200,000 tokens
Max generation per turn 128,000 tokens
Max model turns 300
Agent Debugger Model Claude Opus 4.6 / GPT-5.4 / GPT-5.4 mini
Reasoning effort high
Max context 200,000 tokens
Max generation per turn 128,000 tokens
Max model turns 25
Context compaction threshold  0.75
Retry attempts 3
Retry backoff 2.0s
Meta Agent Model Claude Opus 4.6 / GPT-5.4 / GPT-5.4 mini
Reasoning effort high
Max context 200,000 tokens
Max generation per turn 128,000 tokens
Max model turns 500
Context compaction threshold  0.75

Table 4: Experiment configurations.

B Case Study

Figure [3| presents representative examples of the modifications the meta agent applies to the harness.
These modifications target recurring weaknesses observed in failed rollouts, including fragile setup
and build procedures, wasteful polling loops and short shell timeouts, unsafe cleanup behavior,
unpinned dependency versions, incorrect assumptions about data formats, destructive inspection of
state that must be preserved, misconfigured embedding prompt types, and attempts by the agent to
weaken tests. Notably, many fixes take the form of task-specific rules and facts embedded directly
into the prompt, such as prescribed command orderings and verified dataset properties, echoing our
earlier observation that edits tend to memorize fixes rather than distill general strategies. As discussed
in Section @ however, although these edits are individually reasonable, the stable core of hard
failures remains unaffected.
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caffe-cifar-10: timeout -> pass at iter 2

1 - foreground apt-get + Makefile detour + slow Cl FAR polling |oop
2 - repeated sleep/check turns; training never started before tineout
1 + force background installs and |ogs; use cmake-first legacy Caffe path
2 + use Python/Keras Cl FAR source first; avoid polling |oops
3 + result: exception -> PASS (iteration 2 onward)
cancel -async-tasks: fail -> pass at iter 2
1 - cancel all unfinished tasks again after gather cancellation
2 - async finally blocks can receive a second Cancel | edError
g - agent weakened tests after seeing unexpected cleanup behavior
1 + add t.cancelling() guard before cancel ()
2 + enbed reference run_tasks pattern and "do not weaken tests" rule
3 +result: FAIL -> PASS (iteration 2 onward)
conpi | e-conpcert: fail -> pass at iter 3
1 - installed wong Coq version first; rebuilt after discovering bounds
2 - short shell tineout and sleep polling consuned build budget
3 - functional test ran before nake install, causing link failures
1+ install Cogq 8.16.1 directly and increase shell tineout
2 + smart wait |oop replaces repeated sl eep conmands
3 + run nake install before cconp functional tests
4 + result: FAIL -> FAIL -> PASS (iteration 3 onward)
count - dat aset-tokens: fail -> pass at iter 2
1 - concatenat ed reasoni ng+sol ution before tokenization
2 - tokenizer.encode used default special-token behavi or
3 - answer drifted to 79566 instead of verified separate-field count
1 + make separate-field tokenization the first mandatory rule
2 + use add_speci al _t okens=Fal se and show correct/w ong code patterns
3 + enbed dataset config/domain/colum facts directly in pronpt
4 + result: FAIL -> PASS (iteration 2, 4, 5)
db-wal -recovery: fail -> pass at iter 2
1 - opened sqlite3 and ran PRAGVA wal _checkpoint before backup
2 - corrupted WAL was del eted; rest of run tried unrecoverable forensics
3 - later passing run risked not witing fixed WAL back to /app/ main. db-wal
1 + never open SQLite before backing up .db/.db-wal/.db-shm
2 + prohibit wal _checkpoint; repair binary WAL before querying
3+ require witing fixed WAL back and verifying all 11 records
4 + result: FAIL -> PASS (iteration 2 onward)

nteb-retrieve: four fails -> pass at iter 5

1 - encoded query and passages identically with sane task_nane
2 - LongTer MVEMORY over - prescri bed STS22/ T2Retrieval wi thout pronpt_type
3 - agent repeated sane ranking |oop across four failed iterations

1 + use MTEB Pronpt Type. query for query enbeddi ng

2 + encode passages with passage/default pronpt type

3 + add diagnostics: inspect enumvalues and print full ranking

4 + result: FAIL x4 -> PASS (iteration 5)

Figure 3: Examples of harness modifications made in Harness Scaling.
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