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ABSTRACT

Agent harness evolution enables recursive self-improvement (RSI) without updat-
ing model weights. We examine whether higher benchmark scores yield reliable,
efficient, and transferable improvement. We evaluate four methods across har-
nesses, general and coding tasks. Repeated evaluations, controlled agent expansion,
component interventions, and admission replays reveal recurring patterns. All
sixteen evolved agents gain previously uncovered tasks while losing previously
covered ones. In one general-task case, reliability rises by 5.2 points despite losing
ten previously covered tasks. Most reliability gains also increase deployment
cost. Specific changes usually outperform generic reminders, but their benefits can
change when combined. The highest-scoring agent does not yield the largest mean
improvement in any of our four pools, and stricter admission can discard useful
alternatives. Transfer selectively preserves gains: coverage usually falls on the
general-task target across both harness types and paradigms, but rises on the coding
target with the outer-layer-only harness. These findings motivate preservation-
aware evaluation, tested decision rules, and explicit applicability conditions. As a
constructive follow-up, EvoAudit turns these diagnostics into revisions of select,
analyze, mutate, and gate, achieving the best performance. Our code is available at
https://anonymous.4open.science/r/evolution.

1 INTRODUCTION

Recursive self-improvement (RSI) studies agents that iteratively revise their own designs based on
experience (Zelikman et al., 2024} |Hu et al., [2025; Zhang et al., 2026b). Agent harness evolution
offers a concrete form of this idea for language-model agents: it keeps model weights fixed while
persistently changing the surrounding system that shapes observations and turns model outputs into
actions (Lin et al., [2026a}; [Zhang et al.,|2026c). Depending on the harness, these changes can target
prompts, skills, tool interfaces, orchestration, or source code, going beyond static prompting and
memory-based adaptation (Shinn et al., |2023]; [Wang et al.,[2024). Recent frameworks close the loop
between execution, diagnosis, mutation, and evaluation, reporting gains on standard benchmarks (Hu
et al., |2025; Shang et al.| [2025} [Zhang et al., [2025a)). These benchmark gains suggest that harness
evolution is a promising avenue for pursuing RSI.

However, a higher overall benchmark score do not mean a more useful agent. It averages over tasks
and trials, so newly solved tasks can conceal lost ones, while deployment cost and performance
beyond the tasks that guided evolution remain unseen (Gao et al.,[2026; |Wang et al., [2026; |[Kapoor
et al.,|2025). Relying on that score alone can favor brittle or expensive agent versions and mistake
adaptation to the tasks used during evolution for general improvement. Meaningful progress instead
requires gains that are reliable across tasks, affordable to deploy, and effective on tasks that did not
guide evolution. We aim to explain which persistent harness changes produce useful gains and how
evolution generates and preserves them.

We organize our empirical investigation around three research questions:

* RQ1 (Phenomenology): Does agent evolution yield reliable and efficient improvements, or does it
suffer from task-coverage trade-offs and hidden costs?

* RQ2 (Generalization): Do the gains achieved during evolving survive when the agent is deployed
in novel environments or tasks?
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* RQ3 (Mechanisms): How do specific evolutionary operators contribute to the generation and
preservation of beneficial modifications?

We study AHE (Lin et al.,[2026a)), HyperAgents (Zhang et al., 2026c), A-Evolve (Lin et al., |2026b),
and GEPA (Agrawal et al.,|2026) with MiniSWE (Yang et al., |2024) and Codex (OpenAll [2026) on
73—Banking (Shi et al., |2026)) for general tasks and Terminal-Bench 2 (Merrill et al.;[2026) for coding
tasks. Repeated evaluations compare evolved and initial agents in reliability, empirical coverage,
regressions, and deployment cost. Split and cross-benchmark comparisons assess generalization,
while controlled expansion of existing agents, change interventions, and admission replays trace how
gains arise and persist.
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Figure 1: The agent harness evolution procedure (left) and our analyses of Phenomenology, General-
ization, and Mechanisms (right).

Harness evolution redistributes task success, with new coverage accompanied by regressions across
harnesses, task domains, and evolution paradigms. The practical value of these gains depends on
deployment cost and whether they persist beyond the tasks that guided evolution. Specific changes
usually outperform generic reminders, yet combining them can alter their value. The strongest
existing agent need not offer the greatest further improvement, and stricter admission can discard
useful alternatives. Useful improvement therefore requires productive starting points, compatible
changes, and search decisions that preserve gains.

We connect these findings to operator redesign as a constructive follow-up. Analyses of Phenomenol-
ogy, Generalization, and Mechanisms jointly guide revision hypotheses for select, analyze, mutate,
and gate. Each hypothesis specifies its supporting evidence, expected effects, and applicability
conditions. We combine these revisions into Audit-Guided Evolution (AGE) to test their practical
value.

Our contributions can be summarized as:

* Revisiting Practical Improvement. We reveal a gap between benchmark gains and practical
utility, showing that useful improvement in agent harness evolution requires preserving useful
behavior, managing deployment cost, and sustaining gains beyond the tasks that guide evolution.

* Understanding the Fragility of Gains. We identify productive agent selection, change compati-
bility, and search retention as central challenges. Current performance can misrepresent further
improvement potential, useful changes can interfere, and admission can discard stronger versions.

* Improving Evolution Through Analysis. We translate these findings into coordinated revisions
of diagnosis, mutation, selection, and admission. The resulting AGE algorithm improves reliability
and coverage over its reference method across both benchmarks and harnesses.

2 PRELIMINARIES

2.1 DEFINITIONS

An agent A = (M, H) consists of a frozen model M and a harness H. Following|Lin et al.| (2026al);
Agrawal et al|(2026)), an evolution algorithm E starts from a Seed Ag = (M, Hp) and runs for G
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generations. At generation g, a Parent is an eligible existing agent selected for modification, and C,
contains the resulting proposed harnesses. Each H € C, defines a Candidate agent (M, H). The
final Champion is A, = (M, H,.):

G
Cg :E(H<gaz<97DeVO§Bevo)7 H, = Q({HO}U U Cg) ) (D
g=1
where H_ is the history of harness versions before generation g, Z is their evaluation evidence,
Devo is the task set available during evolution, and B.y, is the search budget. The rule () selects the
final Champion harness from the archived versions.

2.2  EXPERIMENT SETUP
2.2.1 EVOLUTION PROCESS AND METHODS

Methods and Harnesses. We evaluate AHE (Lin et al., [2026a), HyperAgents (Zhang et al.|
2026c¢)), A-Evolve (Lin et al., [2026b)), and GEPA (Agrawal et al.,[2026) using GPT-5.4. AHE and
HyperAgents are implementation-centric recipes that emphasize agent engineering, whereas A-Evolve
and GEPA are reflection-centric recipes that distill execution feedback into reusable changes. We run
each recipe with two harnesses. MiniSWE 2.4.5 (Yang et al., 2024) is source-editable and permits
inner-source changes. Codex 0.143.0 (OpenAll 2026)) is outer-layer-only and permits changes to
prompts, skills, configuration, and external orchestration. These combinations let us examine different
evolution designs under a common process. Appendix [B|details their implementations.

In this common process, each recipe specifies how seven operators are implemented: select chooses a
Parent, rollout collects execution evidence, analyze diagnoses it, and mutate proposes a Candidate.
The validate operator optionally checks the proposal, gate decides admission, and record archives
outcomes. We focus the mechanism analysis on select, analyze, mutate, and gate because their
decisions determine which Parents are used, how evidence guides changes, and which Candidates
persist.

Figure[T] connects this operator process to the study’s empirical comparisons. The Phenomenology
analysis characterizes gains and regressions through repeated task evaluations. The Generaliza-
tion analysis examines how these gains vary across original splits and external benchmarks. The
Mechanisms analysis examines Parent improvement potential under a common generation process,
Component interactions, and admission decisions on frozen pools.

2.2.2 BENCHMARKS AND EVALUATION METRICS

Benchmarks. General tasks are represented by 7-3-Banking (Shi et al., 2026), with 97 tasks,
and coding tasks by Terminal-Bench 2 (Merrill et al.| [2026)), with 89 tasks. Both are split into
Train/Validation/Test. Evolution uses Train/Validation evidence for search and admission, while Test
is reserved for Seed and Champion evaluation.

Performance. Let D be an evaluation task set with N = |D| tasks, each executed once per pass
over k passes. The outcome Y;,;(A) € {0, 1} indicates whether agent A succeeds on task 7 in pass .
With I[-] an indicator function, Reliability (Avg@Xk) and Coverage (Pass@Kk) are:

Nk N
1 1
AvgQk = NE g E Y,.i(A), PassQk = i g I { max Y,;(4) =1]. (2)

‘ 1<i<k
n=11i=1 n=1

Task turnover counts coverage gains and losses relative to Seed. Std@¥ is the population standard
deviation of per-pass success rates.

Cost. Each model call g costs ¢(q). A task execution ¢ costs ¢, the sum of these charges over the
agent’s calls. Evolution cost Cey, sums costs over the set of evolution calls L. For deployment,
Ty contains executions of A on D with recorded costs in the first k& passes. Their mean cost is Eélz)p.
Multiplying it by k gives the estimated per-task deployment cost Cgep @k:

1
Coo= Y clg), ey (A;D) = Al 3 e, Cap@k(A;D) = k) (A4;D).  (3)
q€Levo L teTh
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3 PHENOMENOLOGY: REVISITING WHAT HAS BEEN EVOLVED

In this section, we compare each frozen Champion with its matching Seed in reliability, empirical
coverage, task-level transitions, and deployment cost. Table [I|reports eight-pass aggregate results,
Figure 2] shows paired task-level success counts, and Figure 3| relates Pass@Fk to Cqcp, @k for k =
1,2, 4, 8 using the same canonical trials. Appendix [C|provides detailed comparisons and stability
checks.

3.1 OVERALL RELIABILITY AND EMPIRICAL TASK COVERAGE

Table 1: Reliability and empirical coverage across eight passes. Generation 0 is the Seed; later entries
give the selected Champion’s Generation. Scores are percentages and deltas are percentage points.

Benchmark Harness Variant Generation Avg@8+ Std AAvg Pass@8 APass
Seed 0 27.4+£3.1 54.6
AHE 2 32.9£3.9 5.4 66.0 +11.3
MiniSWE  HyperAgents 9 32.6+4.1 +5.2 57.7 +3.1
A-Evolve 1 26.3+2.5 —1.2 55.7 +1.0
3 . GEPA 11 28.2£2.3 +0.8 58.8 +4.1
7°-Banking
Seed 0 30.3£4.3 56.7
AHE 15 36.2+£3.4 +5.9 62.9 +6.2
Codex HyperAgents 18 36.9+2.5 +6.6 66.0 +9.3
A-Evolve 1 28.1+2.9 —2.2 57.7 +1.0
GEPA 5 29.5£3.2 —0.8 53.6 -3.1
Seed 0 65.9£4.8 - 86.5 —
AHE 18 70.2+2.3 +4.4 87.6 +1.1
MiniSWE  HyperAgents 17 67.7£3.2 +1.8 85.4 -1.1
A-Evolve 4 68.0+2.9 +2.1 86.5 0.0
Terminal-Bench 2 GEPA 20 68.5£3.5 +2.7 88.8 +2.2
Seed 0 69.9£2.3 — 89.9 —
AHE 20 72.1+34 +2.1 91.0 +1.1
Codex HyperAgents 18 72.6+3.9 +2.7 86.5 —-34
A-Evolve 2 68.0+1.7 —2.0 87.6 —2.2
GEPA 15 68.1+4.7 —1.8 86.5 —3.4

Aggregate Improvement Is Not a Single Outcome. Table|l|[shows reliability and coverage gains
in eleven and ten of sixteen lineages, respectively. Four move the metrics in opposite directions
across both harnesses, domains, and paradigms; another improves only reliability. Consistency and
empirical reach are therefore distinct outcomes that aggregate improvement claims should separate.

3.2 COVERAGE Is A FLow

Evolution Redistributes Success. All sixteen Champions in Figure [2| gain and lose covered tasks,
and increase repeated success on some tasks while decreasing it on others. This pattern spans both
harnesses, domains, and paradigms: even when both aggregate metrics improve, coverage does not
expand monotonically. Gains and losses should therefore be reported separately. Appendix [C.2] gives
further analysis.

Behavioral Changes Behind Task-Level Gains and Losses. We inspect contrasting traces for tasks
with large success-count changes. Across the sampled harnesses, domains, and paradigms, recurring
differences concern state preservation, precise grounding, and task completion. Successful traces
preserve recovery files and respect action dependencies, while failures include incorrect arguments,
premature termination, and solutions that work locally but fail in the required environment. These
contrasts motivate preservation and end-to-end checks rather than equating every outcome flip with
acquired or lost task knowledge. Appendix [C.3|provides the categories and case evidence.

3.3 RELIABILITY AND DEPLOYMENT EFFICIENCY

Per-Trial Cost and Deployment Efficiency Can Diverge. Eight of eleven reliability-improving
Champions cost more per trial than Seed; the three lower-cost gains use the source-editable harness on
coding tasks. Yet Figure [3]shows that higher per-trial cost can coexist with fewer attempts and lower
cost to reach comparable coverage. MiniSWE with AHE on 73-Banking reaches 56.7% coverage in
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AHE HyperAgents A-Evolve GEPA
gain:15 loss:4 net:+11 gain:13 loss:10 net:+3 gain:7 loss:6 net:+1 gain:10 loss:6 net:+4
8 1 2[5 3] | 1[3[a[a]] | 2 ,3’2 1 [3%]] | 37
7 111235 1 1] |32 2131 1 3 24(% 35
w 6 13 2 2 3 21 1 21
3 52 111 2 2 1 21 1 1221 11 12 .
W 43 1] 21 1 12 " 1 55 1 1 |1 49
£ 3012/a - 46| [212/2]. ] |1 |1 11311 |2 1117 (2] |1
= 20322 |1 1 3111 13 4 1 123 F25 9
16 7721 432 552 1 8 53 1 |1 v
X L 22 ©
opg22 16 @72 1 il EIE il OIF g (T
gain:12 loss:6 net:+6 gain:11 loss:2 net:+9 gain:9 loss:8 net:+1 gain:6 loss:9 net:-3 S
8 2(2/2/6|| | 1] (1] 1] [1]5]FF 212,3’? 3,5’; 2
7 1 13 |3 1 352 3a 1 2[1]3]|2 212 RENS
6 BB 3.1 3 BB 2
3 5|21 12 (12 211 111 1 w0 | 2 322 L 10
o T 421 11 1 211 1.4 |21 111 [1]/52
983221,2’ 2 45 1s(1/x] [1 46 2111 23122
o 211312 |1 321321 3113 11]1 1 1 rs
ﬁ 115 2] 1 4111 6 1]3 2 |1 34 (33722 25
4 of1a 1 1 i 17 71 432 Lo
S gain:4 loss:3 net:+1 o gain:3 loss:4 net:-1 o gain:2 l0ss:2 net:0 o gain:4 loss:2 net:+2 o
2 g[1[1[1] [1[2[11123 | | 1 21020 | | 1] 1024 | [1 2] 1120 | 32
o 7 2| |12 34|32 2 132930 113/6/3(25 11 (24430 [I30
g—u.ls 1 11712 212 |3 1211211 1/1/14/1a
53 5 1 1 1 1 11 1 1 2 1
SV 4 12 1 1 3a 2 n 1112 t25
£ 3 1721 1 |38 11 11 17111 1 1 L
= 2012 - 1 1.71/2]1 2 111 1 )
2] 1 1 10 |32 25 [2]3]1 321 18 r20@
o812 1 1 911 1 1 2 16 g1 1 hat
gain:5 10ss:4 net:+1 o gain:2 loss:5 net:-3 o gain:1 loss:3 net:-2 o gain:2 loss:5 net:-3 o S
7 m e | rl5 o
8[ [1 171629 [~ EIESEIENES - [ 1717680 15 1 72515 2
7 2 |68 1/2 3[3 1| |5/5 1 2/1 29 g
6 1 22 1j1] (111 1 [1]1]1 11 [1]2/1]2 102
551 1 |1 2732 1j172(12| 0 11712 1|39
B 4 1(37 (21| |la7 |2 2 1||a7 11 (111 1 (12 |1
8311 B 11 1 “T2]1 2]2]1 1 1 Ls
211 (2] 1 1 1 55 1111
1121 |1 - 1 20 |12]2]2]1 25 (171 1] |1 32
olala R EAEIE] R E] IR EAE] L Lo
012345678 0123456738 0123456738 012345678
Seed successes (0-8)

Figure 2: Task-level Seed-to-Champion transitions on 73-Banking (blue) and Terminal-Bench 2
(orange). Each cell reports the number of tasks with the corresponding Seed and Champion success
counts. Right-hand bars group tasks by whether the Champion succeeds more than, the same as, or
less than the Seed. Non-origin cells on the left or bottom edges indicate gained or lost coverage.

3-Banking Terminal-Bench 2
70 AHE k=4 70 HyperAgents k=4 90 95
65 0 85
. 85
~
50
% Seed k=8 75 75
8% Seed k=8 40
65
35 30 65
25+ T T T T 20+ T T T T 55+ 55+ T T T T
2 4 6 8 0 2 4 6 8 0 0 2 4 6 8
(a) MiniSWE (b) Codex (c) MiniSWE (d) Codex

Caep@k (USD)

—e— Seed —e— AHE —e— HyperAgents —e— A-Evolve —e— GEPA

Figure 3: Coverage—cost curves for MiniSWE and Codex on both benchmarks. Points pair PassQk
with Cep @K from Equation3|for k = 1,2, 4,8.

four passes, exceeding Seed’s 54.6% in eight at lower deployment cost. Practical efficiency therefore
depends on both cost per attempt and the attempts needed to attain a given coverage level.

4 GENERALIZATION: REGULARIZING THE BENEFITS OF EVOLUTION WITHIN
A CONTROLLABLE BOUNDARY

Table 2] compares frozen Champions with matching Seeds across evolution splits and external transfer.
Train, Validation, and Test report contributions to the full source-benchmark gain, summing to the
overall change before rounding. Transfer reports gains measured on each external benchmark relative
to its matching Seed. Appendix [D]gives protocols and interpretation.
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Table 2: Seed-relative gains across evolution splits and external transfer in percentage points. Darker
cells indicate larger gains on a shared linear scale.

APass@8 AAvg@8

From evolution data to OOD transfer From evolution data to OOD transfer

Benchmark Harness  Method

Train Validation Test Transfer Train Validation Test Transfer

AHE +317 +41 +41 -0.7 +0.9 1.2/ EE2NT

- HyperAgents | +£2.1  +1.0 00 —-04 +1.7 —-0.1 +40.8

MiniSWE A ’Evolve 0.0 410 00 -03 -17 404 401 414

5 . GEPA +1.0 421  +1.0 415 +04 +05 —0.1 +26
7-Banking

AHE w00 0.0 —0.7 3@ f12 F15 -17

Codex HyperAgents (G4  +1.0 0.0 —-0.7 [+41 +19 405 +03

A-Evolve | +1.0 421 | -21 -10 —14 -03 —05 -20

GEPA —1.0 410 -31 -10 -09 +03 —01 -—14

AHE +11  —11 (411 F18 |[¥290 -04 [F1.8 -23

. HyperAgents —2.2 0.0 +1.1 +03 +08 +0.7 -2.1

MiniSWE \"Evolve 100 —L1 4L1 415 -04 410 —02

Terminal- GEPA N 11 R 27 BN rol I 17

Bench 2 AHE B 2 B 290 14 406 -0.1

Codex HyperAgents 0.0 —22 —1.1 gEXPR SN 1.7 | +0.7 SEs

A‘Evolve  —11 —11 00 +1.8 00 -10 -1.0 -21

GEPA -11  -22 00 NN 108 -11 —15 e

4.1 GENERALIZATION WITHIN THE SAME BENCHMARKS

Gains Often Survive Beyond Direct Feedback. Test reliability improves in ten of sixteen lineages,
including seven of eight implementation-centric cases across both harness types and task domains.
Reflection-centric gains are more harness-dependent: most source-editable cases improve, whereas
all outer-layer-only cases decline. Improvement therefore frequently reaches feedback-excluded
tasks, with systematic differences across harness—paradigm combinations.

4.2 GENERALIZATION CROSS BENCHMARKS

We test general-task transfer from 73 -Banking to the full 72-bench (Barres et al. [2026)), and coding-
task transfer from Terminal-Bench 2 to DeepSWE v1.1 (Huang et al.,[2026). Table |Z| gives Seed-
relative gains and Appendix Table[I4] gives absolute scores.

Transfer Selectively Preserves Gains. Coverage falls for seven of eight Champions on the general-
task target but rises for seven of eight on the coding target, spanning both harness types and paradigms.
Reliability can move in the opposite direction. All source-editable Champions improve general-task
transfer reliability but lose coding-task transfer reliability, despite coverage gains in three coding
cases. Transfer therefore changes the balance between reliability and coverage, so the persistence of
improvement must be assessed separately for each outcome and target.

5 MECHANISMS: TRACING HOW TO DISCOVER AND RETAIN THE
OPTIMIZATION GAINS

5.1 SELECT: CHOOSING WHICH AGENT TO IMPROVE

We test whether select identifies Parents with the great- Table 3: Best Parent selection rates (%).
est improvement potential. Each Champion produces Higher values are bold.

three Candidates through the same A-Evolve analysis
and mutation process. Benchmark Harness  Original Random

Each benchmark and harness supplies one four-Parent 73 Banking MiniSWE  17.5 25.0
pool, with one Train pass shared by each Parent’s three Codex 8.8 25.0
branches. The best Parent maximizes mean Candidgte Terminal-  MiniSWE _ 59.5 25.0
Test Avg@8 minus its own. Table[3|reports its selection  gopch 2
probability. Original averages the native HyperAgents, Codex 55.7 25.0
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A-Evolve, and GEPA rules using Train or Validation evidence; Random samples uniformly. Ap-
pendix [E.T| gives the protocol.

Current Scores Do Not Consistently Identify Improvement Potential. Original falls below the
25% random baseline on general tasks but exceeds 55% on coding tasks, across both harnesses.
This reversal shows that selection signals align with further improvement differently across domains.
Evaluating select therefore requires measuring subsequent gains alongside current performance.

5.2 ANALYZE: IDENTIFYING WHAT THE EVIDENCE SUPPORTS

Tables [ and 5] inform analyze by comparing eight Champions’ Components, functionally related
changes with their dependencies, against generic reminders such as checking tools and verifying
results. Appendix [E.5|defines each Component, and Appendix [E.Z]gives the protocol.

Table 4: Isolated Components versus complete Champions. Appendix [E.5]defines each row’s A and
B. Scores are percentages. Best values are bold.

Avg@8 (%) Pass@8 (%)
Benchmark Harness Method
Seed S_'_ei‘d ie%d Champion  Seed S_'_ej;d S_f%d Champion
.. AHE 28.2 32.1 329 53.6 64.9 66.0
MiniSWE 27.4 54.6
+3-Banking HyperAgents 344 32.0 32.6 59.8 55.7 57.7
AHE 29.6 34.8 36.2 56.7 63.9 62.9
Cod 30.3 56.7
O HyperAgents 372 365 369 67.0 722 66.0
.. AHE 65.9 67.7 69.1 70.2 86.5 88.8 87.6 87.6
. MiniSWE
Terminal- GEPA 65.9 67.3 64.0 68.5 86.5 87.6 86.5 88.8
Bench 2
ene AHE 69.9 70.2 69.9  72.1 89.9 854 865 910
Codex

HyperAgents 69.9 69.1 68.0 72.6 899 899 86.5 86.5

Table 5: Seed versus Seed with a generic reminder. Table 6: Size-normalized best-Candidate

Scores are percentages. retention (%), averaged over four methods.
Avg@Q@8 (%) Pass@8 (%) Retention (%)
Benchmark Harness Generic Generic Benchmark Harness
Seed . Seed . Original Constrained
reminder reminder
+5_Banking MiniSWE 27.4 27.8 54.6 55.7 +_Banking MiniSWE  31.3 25.0
Codex 30.3 28.6 56.7 56.7 Codex 18.8 25.0
Terminal- MiniSWE 65.9 65.9 86.5 84.3 Terminal- MiniSWE  25.0 12.5
Bench2  codex 699 657 899 888 BenhZ o cige 43.8 50.0

Specific Changes Outperform Generic Guidance. Fifteen of sixteen Components outperform their
matching reminders in reliability, with at least one in every case across both harnesses and domains
(Tables BH3). This motivates trace-grounded diagnoses that identify what to change and preserve.

5.3 MUTATE: PRESERVING USEFUL BEHAVIOR WHILE CHANGING THE AGENT

Mutation Quality Depends on How Changes Combine. Six of eight Champions outperform either
isolated Component in reliability, including all coding-task cases (Tabled). Two general-task cases,
one per harness, favor a subset. In one coding case, only the combination improves over Seed.
These patterns motivate mutate to preserve dependencies and check harmful interactions and useful
complementarities in the complete Candidate. Appendix [E.3|reports interaction estimates.

5.4 GATE: DECIDING WHICH CHANGES TO RETAIN

We compare original gate rules with a constraint requiring higher mean success and incumbent-
relative mean regression < 0.05. A retained set R scores 1/|R/| if it contains the reporting-panel best
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Candidate, and zero otherwise. Scores average four method-specific pools per harness; reporting
outcomes remain hidden from decisions.

Admission Constraints Have Harness-Dependent Effects. Constrained admission reduces best-
Candidate retention from fifteen to six pools. Yet its size-normalized score falls for the source-editable
harness and rises for the outer-layer-only harness on both domains (Table[6). The increase reflects
smaller sets retaining a best Seed alone. Admission quality therefore requires inspecting preservation,

set size, and Candidate identity together. Appendix [E-4] gives per-pool results.

6 RECIPES: FROM EMPIRICAL FINDINGS TO OPERATOR DESIGN

Table [7 connects the findings to operator design.

Table 7: Cross-experiment findings and the design hypotheses they motivate.

Integrated Finding

Supporting Evidence

Design Implication

Gains Involve
Trade-offs.

New coverage accompanies regressions
and higher cost (Table[T] Figures [23).

Consider gains, regressions, and cost in
select and gate.

Gains Are
Context-Dependent.

Benefits vary with exposure and transfer
target (Table [2).

Specify applicability in analyze and
mutate.

Generation and
Retention Shape

Current scores, combinations, and
admission can mislead search

Check subsequent gains, trace evidence,
compatibility, and retained alternatives.

Gains.

(Tables EHQ)

6.1 FROM SYNTHESIS TO OPERATOR REVISIONS

We propose EvoAudit, an agent-assisted workflow that runs diagnostics on archived artifacts and

returns operator revisions with evidence and validation records (Figure [).

) ONEC)

Audit- - Audit- > Audit- > Audit- > Audit- > Audit-
Prepare Evaluate Analyze Mutate Validate Gate

Freeze inputs Run diagnostic Ground findings Revise operator Test interfaces Admit revisions
and contracts experiments and hypotheses implementations and regressions or report failure
Frozen inputs Diagnostics Evidence report Revised code Check records Revision bundle

Figure 4: EvoAudit diagnoses archived evolution runs and returns validated operator revisions.

Installing its four revisions in A-Evolve gives Audit-Guided Evolution (AGE). Other operators, model
and evaluator contracts, and harness editing constraints remain fixed. Appendix details the
implementation.

6.2 HUMAN EVALUATION OF THE OPERATOR REVISIONS

Eight experts reviewed all four operator revisions.
Each chose a direction before seeing the proposal, then

Table 8: Expert review of four revisions.

judged its evidence, whether it addressed the stated Measure Mean/ 8
problem, and whether it should enter validation. Ta- Djrection agreement 6/8
ble |§|reports the mean number of experts per revision. Evidence support 6.25/8
Overall, expert judgments broadly align with EvoAu- Problem addressing 6.5/8
dit’s proposed directions and support validating the Proposal endorsement 6.75/8

resulting revisions. Appendix [F.3|details the protocol.

6.3 COMPARISON WITH EXISTING EVOLUTION METHODS

Table[9]compares AGE with the four methods across both benchmarks and harnesses.
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Table 9: Comparison of AGE with existing evolution methods. Score changes are relative to the Seed.
Costs follow Equation [3] with £ = 8 for deployment and 20 generations for evolution.

Benchmark  Harness Variant Reliability Coverage Task Turnover Cost
Avg@8 AAvg Pass@8 APass Gained Lost Deployment Evolution
Seed 274 54.6 6.2
AHE 32.9 +5.4 66.0 +11.3 15 4 7.1 1235.0
. HyperAgents 32.6 +5.2 57.7 +3.1 13 10 6.6 867.0
MiniSWE 4 Evolve 263 12 557 10 7 6 5.5 1057.6
GEPA 28.2 +0.8 58.8 +4.1 10 6 7.9 2262.8
3 . AGE 34.0 +6.6 66.0 +11.3 13 2 6.1 1070.6
7°-Banking
Seed 30.3 56.7 7.9
AHE 36.2 +5.9 62.9 +6.2 12 6 8.9 1385.1
Codex HyperAgents 36.9 +6.6 66.0 +9.3 11 2 8.8 1175.8
A-Evolve 28.1 —2.2 57.7 +1.0 9 8 7.6 1523.6
GEPA 29.5 —-0.8 53.6 -3.1 6 9 7.8 2372.8
AGE 38.1 +7.9 67.0 +10.3 15 5 8.9 1480.8
Seed 65.9 86.5 6.2
AHE 70.2 +4.4 87.6 +1.1 4 3 5.1 853.4
- HyperAgents 67.7 +1.8 85.4 -1.1 3 4 5.3 723.4
MiniSWE 4 Evolve 680 421 865 0.0 2 2 6.3 983.9
GEPA 68.5 +2.7 88.8 +2.2 4 2 5.6 1629.0
Terminal- AGE 71.8 +5.9 89.9 +3.4 5 2 5.2 982.7
Bench 2 Seed 69.9 89.9 71
AHE 72.1 +2.1 91.0 +1.1 5 4 7.8 1065.5
Codex HyperAgents 72.6 +2.7 86.5 —3.4 2 5 8.9 987.2
A-Evolve 68.0 —-2.0 87.6 —2.2 1 3 8.2 1254.1
GEPA 68.1 —-1.8 86.5 —3.4 2 5 8.1 1939.2
AGE 73.5 +3.5 92.1 +2.2 3 1 6.8 1160.5

Combined Revisions Improve Outcomes Across Settings. AGE improves reliability and coverage
over A-Evolve in all four settings and loses fewer Seed-covered tasks in three, tying in the fourth. This
consistency across domains and harnesses supports the practical value of evidence-guided revision.

7 DISCUSSION

Feedback Can Be Narrower Than a Change’s Effects. Harness changes affect many behaviors,
while evaluation samples finite executions and compresses their trade-offs. A prompt, skill, or
execution routine can help the tasks that supply feedback while disrupting behavior elsewhere. This
mismatch offers a common explanation for task regressions, context-dependent change interactions,
and selective transfer. It suggests that practical evolution depends on how well feedback represents
the consequences of a change, including the resources needed to deploy it.

Evidence Must Match the Decision. Current performance, improvement potential, change com-
patibility, and retention are distinct objectives. A high-scoring Parent need not yield the greatest
subsequent gain, a useful Component can interfere with other changes, and a conservative gate can
discard alternatives. Together, the diagnostics show why evidence supporting one decision need not
support the next. Evaluation should test the desired consequence of each decision, rather than reuse
the same aggregate score throughout evolution.

Toward Decision-Specific Feedback. Evaluate select through subsequent gains, ground analyze
and mutate in traces and dependencies, and assess gate through both retained quality and preserved
alternatives. Deployment cost and external evaluation then determine how broadly these benefits
remain useful. EvoAudit and AGE illustrate how these complementary checks can guide a coordinated
redesign while preserving the reference method’s execution and evaluation contracts.

8 CONCLUSION

Our study shows that harness evolution redistributes observed task success, bringing both gains
and regressions. Across harnesses, task domains, and evolution paradigms, practical improvement
depends on productive Parents, compatible changes, preservation through search, and generalization at
affordable cost. EvoAudit connects these findings to operator revisions, and AGE improves reliability
and coverage over its reference method in all four settings. These results motivate evaluating evolution
by the useful behavior it creates and sustains, beyond final benchmark scores.
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AT USE STATEMENT

We used Al tools for language polishing, grammar checking, and improving the clarity, conciseness,
and overall readability of the manuscript. All Al-assisted revisions were reviewed by the authors.

ETHICS STATEMENT

Experiments run in isolated benchmark environments rather than live user-facing services. Evolving
agent instructions and code can introduce regressions and unintended tool use. We retain fixed
evaluation contracts and harness-specific editing permissions, and examine regressions and transfer
alongside aggregate performance. Participants in the human evaluation provided informed consent.
The expert-review protocol evaluates the evidence, reasoning, and proposed approaches for operator
revisions, as described in Appendix [F3] Neither benchmark gains nor expert endorsement establishes
safety for deployment.

REPRODUCIBILITY STATEMENT

Sections and[2.2.2]specify the experimental settings, and the appendices detail recipe implemen-
tations, Component construction, diagnostic comparisons, and transfer protocols. Archived artifacts
link evaluated agent versions to task manifests, split assignments, model and evaluator configurations,
pass identifiers, and execution records.
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A RELATED WORK

Agent Optimization and Evolution. Agent improvement spans inference-time refinement, optimiza-
tion of persistent artifacts, and open-ended self-modification. Reflexion retains linguistic feedback
in episodic memory across trials, whereas Self-Refine iteratively revises the current output (Shinn
et al.| 2023} Madaan et al.,|2023). RAM learns from communications to improve an external memory
system (L1 et al.} 2024). DSPy optimizes language-model programs, and TextGrad propagates textual
feedback through computational graphs (Khattab et al. 2024} Yiiksekgoniil et al.l [2025). Prompt-
breeder evolves both task and mutation prompts, ACE maintains evolving context playbooks, and
CoEvoSkills co-evolves multi-file skill packages with a separate surrogate verifier (Fernando et al.,
2024} Zhang et al.| | 2025b; 2026a). The four approaches examined here make different choices within
this space. AHE exposes editable harness components and uses distilled execution evidence to guide
revisions (Lin et al.|[2026a). HyperAgents makes both the task agent and its modification procedure
editable (Zhang et al.l[2026c). A-Evolve frames deployment-time adaptation as goal-directed opti-
mization over persistent system state (Lin et al.,|2026b)). GEPA combines trajectory reflection for
prompt updates with Pareto selection of complementary candidates (Agrawal et al., 2026).

Harness and Program Evolution. Related approaches also optimize system structure and exe-
cutable code. GPTSwarm optimizes prompt-bearing graph nodes and orchestration edges, while
AgentSquare searches combinations of planning, reasoning, tool-use, and memory modules (Zhuge
et al.} [2024; |Shang et al.| [2025). ADAS uses a meta agent to generate agent programs (Hu et al.,
2025). Self-modification extends to the improvement procedure itself: STOP revises optimizer
scaffolding, and the Darwin Godel Machine evolves its own coding agent (Zelikman et al., 2024
Zhang et al., [2026b). AlphaEvolve instead evolves target algorithm programs using executable
evaluation feedback (Novikov et al.,2025). Recent work also explores optimizers that construct their
own optimization pipelines (Xue & Yang} 2026)). This distinction between improving task solutions,
agent implementations, and optimization procedures motivates separating what changes from how
those changes are generated and retained.

Capability Boundaries and Mechanisms. Empirical studies of reasoning distinguish improved
small-k success from expansion of large-k task coverage (Yue et al.,[2025). Token-level analyses
identify concentrated learning signals at high-entropy decisions (Wang et al., [2025)), while studies
of on-policy distillation examine behavioral compatibility and information novelty (Li et al., [2026).
We apply a related analytical perspective to persistent agent-system changes rather than model-
weight updates. Repeated evaluations distinguish reliability from empirical coverage, common-
process Parent expansion tests improvement potential, Component interventions examine change
compatibility, and frozen-pool admission replays assess retention.

Evaluation of Agent Systems. Agent evaluation must account for cost, reproducibility, and gener-
alization beyond aggregate success (Kapoor et al.| 2025)). For harness evolution specifically, Wang
et al.| (2026) find inconsistent advantages over test-time scaling under comparable feedback and
inference budgets, together with limited held-out generalization. Performance also depends on inter-
actions among the model, harness, task structure, and coordination overhead (Kim et al.,[2025). The
T-bench family emphasizes reliable tool-agent-user interaction, while Terminal-Bench 2 evaluates
long-horizon execution in terminal environments (Yao et al., [2025; Merrill et al., [2026). We study
general and coding tasks through these complementary settings, distinguish task exposure during
evolution, and assess external transfer without further agent revision. These comparisons connect
measured improvement to its deployment cost and scope of applicability.

B OPERATOR IMPLEMENTATIONS OF THE COMPARED METHODS

We describe the implementations used in our experiments through the seven operator stages in
Table All four methods share fixed target-model and evaluator contracts. MiniSWE permits
dependency-closed changes to inner source code as well as prompts, skills, configuration, and
orchestration; Codex permits only changes outside its immutable executable and source. HyperAgents
additionally permits changes to designated evolution operators.

Evolution Paradigms. Our design-based grouping distinguishes implementation-centric recipes,
AHE and HyperAgents, from reflection-centric recipes, A-Evolve and GEPA. The former organize
revision around engineering the agent implementation or improvement machinery; the latter organize
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it around distilling execution experience and feedback. Both use evidence and may modify code
within the harness’s legal surface. The grouping follows recipe design, while the harness determines
the permitted editing surface. Codex permits changes to external orchestration code while keeping its
executable and inner source immutable.

Table 10: Initial operator policies of the four methods. Dashes indicate an omitted optional stage.
HyperAgents can subsequently revise its permitted operators.

Operator AHE HyperAgents A-Evolve GEPA
Newest eligible Score—'welgl']ted Highest-scoring Per-task Pareto-front
select sampling with a .o .
Parent . eligible Parent sampling
child-count penalty
Reuse Parent Reuse Parent Fresh Train Fresh Train
rollout . . - . . .
evaluation traces evaluation traces trajectories trajectories
analvze Per-task debugger Metrics and Behavior-only Focused reflective
y reports browsable raw traces  trajectory judge examples
mutate One testable target Edit the target and Distill experience Reflection-guided
change allowed operators into target changes target revision
Strict improvement
validate — Python syntax checks — on the Parent’s Train
batch
Admit valid Admit valid Strict improvement Admit valid
gate completed completed over the matched completed
evaluations evaluations Parent evaluations
Outcomes and . . Outcomes and Reflection and batch
record Lineage experience

rationale

change evidence experience

Search scores use Train tasks for AHE and HyperAgents, and Validation tasks for A-Evolve and
GEPA. The validate operator checks proposals, while the Validation split supplies evaluation tasks.
Shared scope and evaluation-eligibility checks apply to all four methods, including those that omit
the optional validate stage. Test outcomes remain excluded from search.

B.1 AHE

Selection and Diagnosis. AHE emphasizes observability-grounded revision (Lin et al., [2026a). Its
select operator chooses the newest eligible Parent, not necessarily the highest-scoring one. The
rollout operator reuses that Parent’s evaluation traces. The analyze operator produces task-level
debugger reports: failure reports identify the failure point, possible cause, and corrective lesson,
while successful traces expose reusable strategies and fragile behavior. Mixed outcomes on a task
can therefore inform the diagnosis alongside outright failures. An overview links these reports to
prior changes and their observed effects.

Revision and Admission. The mutation agent is instructed to make one coherent, testable change,
supported by task evidence and an identified execution path. It considers whether to retain, revise, or
roll back the preceding change and pursue a different explanation. A change manifest records the
proposed mechanism, affected files, predicted fixes, and behaviors at risk. Debugger reports supply
hypotheses for revision. There is no separate optional validate stage. The gate operator admits a
completed, eligible evaluation without requiring a higher score, so the next Parent can come from a
lower-scoring revision. The record operator preserves outcomes and change evidence. Admission
and continuation are thus distinct from final Champion reporting.

B.2 HYPERAGENTS

Selection and Evidence. HyperAgents permits revision of the improvement procedure as well as
the target agent (Zhang et al.,2026c). Its initial select policy samples eligible Parents using a score-
dependent weight and a penalty for having many children. Higher scores increase sampling weight,
while the child-count penalty reduces repeated expansion of the same Parent. The rollout operator
reuses Parent evaluation traces. The initial analyze operator supplies metrics and browsable raw
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traces, leaving their interpretation largely to the mutation agent rather than first producing AHE-style
debugger reports.

Revision and Admission. Mutation may change the target and permitted operator implementations
while leaving the evaluator and other fixed contracts unchanged. The mutation instructions favor
substantive target changes but allow an operator-only revision when the evidence supports a process-
level change. An operator revision takes effect at its next invocation, updating the initial policies
in Table [10| for subsequent Generations. The initial validate stage checks Python syntax in target
files and the mutation operator. The initial gate admits completed, eligible evaluations without a
Parent-relative score threshold. The record operator stores lineage experience, including the Parent,
outcome, and score. This editable search procedure distinguishes HyperAgents from target-only
revision under fixed operators.

B.3 A-EVOLVE

Selection and Behavioral Feedback. Our A-Evolve implementation operationalizes experience-
driven adaptation (Lin et al.,|2026b)). The select operator chooses the highest-scoring eligible Parent,
and rollout collects fresh Train trajectories. The analyze operator compresses observable behavior,
including tool use, repeated actions, errors, and completion signals, for a trajectory-only judge. This
judge evaluates behavior without benchmark reward labels. Its proxy judgments provide feedback for
revision, rather than replacing the benchmark score used for admission.

Revision and Admission. The mutate operator distills these observations into reusable task-solving
guidance and executable target changes. Its instructions emphasize recurrent failure patterns, self-
contained skills with their supporting dependencies, and preservation of unrelated behavior. Prompt
and skill settings organize revision within the Harness’s legal editing boundary. The optional validate
stage is disabled. After canonical evaluation, the strict gate admits a Candidate only if its Validation
score exceeds that of the matched Parent. The record operator retains outcomes and the revision
rationale. Unlike AHE and the initial HyperAgents policy, A-Evolve combines greedy Parent choice
with score-improving admission.

B.4 GEPA

Selection and Reflection. GEPA combines trajectory-based reflection with per-task Pareto selec-
tion (Agrawal et al., 2026)). The select operator identifies eligible Candidates attaining the best
observed score on at least one task, prunes redundant coverage, and samples according to the remain-
ing per-task memberships. This can preserve access to task specialists without selecting solely by
aggregate score. The rollout operator collects fresh Train trajectories, and analyze assembles task
examples, outputs, and feedback for focused reflection.

Revision Scope. The named reflection units differ by benchmark. On 73-Banking, MiniSWE
focuses on its system-prompt configuration, while Codex alternates between its prompt and task-
execution skill. On Terminal-Bench 2, both harnesses use the entire target as the reflection unit.
These units guide evidence organization rather than impose text-only filesystem permissions. The
frozen Champion from MiniSWE with GEPA on Terminal-Bench 2 retains inner-source changes to
task-conditioned guidance and shell execution. Reflection-centric therefore describes the revision
process, not the absence of code changes. These reflection units are distinct from the post-hoc
Components isolated in our diagnostics.

Validation and Admission. The validate operator evaluates the proposal on the same Train task batch
used for the Parent rollout and requires a complete, scorable comparison with strict improvement.
This feedback-informed proposal filter precedes canonical Validation evaluation. The subsequent gate
checks completion and eligibility without imposing a second Parent-relative improvement threshold.
The record operator preserves reflection choices, proposals, and batch comparisons. Thus, GEPA’s
improvement filter lies in validate, whereas A-Evolve’s lies in gate, and they use different task
evidence.

Implications for the Analysis. These implementations differ in how they allocate search, summarize
evidence, couple target and operator changes, and filter proposals. Similar final gains can therefore
arise through different processes. These differences motivate diagnostics of selection, diagnosis,
change compatibility, and admission.
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C PHENOMENOLOGY: ADDITIONAL PROTOCOLS AND ANALYSES

This appendix supplements the Phenomenology analysis in Section [3] with case-level comparisons,
task-transition stability, deployment-cost accounting, and split-level heatmaps. Section[C.4.T|provides
the numerical cost table, and Section contains the split-level heatmaps.

C.1 MATCHED OUTCOME COMPARISONS

Evaluation and Interpretation. Every configuration in Table [Tjuses the same benchmark tasks
and eight complete passes. Each of the eight Champions per benchmark is paired with its harness
Seed. The completed comparison contains 7,760 selected 73-Banking executions and 7,120 Terminal-
Bench 2 executions, including the two Seeds once per benchmark. Each method-harness—benchmark
combination contributes one canonical evolution lineage.

Metric Agreement and Disagreement. Across the sixteen Champions, eleven improve reliability
and ten improve coverage. Eight improve both, four move the metrics in opposite directions, one
improves reliability with unchanged coverage, and three reduce both. The opposite-sign cases occur
in reflection-centric general-task evolution and implementation-centric coding-task evolution, each
with both harness types. Thus, the distinction between consistency and reach is not confined to one
harness type, task domain, or paradigm, even though agreement is more common than disagreement.

Interpreting Trends Across Dimensions. Reliability improves in all eight implementation-centric
lineages across harness types and task domains. In the reflection-centric group, it improves in
three of four source-editable cases but none of the four outer-layer-only cases. The paradigm-level
pattern is therefore harness-dependent. Recipes also differ in feedback, search, and admission design,
suggesting concrete mechanisms for further study.

C.2 TASK-LEVEL TURNOVER AND PASS STABILITY

Transition Construction. Each 9 x 9 heatmap pairs a task’s Seed and Champion success counts
from zero through eight, using complete 97 x 8 evaluations on 73-Banking or 89 x 8 evaluations on
Terminal-Bench 2. Panels within each benchmark use the same task set and color scale. The split
heatmaps retain the original Train, Validation, and Test task identities.

Coverage Turnover Across All Settings. All sixteen Champions both gain and lose covered tasks.
Gains range from one to fifteen tasks and losses from two to ten, with both types present in every
harness—task—paradigm combination. A positive net coverage delta therefore represents the balance
of newly covered and lost tasks rather than preservation of the Seed’s solved set. This shared pattern
motivates paired gain/loss accounting without requiring a specific method to have the largest net
expansion.

Within-Task Reliability Also Redistributes. Every panel contains tasks on both sides of the success-
count diagonal. Evolution can improve repeated success on already covered tasks, reduce it elsewhere,
and change which tasks are covered at all. The shared combination of these movements explains why
neither a net coverage gain nor a reliability gain summarizes preservation.

Pass-Half Stability. We compare passes 1-4 with passes 5-8 to assess the stability of aggregate
trends and task transitions. Some aggregate directions differ between halves on 73-Banking, showing
sensitivity to execution variability.

C.3 BEHAVIORAL AUDIT OF TASK-LEVEL TRANSITIONS

Case Selection and Evidence. We identify the largest positive and negative changes in eight-pass
success count within each lineage, breaking ties lexicographically by task identifier before trace
inspection. The reported analysis contains 22 task—lineage comparisons with trace-linked behavioral
evidence. For each increase, we inspect the first failed Seed execution and the first successful
Champion execution in canonical pass order; for each decrease, we inspect the first successful Seed
execution and the first failed Champion execution. The audit uses archived actions, observations,
submitted artifacts, and verifier records.
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Behavior Categories. We assign one primary category to each reference pair based on the concrete
behavioral difference linked to its task outcome. Table [TT|summarizes categories in the 22 selected
large-change cases, and Table[12]illustrates their trace evidence. The agent-assisted audit examines
execution behavior; the human evaluation reviews operator revisions.

Table 11: Primary behavior categories in the 22 selected task—lineage comparisons. Increase and
decrease refer to eight-pass success counts.

Behavior category Observable distinction Increase  Decrease

State and dependency man-  Preserve inputs, respect action dependencies, and retain 7 1

agement a self-contained executable result.

. Match product conditions, dates, or output characters to

Exact grounding . . 1 4
the evidence and task requirements.

Completion and handoff Finish all requested work and deliver the required final 2 3
state or actual handoff.

. Use an available interface and recover from tool errors

Tool discovery and recovery . 2 1
using the current state.

Implementation debugging Resolve implementation errors and deliver a working 1 0

program within the execution window.

What Changes Behind a Flip. Three themes recur across the selected cases with both harness types,
task domains, and evolution paradigms. First, state and dependency management affects the complete
workflow. Successful general-task executions order operations so that one preserves the conditions
needed by another, while successful coding executions preserve source data before inspection and
deliver self-contained artifacts. Second, exact grounding remains fragile after the main workflow
succeeds: filed requests can contain an incorrect date, and reconstructed text can contain a single
wrong character. Third, intermediate success can fall short of task completion. An agent can open
one requested account and stop too early, announce a transfer without completing it, or pass its own
program checks while leaving an unacceptable final artifact. These observations motivate checking
preserved state, exact arguments, and the final execution boundary alongside the headline success
rate. Tool recovery and implementation debugging provide complementary case evidence.

C.4 DEPLOYMENT-COST ACCOUNTING AND COMPARISONS

A Shared Execution Ledger. Each configuration has 776 selected logical trials on 73-Banking or
712 on Terminal-Bench 2. Coverage and cost use this ledger and the metrics in Section [2.2.2] Prefix
curves follow the canonical pass order 1, ..., k. Superseded attempts remain in the audit ledger but
are excluded from deployment accounting.

A Frequent Cost Premium, With Structured Exceptions. Eight of the eleven reliability-improving
Champions have higher mean deployment cost than Seed. Such premiums occur with both harness
types, task domains, and paradigms. All five reliability-improving general-task Champions cost more,
whereas three of the six reliability-improving coding-task Champions cost less. The latter comprise
two implementation-centric cases and one reflection-centric case, all with the source-editable harness.
This harness—task cluster shows how the resource trade-off varies by setting, motivating matched-
resource comparisons alongside reliability.

Cost and Performance Need Joint Interpretation. All four outer-layer-only Champions on coding
tasks cost more than Seed, although only two improve reliability. Coverage—cost curves relate
empirical reach to deployment resources at each pass prefix. Evolution cost complements these
curves by accounting for the resources used to obtain the evolved agent.

C.4.1 COVERAGE AND DEPLOYMENT COST: DETAILED RESULTS

Table[I3] provides the numerical results behind Figure [3] using the metrics in Section [2.2.2]and the
ledger described in Appendix
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Table 12: Illustrative trace contrasts on 7°-Banking and Terminal-Bench 2. Counts are Seed —
Champion successes out of eight; paired Champion counts follow the listed method order.

Domain Task and lineage Count Observed difference in the reference executions
) . . Seed handles replacement and dispute first, blocking
General ,{iﬁzgf\i MiniSWE with 1—4 the requested credit-limit increase. Champion
completes the increase before those dependent actions.
.. . Both Champions successfully file disputes but use the
General /’13?;213\,76’ gﬁgngg)i with 7 — 3/1 wrong issue-noticed date. Seed’s successful reference
uses the date required by the evaluator.
. Champion terminates after opening checking. Seed
General 2?3112056’ Codex with 5—=0 continues the interaction and completes the additional
savings and funding requests.
. Seed repeatedly fails through a generic tool wrapper.
General g;l; :90’ Codex with 1—=5 Champion switches to the available direct lookup and
completes the investigation.
Seed loses the original write-ahead log during
Codin db-wal-recovery, 057 inspection and reconstructs incorrect values.
& Codex with GEPA Champion preserves a copy before repair and verifies
the recovered values.
polyglot-c-py Seed leaves test binaries and a script beside the
Coding MiniSWE with 158 requ;red smgle source file. Champion leayes only the
HyperAgents required file; the contrast concerns final directory
P contents.
ath-tracin Seed’s wrapper relies on a workspace binary
Coding II\D/IiniSWE with A?-’Evolve 2—6 unavailable in the evaluation jail. Champion submits a
self-contained renderer.
ath-tracin The direction reverses: Champion replaces its renderer
Coding (Péo dex with GEP(/J%’ 6—1 with a workspace-dependent wrapper that matches the
image locally but fails in the jail.
gcode-to-text, Champions recover the text geometry but confuse o
Coding Codex with HyperAgents 8 — 4/5  with 0, or 1 with i. Checking the written file does not

and A-Evolve

correct the transcription.

Table 13: Deployment-side coverage and recorded costs on both primary benchmarks. Scores are
percentages and costs are in USD.

Benchmark Harness Variant Pass@l Pass@2 Pass@4 Pass@8 Mean cost/trial Recorded cost

Seed 27.8 39.2 46.4 54.6 $0.779 $604.52

AHE 28.9 46.4 56.7 66.0 $0.891 $691.57

MiniSWE  HyperAgents 33.0 39.2 50.5 57.7 $0.819 $635.56

A-Evolve 26.8 36.1 48.5 55.7 $0.690 $535.57

3 . GEPA 29.9 40.2 51.5 58.8 $0.985 $764.57
7°-Banking

Seed 24.7 42.3 50.5 56.7 $0.983 $762.45

AHE 34.0 46.4 53.6 62.9 $1.108 $859.82

Codex HyperAgents 36.1 46.4 60.8 66.0 $1.104 $856.43

A-Evolve 28.9 39.2 49.5 57.7 $0.955 $740.79

GEPA 33.0 42.3 49.5 53.6 $0.978 $758.73

Seed 56.2 74.2 82.0 86.5 $0.774 $551.17

AHE 74.2 775 85.4 87.6 $0.639 $455.27

MiniSWE  HyperAgents 64.0 75.3 79.8 85.4 $0.667 $474.72

A-Evolve 69.7 7.5 82.0 86.5 $0.783 $557.29

Termi GEPA 68.5 75.3 86.5 88.8 $0.701 $499.14

erminal-Bench 2

Seed 69.7 80.9 87.6 89.9 $0.887 $631.85

AHE 73.0 84.3 87.6 91.0 $0.971 $689.18

Codex HyperAgents 71.9 84.3 85.4 86.5 $1.107 $785.63

A-Evolve 69.7 78.7 84.3 87.6 $1.031 $734.06

GEPA 58.4 76.4 82.0 86.5 $1.007 $716.64

19



Under review as a conference paper at ICLR 2027

C.5 SPLIT-LEVEL TASK-TRANSITION HEATMAPS

Figures show eight-pass transitions by split, with 73-Banking above Terminal-Bench 2.

C.5.1 TRAIN SPLIT

Champion successes > Seed successes Champion successes = Seed successes Champion successes < Seed successes
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Figure 5: Task-level Seed-to-Champion transitions over eight passes on the Train split. Each panel
contains 50 73-Banking tasks (blue) or 50 Terminal-Bench 2 tasks (orange).

C.5.2 VALIDATION SPLIT
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Figure 6: Task-level Seed-to-Champion transitions over eight passes on the Validation split. Each
panel contains 20 73-Banking tasks (blue) or 19 Terminal-Bench 2 tasks (orange).
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C.5.3 TEST SPLIT

Champion successes > Seed successes Champion successes = Seed successes Champion successes < Seed successes
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Figure 7: Task-level Seed-to-Champion transitions over eight passes on the Test split. Each panel
contains 27 73-Banking tasks (blue) or 20 Terminal-Bench 2 tasks (orange).

D GENERALIZATION: ADDITIONAL PROTOCOLS AND ANALYSES

This appendix supplements the Generalization analysis in Section[d] It separates task exposure
during evolution from cross-benchmark transfer, specifies both external evaluation contracts, and
collects absolute transfer scores in one table. The two primary benchmarks remain 7>-Banking and
Terminal-Bench 2.

D.1 SEARCH EXPOSURE AND SPLIT ACCOUNTING

Task Exposure and External Transfer. Train trajectories supply evolution feedback, and Validation
evidence can influence admission. Test tasks retain the source benchmark’s domain and evaluation
contract while remaining excluded from mutation feedback and admission decisions. External targets
change the benchmark within the corresponding general-task or coding-task domain. The comparison
follows these roles to examine gains beyond direct feedback and across benchmarks.

Reuse and Denominators. Table 2] reuses the complete eight-pass measurements reported in
Section 3] Split labels retain their roles during evolution. For a split, the change in successful
executions is divided by 8V and the change in covered tasks by N, where N is the full source-
benchmark task count. The three split contributions therefore sum to the overall gain before rounding.
External deltas use each target’s own task set and matching Seed.

Persistence Across Splits and Harnesses. Ten of sixteen Champions have positive Test reliability
contributions. Seven of eight implementation-centric cases improve across both harness types and
task domains, with one source-editable general-task exception at —0.1 points. Reflection-centric
cases improve in three of four source-editable settings but none of the four outer-layer-only settings.
Thus, most implementation-centric gains reach feedback-excluded tasks, while reflection-centric
persistence is more harness-dependent. On coding tasks, all outer-layer-only Champions lose
Validation reliability, yet the implementation-centric Champions gain Test reliability. Gains therefore
vary across splits as well as harness—paradigm combinations.
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D.2 GENERAL-TASK TRANSFER PROTOCOL

Full-Benchmark Evaluation. The general-task transfer comparison evaluates eight frozen 73-

Banking Champions and two harness Seeds on the full 72-bench (Barres et al.l [2026), covering
retail, airline, and telecom. Following official benchmark-level aggregation, we compute each metric
within each subdomain and take the equal-weight mean across the three subdomains for both Seed
and Champion. All 278 tasks have eight valid outcomes per configuration, totaling 22,240 verified
evaluations. These measurements supply the absolute scores in Table [I4]and matched-Seed gains in
Table 2} deltas are computed before rounding. Our Pass@8 measures at least one success in eight
attempts, while the benchmark’s pass® measures consistency across all eight attempts.

Neutral Adaptation and Quality Checks. Within each harness, frozen neutral adapters translate
message and tool protocols while preserving target-native user interaction, permissions, state tran-
sitions, and verification. All versions share these adapters, with Champion instructions retained
unchanged. The evaluation contract fixes task identities, model settings, inference limits, and a
score-independent recovery policy. Compatibility checks and smoke tests precede the full evaluation;
reporting requires complete valid outcomes under the same contract.

Coverage Contraction With a Metric-Specific Exception. Seven of eight Champions lose coverage
on the general-task transfer target. The sole positive case is reflection-centric and source-editable,
at +1.5 points. The recurring contraction spans both harness types and paradigms, while reliability
follows a different pattern: all four source-editable Champions improve, and three of four outer-
layer-only Champions decline. Thus, more consistent success on the transfer target can coexist with
narrower empirical reach, and coverage contraction should not be described as a uniform loss of all
benefits.

D.3 CODING-TASK TRANSFER PROTOCOL

Frozen Evaluation. DeepSWE v1.1 (Huang et al |2026) tests transfer from terminal-computing
tasks to long-horizon repository-level implementation without target-specific mutation or Champion-
specific adaptation. The complete comparison contains four frozen Champions and the matching Seed
for each harness, each with 113 official tasks and eight passes, or 904 selected trials per configuration.
All 9,040 logical outcomes are complete and unique. Task identities, evaluator and model contracts,
inference limits, and recovery rules remain fixed across these versions. Table[I4]reports the complete
scores for both harnesses.

A Target-Dependent Reversal Across Paradigms. Seven of eight Champions gain coding-transfer
coverage, compared with seven losing coverage on the general-task target. The coding gains span
both harness types and paradigms, with one reflection-centric, source-editable exception at —2.7
points. All four source-editable Champions nevertheless lose coding-transfer reliability, by 0.2-2.3
points, while all four improve it on the general-task target. Outer-layer-only coding-transfer reliability
improves in two cases and declines in two. These results separate reach from consistency and show
that transfer need not uniformly erode gains.

D.4 ABSOLUTE TRANSFER SCORES

Table [14] collects the absolute scores for both transfer targets. Each method row denotes its frozen
Champion under the specified harness, Seed is the matched unevolved agent.
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Table 14: Absolute performance on external transfer benchmarks. Scores are percentages. 72-bench
evaluates agents evolved on 73-Banking using the official equal-weight aggregation across its three
domains; DeepSWE v1.1 evaluates agents evolved on Terminal-Bench 2.

Benchmark Harness Variant Pass@8 Avg@8
Seed 96.2 84.0

AHE 95.6 86.7

MiniSWE  HyperAgents 95.9 84.8

A-Evolve 96.0 85.4

2 bench GEPA 97.8 86.6
Seed 97.5 87.0

AHE 96.8 85.3

Codex HyperAgents 96.8 87.3

A-Evolve 96.5 85.0

GEPA 96.5 85.6

Seed 57.5 235

AHE 59.3 21.1

MiniSWE  HyperAgents 61.1 21.3

A-Evolve 61.9 23.2

DeepSWE v1.1 GEPA 54.9 21.8
Seed 77.0 45.1

AHE 85.0 45.0

Codex HyperAgents 83.2 48.2

A-Evolve 78.8 43.0

GEPA 80.5 46.6

E MECHANISMS: ADDITIONAL PROTOCOLS AND ANALYSES

This appendix supplements the Mechanisms analysis in Section [5| with Parent expansion, Component
comparisons, and admission replay protocols. Appendix [E.5]details Component implementations and
case selection.

E.1 SELECT: PARENT CHOICE AND SUBSEQUENT IMPROVEMENT

Parent Pools and Common Generation Process. For each benchmark and harness, we form one
pool containing the frozen Champions from AHE, HyperAgents, A-Evolve, and GEPA. The four
pools contain 16 Parents. Each Parent initializes three separate branches from the same frozen
workspace, producing 48 Candidates in total. Every branch uses the same original A-Evolve analyze
and mutate implementations, prompts, and generation allowance. The four methods provide Parent
artifacts; the shared downstream process holds the modification procedure fixed.

Execution Evidence and Evaluation. Each Parent executes the 50 Train tasks once, and its three
branches share this evidence while running analysis and mutation independently. Canonical Validation
uses one pass over 20 tasks on 73-Banking or 19 on Terminal-Bench 2. Each Parent and Candidate
receives eight Test passes over 27 or 20 tasks, respectively. Target and mutation models and harness
versions follow Section[2.2.1] Test outcomes determine the reporting scores and best-Parent labels.
Candidate scores enter this analysis regardless of the original A-Evolve admission verdict, so the
diagnostic measures the changes produced from each Parent.

Original Selection Rules. We apply the frozen HyperAgents, A-Evolve, and GEPA select rules
to each common four-Parent pool. HyperAgents uses its native score-weighted sampling rule with
Train evidence. A-Evolve uses the one-pass Validation aggregate, and GEPA uses the corresponding
per-task Validation vector. Diagnostic metadata, child-count initialization, and tie handling are fixed
before these rules are evaluated. AHE’s chronological selector requires a shared lineage order, so
AHE contributes a Parent artifact and the other three rules define Original. Neither Test outcomes nor
sibling Candidate results enter these selection decisions or the analysis and mutation inputs.
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Best Parent and Hit Rate. Let P be a four-Parent pool, C'p ; the Candidate from branch j of Parent
P, and S(A) the Test Avg@8 of agent A. We define the mean improvement and the best-Parent set
as

A(P)=3Y S(Cp;)—S(P),  B=argmaxA(P). 4)

" PeP
Jj=1

For the three original rules S, let 75(P) be the probability that rule s selects P. Tablereports

100 B
HOriginal = 7 Z Z Ts (P), HRrandom = 100u- (5)

4
seS PeB

A deterministic rule contributes zero or one before aggregation; a stochastic rule contributes its
probability of selecting a best Parent. Each pool has a unique maximizer, giving a 25% random
baseline. Improvement remains signed, so the best Parent is the one with the largest gain or smallest
decline.

Current Performance and Improvement Potential. In all four pools, the Parent with the highest
Test score differs from the Parent with the largest mean improvement. On general tasks, the best-
Parent gain is —2.0 points for the source-editable harness and +19.6 for the outer-layer-only harness;
on coding tasks, it is +4.0 and +1.5, respectively. The original rules’ mean hit rate falls below
random on general tasks and exceeds it on coding tasks for both harnesses. These comparisons
motivate assessing selection by subsequent improvement under a common generation process.

E.2 ANALYZE: COMPONENT AND REMINDER COMPARISONS

Comparison Logic. Applying a Component to the matching Seed measures its standalone effect;
comparing that variant with Champion tests how the remaining changes affect its benefit. Generic-
reminder controls test whether broad guidance reproduces those effects. These comparisons inform
analyze through the specificity of useful guidance and mutate through the composition of changes.

A Recurring Specificity Advantage. Fifteen of sixteen Component variants have higher reliability
than their matching generic-reminder control, and every Champion case has at least one such
Component. The exception is the isolated shell-adaptation Component in the reflection-centric,
source-editable coding-task case, at 64.0 versus 65.9 for the reminder; its task-guidance Component
instead reaches 67.3. Useful specific changes are therefore not reproduced by general advice, even
though not every isolated Component helps. Reminders leave source-editable reliability close to Seed
on both task domains and lower outer-layer-only reliability on both.

Case Composition. The eight Component cases cover both harness types and task domains. Seven
are implementation-centric; the reflection-centric case uses the source-editable harness on coding
tasks. Each case pairs concrete Champion changes with a generic-reminder intervention on the
matching Seed.

Diagnosis Requirements. The specificity advantage motivates a diagnosis contract that links failure
explanations to execution traces, identifies useful behavior to preserve, and states when the proposed
correction applies. We assess this contract through the changes and outcomes it produces.

E.3 MUTATE: COMPONENT EFFECTS AND INTERACTIONS

Complete Revisions Usually Outperform Subsets. Six of eight Champions have higher reliability
than either isolated Component, including two implementation-centric general-task cases and all
four coding-task cases. The exceptions are two other implementation-centric general-task cases, one
per harness type: the source-editable interface Component reaches 34.4 versus 32.6 for Champion,
and the outer-layer-only orchestration Component reaches 37.2 versus 36.9. In the latter case, skills
alone also increase coverage to 72.2 versus 66.0, despite slightly lower reliability. Conversely,
an implementation-centric coding-task Champion with the outer-layer-only harness reaches 72.6
reliability even though both isolated variants, at 69.1 and 68.0, fall below Seed’s 69.9. These results
motivate evaluating combinations alongside isolated effects.

Interaction Definition and Estimates. For the four completed 73-Banking decompositions, let
So, Sa, Sp, and S4p denote Avg@8 for Seed, Seed + A, Seed + B, and Champion. We measure
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non-additivity by
I'=(SaB — So) — [(Sa = S0) + (S5 — So)]-

A negative value means that the joint gain is smaller than the sum of the two standalone gains.
The Champions from AHE have interactions of 0.0 points for MiniSWE (95% task-paired interval
[—4.5,4.9]) and +2.1 for Codex ([—2.2, 6.2]), with both intervals including zero. The Champions
from HyperAgents have negative interactions for MiniSWE (—6.3; [—11.7, —1.2]) and Codex (—6.6;
[-12.6, —0.6]). These cross-harness observations identify interference as a design risk in the sampled
implementation-centric general-task cases.

Compatibility Checks. Interaction estimates use the four verified 73-Banking decompositions, while
Terminal-Bench 2 provides targeted subset comparisons. Negative interactions motivate checking
whether a Candidate diff follows its diagnosis, includes necessary dependencies, and preserves useful
behavior. Coupled changes remain permissible when their dependencies and rationale are explicit.

E.4 GATE: SIZE-NORMALIZED BEST-CANDIDATE RETENTION

Candidate Pools. For each benchmark, harness, and method, we freeze four distinct artifacts from the
same evolution lineage: the Seed, historical Champion, last legal Candidate, and Candidate nearest
50% of cumulative recorded evolution cost. Predeclared 25% and 75% checkpoints resolve duplicates.
This gives eight pools per benchmark. Each artifact has eight-pass measurements on separate decision
and reporting panels of 20 and 27 tasks for 73-Banking, or 19 and 20 for Terminal-Bench 2. These
task panels follow the canonical diagnostic splits.

Original Admission Policies. Original gate uses the initial implementations in Table [I0] AHE,
HyperAgents, and GEPA accept all eligible Candidates with completed evaluations; A-Evolve
requires strict mean improvement over its matched Parent. The comparison supplies four legal, fully
evaluated Candidates to these fixed admission policies, with upstream proposal checks held outside
the replay.

Rules and Replay Contract. Each pool starts with Seed as incumbent and processes the historical
Champion, last legal Candidate, and cost-indexed checkpoint in the frozen order. This is a diagnostic
order, not the historical generation order. An accepted challenger becomes the incumbent for
subsequent comparisons, while all previously retained Candidates remain in the set. The constrained
rule is unchanged from the original replay: it requires strict mean improvement over the incumbent
on the same purchased evidence, with ties rejected, and

1
L= W Z maX{O;ﬁinc(x) - ﬁcand(x)} < 0.05, 6)
g €D,

where D, contains 20 decision tasks on 7'3-Banking or 19 on Terminal-Bench 2, and each success
fraction uses passes 1-2. All policies receive the same 160 or 152 unique Candidate—task trials,
respectively; eligibility-only gates need not use their numeric scores. For A-Evolve’s original gate,
the matched parent is the current replay incumbent. A separate reporting panel of 27 or 20 tasks,
respectively, uses eight passes to identify the empirical best and never supplies decision evidence.
Both benchmarks use the same fixed order, strict-improvement rule, regression cap, and retained-set
definition.

Metric Definitions. For method m and gate g, let P, be its four-Candidate input pool, R, 4
the retained set including Seed, and B,,, = arg max.cp,, Avg@8(c) on the reporting panel. The
hit indicator is Hy, g = 1[Ry,g N By # @] and set size is Ny, g = |Ry,, ] Retaining any tied
maximizer counts as a hit. The size-normalized score is H,, 4/N,, 4; Seed ensures a nonempty
retained set. Each main-table cell reports 100 ) ", (H,, g /Ny, 4)/4, separately for each benchmark
and harness. This is the mean of per-pool ratios, not the ratio of mean hit to mean size. Values are
rounded to one decimal place only after aggregation. All sixteen pools have a unique empirical best.
The score therefore equals the chance of drawing that Candidate uniformly from the retained set; this
interpretation does not prescribe the method’s actual select policy.

A Recurring Preservation Risk. The original policies retain the reporting-panel best in fifteen pools,
compared with six under Constrained. The nine newly excluded best Candidates span both harness
types, task domains, and paradigms. Size-normalized scores nevertheless improve in four pools,
remain unchanged in three, and fall in nine. The improvements include two implementation-centric
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Table 15: Per-pool audit of size-normalized best-Candidate retention. Each policy cell gives H/N,
the binary best-retention indicator divided by set size, including Seed. The empirical best maximizes
reporting-panel Avg@8; Generation numbers identify the frozen artifacts.

Original gate Constrained

Benchmark Harness ~ Method Empirical best H/N H/N
AHE Generation 9 1/4 0/1
- HyperAgents Generation 3 1/4 1/2
MiniSWE A-Evolve Generation 1 1/2 1/2
5-Banking GEPA Generation 9 1/4 0/1
AHE Generation 10 1/4 0/2
Codex HyperAgents Generation 11 1/4 0/2
A-Evolve Generation 20 0/2 0/2
GEPA Seed 1/4 1/1
AHE Generation 18 1/4 0/1
- HyperAgents Generation 10 1/4 1/2
MiniSWE A Evolve Generation 4 1/4 0/1
Terminal-Bench 2 GEPA Generation 20 1/4 0/2
AHE Generation 20 1/4 0/1
Codex HyperAgents Generation 18 1/4 0/1
A-Evolve Seed 1/1 1/1
GEPA Seed 1/4 1/1

source-editable pools retaining the best among fewer alternatives, and two reflection-centric outer-
layer-only pools retaining a best Seed alone. Pruning can therefore improve the diagnostic metric
while excluding useful Candidates elsewhere. The two outer-layer-only averages increase even while
evolved best Candidates are lost in other pools. Jointly reporting hit, set size, and Candidate identity
distinguishes concentration on a strong fallback from preservation of evolved gains.

Replay Evidence and Design Implications. The replay applies original and constrained admission
rules to the same frozen Candidate pools and measured scores. The constrained rule combines strict
score improvement with a regression cap. Comparing retained-set quality, size, and membership
motivates admission rules that balance improvement, preservation, and fallback retention.

E.5 COMPONENT DEFINITIONS AND REPRESENTATIVE CONTENT

This subsection records the frozen Component definitions for the eight-case matrix of Table
All sixteen Component variants and eight Champion comparators have complete evaluations. A
and B identify the two groups within each case. The definitions specify retained agent changes,
implementation files, execution dependencies, and representative content. Prompt and code excerpts
have line wrapping adjusted for display, and code excerpts reproduce the indicated implementation
segment. MiniSWE paths are relative to src/minisweagent/; Codex paths are relative to the
Candidate’s target directory. Each Component is evaluated as a complete agent intervention.

Construction and Comparison. Seed + A and Seed + B retain the matching Seed outside the
specified Component and its execution dependencies. Components are separated by function: a
configuration file can contain both interface settings and task-solving instructions, which we isolate
by semantic key. Required compatibility adaptations are identified below. Codex Components
remain outside its immutable executable and source. The Terminal-Bench 2 cases evaluate targeted
Champion subsets. Interaction estimates use decompositions whose joint Components reproduce the
compared Champion.

Case Selection. The matrix contains four Champion cases per benchmark, with two from each
harness. Eligibility requires at least two functionally distinct groups of persistent changes that can
be isolated with their execution dependencies on the matching Seed while keeping the model and
evaluator fixed. The 73-Banking cases comprise Champions from AHE and HyperAgents in both
harnesses. On Terminal-Bench 2, we retain the previously evaluated Champions from MiniSWE
with AHE and Codex with HyperAgents, and add MiniSWE with GEPA and Codex with AHE after
auditing all eight Champions. The additions prioritize clear functional boundaries and complementary
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mechanisms. Component boundaries were frozen before evaluation, and all completed outcomes are
retained.

Selection History and Extension. The initial Terminal-Bench 2 sample selected the largest historical
unrounded Avg@8 gain within each harness, yielding MiniSWE with AHE and Codex with HyperA-
gents. Case identities remain frozen, and source-faithful reevaluations replace the two superseded
Codex Champion measurements. MiniSWE with GEPA separates task guidance from shell execution
adaptation, complementing AHE’s broader validation and submission controls. Codex with AHE
separates instruction content from persistent context and skill support, complementing HyperAgents’
dependency bootstrap. Functional clarity and mechanism complementarity determine the additions.
Their identities and Component boundaries were frozen before evaluation, and all added outcomes
are reported.

E.5.1 73-BANKING: MINISWE wITH AHE (G2)

Component A: Interface. This Component changes how shell/tool output is presented to the
model, while retaining the Seed’s task-solving instructions and bash action interface. It ex-
tracts readable text from structured tool-response envelopes, removes duplicate text blocks, and
preserves salient information when an observation is long. Rather than retaining only its be-
ginning and end, the observation also includes a bounded selection of middle content con-
taining tool schemas, execution results, required fields, and conversation-control signals. The
changed files are models/utils/actions_toolcall.py, models/utils/actions_
toolcall_response.py, the added models/utils/observation_output.py, and
the observation_template keyin config/mini.yaml.

Observation-budget constants from the added helper:

DISPLAY OUTPUT_LIMIT = 10000

DISPLAY OUTPUT_HEAD CHARS = 3000
DISPLAY OUTPUT_TAIL_CHARS = 3000
SALIENT_OUTPUT_MAX_CHARS = 2500

Component B: Strategy. This Component replaces the system prompt, task prompt, and format-error
guidance in config/mini.yaml; observation processing stays at the Seed. The instructions
distinguish the benchmark’s tool-driven general tasks from coding tasks, prioritize live state and tool
schemas, require one focused action followed by inspection, prohibit invented arguments or case
facts, and distinguish a stopped conversation from a successfully completed backend action. The
format-error guidance also specifies concise recovery from token-limit truncation and a tool-only
final submission.

Task-prompt excerpt: “Prefer live environment state, exact tool outputs, runtime status, and
tool schemas over inference from general KB text.”
Completion-rule excerpt: “Only treat the task as complete when the required environment
state or required action has actually been achieved.”

E.5.2 73-BANKING: MINISWE WITH HYPERAGENTS (G9)

Component A: Interface. This Component exposes structured benchmark tools in place of a
bash-only interface when it detects tasks from the general-task benchmark. It adds tool schemas,
argument parsing (including nested JSON-string normalization), dispatch to the benchmark en-
vironment, and a dedicated final-submission action. The dependency-closed implementation
spans agents/interactive.py, environments/local.py, utils/tau3.py, both
action/tool-response utilities, and seven adapters in models/: the chat and Responses imple-
mentations for LiteLLM, OpenRouter, and Portkey, plus Requesty. The thirteenth changed file,
config/mini.yaml, adds neutral transport and format-error instructions so that the Seed prompt
does not request an unavailable bash tool. This compatibility text describes how to call the exposed
tools, without importing the Champion’s task-solving strategy.

Exposed tool names: tau3_call,tau3_list_tools, tau3_get_tool_schema, and
submit_final_output.

Compatibility-note excerpt: “This note describes only the available transport; determine the
task policy and actions from the task, tool schemas, and runtime responses.”
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Component B: Strategy. This Component changes only the task-instance prompt in config/
mini.yaml. It retains the Champion’s service workflow: start the conversation once, consult the
latest user message and schema, perform one action at a time, separate user communication from
domain-tool calls, respect stop/transfer signals, and ground advice in documented policy and hard
user requirements. Because the Seed does not expose Component A’s structured tools, the workflow
is expressed through the Seed’s tau3-mcp.py command-line interface. This is the evaluated
CLI-translated strategy Component, not an unmodified copy of the native-tool prompt; the translation
is an execution dependency, not an independent strategy finding.

Translated task-prompt excerpts: ‘“‘Perform exactly one focused Tau3 CLI action per response
and inspect its output before the next action.” “Do not recommend a product or action that
misses a user-stated hard requirement.”

E.5.3 73-BANKING: CODEX WITH AHE (G15)

Component A: Orchestration. The only changed file is the outer adapter agent .py. Before
invoking Codex, it detects service-task markers in the instruction and appends a workflow-guidance
block, unless that block is already present. The injected text emphasizes exact tool discovery, a
per-entity worklist, assistant-side versus user-side actions, date and eligibility checks, canonical write
arguments, and completing all requested items before ending. The Seed’s prompt and skill files are
retained. Here, orchestration includes conditional instruction delivery; it does not mean that the
Component contains no natural-language guidance.

Injected-guidance excerpt: “Keep a live per-entity worklist for the case. For each named
transaction, card, account, product, referral, or other requested item, track the exact entity,
the user-described problem, the currently grounded workflow or enum, any missing fields,
and the next read or write needed.”

Component B: Prompt and Skills. This Component replaces prompt .md and skills/
task—-execution/SKILL.md, and adds skills/tau3-service-workflows/SKILL.
md, while retaining the Seed adapter. The prompt distinguishes coding work from the general-task
benchmark’s workflows and directs the latter to the specialized skill. That skill specifies a six-part
workflow: discover the live tool surface; ground on the exact entity; identify who must perform the
next state change; construct exact writes; preserve the selected product or workflow branch; and finish
all requested work. It includes explicit checks for relative dates, enums, optional fields, user-side
follow-through, and multi-item completion.

Specialized-skill excerpt: “Once the user accepts a supported product or workflow branch,
stop re-optimizing and execute that exact branch.”

Prompt excerpt: “If the task involves multiple requested actions or entities, keep a short
checklist and do not finish while any requested item is unresolved.”

E.5.4 73-BANKING: CODEX WITH HYPERAGENTS (G18)

Component A: Orchestration. The outer agent . py detects the configured service server or
service markers in the instruction, then prepends a guidance block unless its header is already present.
The same server-detection helper is reused by the existing installation path. The injected guidance
prioritizes live account investigation, eligible and actionable recommendations, exact knowledge-
base procedures, discoverable-tool checks, literal argument formatting, and completion of accepted
workflows. Prompt and skill files remain at the Seed, so the specialized-skill reference in this block
does not itself install Component B.

Injected-guidance excerpt: “Do not substitute a neighboring tool or an incidental side effect
for a separately documented step. If the KB names a dedicated replacement, approval,
closure, report, or submission tool, use that exact tool instead of assuming another mutation
already covered it.”

Component B: Skills. This Component changes skills/task—execution/SKILL.md to
route tasks from the general-task benchmark to the added skills/tau3-banking—runtime/
SKILL.md; the outer adapter and main prompt stay at the Seed. The specialized skill covers identity
verification, account-specific lookups, recommendation eligibility, tool unlocking and execution
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checks, multi-step discrepancies, transfers, closures, and final-state verification. It also includes
implementation-sensitive payload rules: preserve surfaced key order, whitespace, explicit null/false
values, and numeric forms in nested argument strings. These are actual retained instructions, not a
claim that equivalent JSON representations generally have different semantics.

Payload-formatting excerpt: “Serialize that inner JSON as a single-line object with double-
quoted keys, the surfaced key order, and standard spaces after each comma and colon.”

Tool-check excerpt: “After unlock_discoverable_agent_tool, check that the re-
turned tool name, description, and parameters match the tool you meant to unlock.”

E.5.5 TERMINAL-BENCH 2: MINISWE wITH AHE (G18)

Component A: Static Instructions. Only config/mini.yaml changes. The retained prompt
additions call for early inspection of visible tests and checkers, exact deliverable paths and formats,
fresh-shell verification, preservation of original inputs and consumers, and rechecking after any
subsequent change. They reject proxy checks, fabricated substitutes, and unresolved failures as
evidence of completion. These instructions do not add a programmatic submission guard.

Contract-first instruction: “Before long implementation, downloads, or external research,
spend the first 1-2 commands locating the real acceptance path.”

Reverification instruction: “Any edit after a passing verification invalidates that verification.
If you change the artifact, environment, dependency set, or generated output afterward, rerun
the exact end-to-end check against the final state before submitting.”

Component B: Dynamic Guard. The dynamic checks span agents/default.py and
environments/local.py; config/mini.yaml supplies their hooks and activation flags,
without Component A’s static instruction additions. It discovers visible verifier files, derives
deliverable-boundary hints from the task, supplies fresh-shell compatibility helpers, records test
inspection and unresolved check failures, and inspects submission attempts. The guard can replace a
completion signal with a warning about uninspected verifiers, unhealthy package state, unresolved
failures, missing files, or deliverable-boundary violations. It warns once per warning fingerprint;
repeating the same submission can proceed, so this is not an unconditional veto or a replacement for
the benchmark evaluator.

Activated flags in the configuration:

pause_submit_for_uninspected_verifier: true
pause_submit_for_unhealthy_system_packages: true
pause_submit_for_unresolved_verifier_failures: true
pause_submit_for_deliverable_boundary_violations: true

E.5.6 TERMINAL-BENCH 2: MINISWE WITH GEPA (G20)

Component A: Task Guidance. This Component combines static instructions about exact deliv-
erables and evidence preservation with task-conditioned reminders. In agents/default.py,
build_task_guardrails detects wording associated with exhaustive outputs or fragile evi-
dence and generates the corresponding guidance. The template in config/mini.yaml consumes
the generated task_guardrails value and includes the accompanying static instructions. The
generator and template hook stay in the same Component because either alone disconnects the
mechanism. The local command-execution implementation remains at the Seed.

Component B: Shell Execution Adaptation. Only environments/local.py changes. The
helper _preferred_shell _executable resolves MSWEA_LOCAL_SHELL, defaulting to bash,
and supplies the available executable to the subprocess launcher. It falls back to the platform default
when the preferred shell cannot be resolved. This changes shell semantics at the command-execution
boundary without importing Component A’s guidance or changing the model configuration.

E.5.7 TERMINAL-BENCH 2: CODEX WITH AHE (G20)

Component A: Prompt and Skills. This Component replaces prompt .md and skills/
task-execution/SKILL.md. The instructions prioritize the verifier-facing contract, a minimal
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coherent change on the active execution path, and checks of the final artifact at the consumer-visible
boundary. Prompt and skill content form one guidance Component rather than separate Compo-
nents based on file location. The adapter, compaction settings, model, reasoning effort, and Codex
executable remain at the Seed.

Component B: Persistent Context and Skill Support. The outer agent.py moves tem-
porary Codex state and skill-upload paths to a persistent Codex directory, while codex.
toml enables prefix-preserving compaction with auto_compact_token_limit_scope setto
body_after_prefix. These changes support instruction continuity without importing Component
A’s prompt or skill contents. The evolved adapter changes are semantically applied to the exact
evaluation Seed, preserving its authentication, provider routing, session handling, and cancellation
cleanup. Codex’s executable and source, the model, and reasoning effort are unchanged.

E.5.8 TERMINAL-BENCH 2: CODEX WITH HYPERAGENTS (G18)

Component A: Instructions. The prompt and task-execution skill are replaced in prompt .md
and skills/task—-execution/SKILL.md; the outer adapter remains at the matching Seed.
The prompt and skill instruct the agent to preserve authentic input artifacts, inspect visible verifiers,
reconstruct missing checker dependencies, react to failed checks, match exact output paths and
final-state requirements, remove probe-only artifacts, and run a final check from a fresh shell or
process. They also ask the agent to diagnose silent long-running commands instead of repeatedly
polling without new evidence.

Skill excerpt: “Recreate the verifier runtime before declaring the task unavailable.”
Failure-handling excerpt: “Clear red checks before closing. If any command, test, assertion,
or custom validation failed after your last meaningful edit, rerun that same path cleanly or
keep debugging.”

Component B: Orchestration and Bootstrap. Only the outer agent . py changes. The Champion’s
bootstrap changes are merged onto the exact Seed adapter used in the matched evaluation, rather than
replacing that adapter with a different baseline wrapper. During setup, the adapter installs or locates
uv and uvx, creates a sourceable environment helper, and exposes stable executable entrypoints in
standard locations for fresh-shell verifier commands. Installation first attempts the Python package
route and then an installer fallback; setup reports a warning if the bootstrap remains unavailable. The
Seed’s prompt and skills are retained. This Component prepares the execution environment; it does
not alter the verifier’s scoring rules or Codex’s executable.

Bootstrap function’s documented purpose: “Install stable verifier entrypoints for uv-based
test harnesses.”

Setup-hook excerpt:

try:
await self.exec_as_root (environment,
command=_verifier_bootstrap_command () )
except RuntimeError:
self.logger.warning(
"Failed to bootstrap uv verifier entrypoints",
exc_info=True)

Generic-Reminder Controls Are Separate. The reminders in Table 5] are not additional Champion
Components. On 73-Banking, both harnesses receive: “This is an interactive tool-use task. Inspect
the available runtime tool interface, use tools when needed, verify the resulting state, and complete
every requested item before ending.” The Terminal-Bench 2 MiniSWE control adds: “Before final
submission, inspect any available tests or check commands and run the closest exact end-to-end check
on the final artifact. Do not submit while a relevant check is still failing or running.” These controls
add general advice without the case-specific prompt bundle, interface implementation, or dynamic
guard above.

Recovery of Interrupted Evaluations. Four 73-Banking Codex reminder evaluations were inter-
rupted by API rate limits after their conversations had started. Under a documented recovery-policy
amendment, we fixed these four task—pass identities and reran each once from its initial state with
unchanged model, simulator, target, and evaluator settings. The other 772 numeric outcomes were
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retained, and all four replacement outcomes were accepted, including three zeros. Original attempts
remain in the audit record; selected outcomes and their costs enter the reported metrics.

F OPERATOR REDESIGN: IMPLEMENTATION AND EVALUATION

F.1 EVIDENCE AND IMPLEMENTATION REQUIREMENTS

The analysis agent combines results from the Phenomenology, Generalization, and Mechanisms
analyses with source traces and reference operators. It identifies recurring patterns across harnesses,
task domains, and evolution paradigms and links each finding to the relevant comparisons and
observed behavior. The resulting evidence report supplies the rationale and applicability conditions
for operator revision.

Each proposed revision specifies the original rule, observed problem, implementation change, ex-
pected effect, and validation checks. The implementation agent receives this specification together
with the evidence report, reference code, input/output contract, and permitted editing surface. It
returns versioned code or instructions, evidence links, applicability conditions, fallback behavior, and
validation records. Interface checks preserve the reference rollout, validate, and record stages and
each harness’s editing contract.

Diagnosis and Mutation Requirements. The analyze revision asks diagnoses to identify the
observed failure and useful behavior to preserve. The mutate revision asks Candidate changes to
implement that diagnosis coherently and retain the required dependencies. These complementary
contracts connect execution evidence to the resulting intervention.

Revision Objectives. The four revisions in Table [7| target complementary decisions. Regression-
aware select uses preservation evidence to resolve score ties, behavior-grounded analyze links
diagnoses to execution traces, dependency-aware mutate organizes coherent changes, and cost-aware
gate considers resource use at equal scores. These objectives guide implementation, expert review,
and algorithm evaluation.

F.2 AGE IMPLEMENTATION

Recipe and Evidence Flow. AGE installs four fixed operator revisions in the A-Evolve recipe
described in Appendix [B] shared across both benchmarks and harnesses. Each generation selects a
Parent, collects fresh Train trajectories, diagnoses behavior, and proposes one Candidate. Framework
scope checks and canonical Validation evaluation precede admission and recording. The reference
rollout and record implementations are unchanged, and the optional validate stage is disabled.
MiniSWE permits changes to inner source and outer artifacts, whereas Codex permits only outer-
artifact changes. The evaluator, task partitions, model settings, resource limits, and evolution operators
remain fixed. Online decisions use Train and Validation evidence.

Run Configuration. Each run uses 20 generations, one proposed Candidate per generation, and
search random seed 0. The target harnesses are MiniSWE 2.4.5 and Codex 0.143.0, both using
GPT-5.4 with high reasoning effort. Diagnosis and mutation use Codex 0.146.0 with GPT-5.4 and
xhigh effort through Harbor. Every rollout executes the 50 Train tasks afresh. Canonical scoring
executes each Validation task once, using 20 tasks on 73-Banking and 19 on Terminal-Bench 2.
Frozen Champions receive separate eight-pass reporting evaluations.

Select: Regression-Aware Tie-Breaking. AGE retains the highest-score objective and revises
only exact ties. Let P be the eligible Parents with finite recorded Validation scores s(C'), and let
T = argmaxcep $(C). When comparable task-level evidence is available, selection minimizes
Seed-relative regressions within 7

R(C) = I[7:(C) < 7(Ao)], P ~ Uniform (arg min R(C)> )

te;m ceT
where D, is the Validation task set and 7 is the mean recorded reward on task ¢. Comparable
evidence requires a unique eligible Seed evaluation, matching task-set hashes and task identities,
equal per-task repetition counts, and completed trials with finite rewards for every tied Candidate and
the Seed. Otherwise, the seeded generator samples uniformly from the original highest-score tie set.
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A unique maximizer is selected directly, and an empty eligible scored set stops selection. The rule
reuses recorded outcomes and preserves the highest-score objective.

Analyze: Behavior-Grounded Diagnosis. The analyzer collects the current rollout and, when
available, one preceding rollout along the selected lineage, retaining the last 30 records in their stored
order. Each judge input contains chronological tool calls, successful and failed tool results, and the
completion signal. Tool arguments and results are capped at 600 and 800 characters, respectively.
Each rendered trajectory uses at most 12,000 characters, preserving approximately two-thirds from its
beginning and one-third from its end when truncated. Interrupted executions can include a bounded
termination message. The behavior bundle excludes benchmark rewards, verifier outputs, hidden
tests, raw task text, and raw-case paths.

The judge returns score, category, outcome, and failure_reason. Scores 0-3 indicate
visible breakdown, 4-6 indicate partial or ambiguous progress, and 7—-10 indicate visible completion
supported by an appropriate check or comparably decisive result. Verdicts distinguish Observed:
behavior from Inference: explanations and ground completion judgments in trajectory evidence.
These behavioral scores guide diagnosis, while benchmark scores drive select and gate. Each request
permits one attempt with a 600-second timeout. Invalid or failed responses return an unknown verdict
with sentinel score —1.

The analyzer exports trajectories, behavioral signals, and verdicts in a structured evidence bundle. The
selected text view uses at most 30,000 characters for 73-Banking and 60,000 for Terminal-Bench 2,
omitting trailing whole records beyond these budgets. Mutation consumes at most a 50,000-character
prefix of this view. Both truncation steps add explicit omission markers.

Mutate: Mechanism-Linked, Dependency-Closed Changes. The mutation agent receives the
selected behavior evidence, Parent workspace, prompt and skill inventory, and editing contract.
Before choosing files, its instructions require the observed behavior, inferred mechanism, replacement
behavior, activation conditions, and expected trade-off. A recurring concrete pattern or a single severe,
visibly supported breakdown can motivate a change, while ambiguous evidence favors preserving
current behavior. The agent must inspect affected interfaces and their producers and consumers, make
one coherent intervention, preserve useful behavior in successful traces, and check for conflicting or
duplicated guidance. Dependency-closed changes may span multiple files and layers.

The agent is instructed to edit the permitted target directly, inspect its final diff, run proportionate
structural checks, and propose a validation case for the expected benefit. Outputs retain the patch,
changed-file list, surface-check report, agent response, and usage record. Structural checks enforce
editing surfaces and interfaces, while the mutation instructions specify evidence grounding, depen-
dency closure, and behavior preservation. Execution errors stop the operator and are recorded with
their diagnostic information.

Gate: Score-First, Cost-Aware Admission. AGE retains strict Parent-relative score improvement
and adds a cost tie-break. For a Candidate C and its matched Parent P, with finite Validation scores,
admission is

accept(C, P) =1[s(C) > s(P) Vv (s(C) =s(P)AQ(C,P)Ac(C) < c(P))].

Here c is the recorded USD cost of canonical Validation evaluation. The comparability predicate
@ requires matching task-set hashes, finite strictly positive costs, and a direct Parent evaluation.
Equal-score admission requires a verified, comparable cost reduction. When cost comparability fails,
only the score-improvement branch applies. A valid matched Parent and finite scores are required,
and all other Candidates are rejected. The operator reuses canonical evaluations and preserves score
improvement as its primary objective.

F.3 HUMAN REVIEW MATERIALS AND REPORTING

Eight experts independently reviewed all four frozen operator revisions, with balanced case and
direction-option orders. For each case, they inspected the original rule and evidence and submitted
a direction before seeing EvoAudit’s proposal. They then reviewed its reasoning, implementation
changes, applicability, and validation plan, judging evidence support, problem addressing, and
approval to validate. Each question included an insufficient-evidence option and optional comments.
Figures [§|and [9]show the direction-selection and proposal-review interfaces for the select revision.
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Table [§| reports mean positive counts per revision out of eight experts. Direction agreement uses a
frozen mapping between the initial choice and EvoAudit’s direction. Evidence support and problem
addressing count fully positive responses, while endorsement counts approval to validate without
further changes. Each measure sums positive counts across the four revisions and divides by four.
Assignments, proposal versions, questions, and aggregation rules were frozen before formal review.
All formal judgments are retained, and subsequent changes receive new proposal versions.
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Version Iteration Proposal Evaluation [235°8 Download progress Import backup

Question10f4 o completed

When several versions share the highest score, which one should be selected?

Why must one version be selected? How should the version be selected?

One existing candidate version must be selected to generate a subsequent
When several versions tie for the highest score, which one should be

selected?

version.

is i ?
How s it selected now? ) Compare task-level results and select the version with fewer

Select the highest-scoring eligible version. If several versions tie for the highest regressed tasks.
score, select the one saved first.

O Run additional tests within the existing evaluation resources before
What did the tests show? selecting a version.
In an existing test, two tied top versions regressed on different numbers of tasks
relative to the initial version. The initial version is the version from which these ) Use a predefined reproducible rule to try different tied versions.
candidates were generated.

O Continue selecting the version saved first.
What remains unknown?

Whether choosing the version with fewer regressed tasks will produce a better ) There is not enough information to decide.

subsequent version.

O Another approach.

After submission, the proposed approach will be shown. The choice is locked so it
continues to represent your judgment before seeing that proposal.

Saved in this browser; not sent to the researcher.

Download a backup before closing

Figure 8: Human review of select before proposal disclosure. Experts inspect the original rule and
evidence, then submit their preferred revision direction.
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What does the author propose? Your choice: Compare task-level results and select the version with fewer

. . d tasks.
When several versions tie for the highest score, select the version that regressed FOCEENES
on fewer tasks relative to the initial version. A

Review the proposed approach
« Use the same test tasks.

Does the page provide enough support for this proposed change?
« Use the same number of test runs.

* Require complete and comparable task-level results. * Enough support

If task-level results are missing or not comparable, use a predefined reproducible

random choice. O Some support, but important gaps remain
‘Why this approach? O The information does not support this reason

Versions with the same total score may perform differently on individual tasks.
) Not enough information to judge
What still needs to be tested?

Measure how often the rule activates, how often it changes the selection, and Does the approach address the difficulty of distinguishing tied
whether the selected version produces better subsequent versions. versions?

O It largely addresses the problem
) It addresses only part of the problem
O It does not address the problem
2 Not enough information to judge

‘What should happen next?
O Test this approach as written
D Revise the approach before testing
) Do not continue with this approach

2 Not enough information to decide yet

Optional comments

Add comments if needed.

Saved in this browser; not sent to the researcher.

Download a backup before closing.

Figure 9: Human review of select after proposal disclosure. Experts inspect the revision and its
reasoning, then assess evidence support, problem addressing, and endorsement for validation.

F.4 COMPARISON WITH EXISTING EVOLUTION METHODS

We compare archived 20-generation runs of AHE, HyperAgents, A-Evolve, and GEPA with separate
20-generation AGE runs on both primary benchmarks and harnesses. Each frozen Champion receives
eight benchmark passes against its matching Seed. Table D]reports reliability, coverage, task turnover,
and deployment and evolution costs. Evidence-collection and analysis/design-agent costs are recorded
separately from online evolution.
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G EVOLUTION TREES

The following figures show all sixteen archived evolution runs, each comprising the Seed and 20
generation attempts. Unsuccessful attempts are retained. Arrows follow the recorded parent-to-
child relationships, not chronological adjacency; layout positions and node colors do not indicate
performance or acceptance decisions.
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Figure 10: Evolution trees on 72-Banking with MiniSWE. Nodes are labeled by generation, with 0
denoting the Seed. Blue marks the Champion used in the paper and its ancestral path.
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3-Banking | Codex
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Figure 11: Evolution trees on 73-Banking with Codex. Nodes are labeled by generation, with 0
denoting the Seed. Blue marks the Champion used in the paper and its ancestral path.
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Terminal-Bench 2 | MiniSWE
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Figure 12: Evolution trees on Terminal-Bench 2 with MiniSWE. Nodes are labeled by generation,
with 0 denoting the Seed. Blue marks the Champion used in the paper and its ancestral path.
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Terminal-Bench 2 | Codex
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Figure 13: Evolution trees on Terminal-Bench 2 with Codex. Nodes are labeled by generation, with 0
denoting the Seed. Blue marks the Champion used in the paper and its ancestral path.
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