SEPO: Evidence-Grounded Prompt Optimization via

Structural Editing

Xiaoyu Ma*' Haoyue Liu*f
Zhichao Wang® Ye Chen”

Yiwen Li* Jionghao Zhu*
Xiaoying Tang®*<*

#School of Science and Engineering, The Chinese University of Hong Kong, Shenzhen
*Shenzhen Future Network of Intelligence Institute (FNil-Shenzhen)
©Guangdong Provincial Key Laboratory of Future Networks of Intelligence, CUHK(SZ)
“Xi’an Jiaotong University

Email: xiaoyuma@link.cuhk.edu.cn,

TEqual contribution.

Abstract

Existing API-only prompt optimisers are of-
ten described as interpretable, but in practice,
this usually means only post-hoc inspectability:
each iteration still rewrites the prompt as one
opaque string, leaving a trace of full-prompt
diffs rather than localisable, machine-readable
edits. This paper introduces SEPO (Structural,
Evidence-grounded Prompt Optimization), a
multi-trajectory prompt optimiser centred on
edit-effect lineage feedback. Rather than treat-
ing each iteration as an isolated whole-prompt
rewrite, SEPO locally edits stable, typed units
in a two-layer prompt schema, links the tar-
get and realised structural operations of each
edit to the examples it newly fixes or breaks,
and carries this edit—effect record forward to
guide later architect calls on the same search
branch. This makes prompt optimisation ad-
dressable, attributable, and actionable. Across
a 14-task held-out suite, SEPO improves over
the strongest baseline, GEPA, by 3.1 pp on
Llama-3.1-8B-Instruct and 2.2 pp on Qwen3-
8B, reaching 61.9% and 73.3% macro accuracy.
SEPO also lies on both the optimisation-time
and test-time Pareto frontiers, spending 2.9M
optimisation tokens versus 4.1M for GEPA and
producing prompts over 5X shorter.

1 Introduction

Prompt optimisation has become a de-facto recipe
for adapting frozen LLMs to new tasks without
weight updates: an architect LLM proposes a
rewrite, the candidate is scored on a training set,
and the cycle repeats (Ramnath et al., 2025; Yang
et al., 2024; Pryzant et al., 2023; Agrawal et al.,
2026; Yuksekgonul et al., 2025). Despite being
commonly described as interpretable, most API-
only prompt optimisers still expose the same under-
lying interface: each iteration rewrites the prompt
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Figure 1: SEPO at a glance. SEPO makes localised,
evidence-grounded edits (blue) to a structured prompt
(top), each traceable to examples it fixed or broke,
whereas monolithic rewriters rewrite the whole prompt
(blue), opaquely (bottom).

as one opaque string. The resulting trace is there-
fore a sequence of full-prompt diffs: it shows that
the prompt changed, but not where the relevant
change occurred, why it was made, or which exam-
ples it helped or harmed. This limitation persists
whether the rewriter is driven by text-gradient feed-
back or by LLM-as-optimiser sampling: the unit of
edit remains the entire prompt.

A handful of recent structured optimisers begin
to challenge this single-string interface. Some ex-
pose local edit targets, such as factor-, section-,
token-, or tree-level units (Schnabel and Neville,
2024; Liu et al., 2026b; Sharma and Henley, 2026;
Jain and Chowdhary, 2025; Kumar et al., 2025);
others attribute failures to semantic units or agent
contributions (Chen et al., 2026; Xia et al., 2026;
Zhang et al., 2026); and reflective or self-evolving
optimisers improve search with archives, critique,
and synthesis (Agrawal et al., 2026; Agarwal et al.,
2025). Existing prompt optimisers typically update
a prompt based on failures surfaced in the current
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round. However, rules added to address those fail-
ures can also change the worker’s behaviour on
examples that it handled correctly under the parent,
thereby introducing new regressions. Without this
parent-to-child transition, later iterations may con-
flate persistent failures with regressions introduced
by the preceding edit, leading to repeated rule ac-
cretion or another broad prompt rewrite. This can
cause prompt bloat and make effective improve-
ments harder to preserve across iterations.

In this paper, we propose SEPO, a multi-
trajectory prompt optimiser that addresses this
problem through edit-effect lineage feedback. Each
edit targets a stable typed unit in a two-layer prompt
schema; after the candidate is evaluated, SEPO
links the target and realised operations of the edit
to the examples it newly fixes or breaks and reuses
this record in later architect calls on the same search
branch. To preserve trajectory diversity, SEPO
combines example-level admission with Lexicase-
based parent selection (Spector, 2012), keeping
specialists alive for rare training examples.

We evaluate SEPO on a 14-task held-out suite
using Llama-3.1-8B-Instruct and Qwen3-8B as
worker models. We cap optimisation at 2000 met-
ric calls per task and seed—one metric call eval-
uates 1 on one training example, consuming one
Worker LLLM forward pass. Under this matched
budget, SEPO reaches 61.9/73.3% macro accuracy
on Llama/Qwen—+3.1/ + 2.2 pp over the best of
six API-only baselines (GEPA)—while landing on
both optimisation- and test-time Pareto frontiers.

Our contributions are four-fold.

(i) We introduce SEPO and its core mechanism,
edit-effect lineage feedback. This mechanism links
the target and realised operations of each local edit
to the examples it newly fixes or breaks and reuses
this record in subsequent edits on the same search
branch, making prompt optimisation addressable,
attributable, and actionable.

(ii) We provide a controlled API-only compari-
son on a 14-task held-out suite covering reasoning
(BBH, GSM-Hard), coding (MBPP+), multi-hop
question answering (HotpotQA), and multidomain
tasks from MMLU-Pro. Under the matched 2000-
metric-call budget, SEPO consistently matches or
exceeds six API-only baselines across both worker
models, winning at least 11/14 tasks against every
baseline.

(iii) We show that the gains from structured,
lineage-aware editing are strongest on procedu-

ral, multi-step tasks—most clearly Word Sorting
(+18.9pp over GEPA on Llama) and MBPP+
(+8.7 pp on Qwen).

(iv) We show that SEPO sits on both the
optimisation-time and test-time Pareto frontiers,
spending 2.9M optimisation tokens and 203k de-
ployment tokens per cell—compared with 4.1M
and 424k for GEPA—with prompts over 5x
shorter than GEPA’s and remaining 6.9 pp above
APSF, the only other method on both frontiers.

2 Related Work

Monolithic whole-prompt rewriting. A first
family rewrites the prompt as an opaque string un-
der a scalar validation reward (Ye et al., 2024):
APE (Zhou et al., 2023) samples and re-scores in-
structions, OPRO (Yang et al., 2024) casts the LM
as a numerical-feedback optimiser, GrIPS (Prasad
et al., 2023) searches with gradient-free opera-
tors, and ProTeGi (Pryzant et al., 2023) intro-
duces “textual gradient” beam search, extended
by TextGrad (Yuksekgonul et al., 2025) to text-
level backpropagation. Lacking component-level
addresses, a rewrite that breaks one example yields
no localisable change to attribute, and its trace col-
lapses to untyped full-prompt diffs.

Structure-aware factorised optimisers. A sec-
ond family exposes components as first-class units:
scaffold-based methods optimise per-module in-
structions and demonstrations over a user-specified
program (DSPy+MIPROv2 (Khattab et al., 2024;
Opsahl-Ong et al., 2024)); fixed-template methods
refine each section of a cross-task schema (Mod-
ular Prompt Optimisation (Sharma and Henley,
2026)); type-aware methods allocate repair oper-
ators by failure type (TARA (Liu et al., 2026a));
decomposition-based methods use a predefined tax-
onomy (Task-Facet (Juneja et al., 2025)) or self-
discovered factors (aPSF (Liu et al., 2026b)); and
principle-aware variants refine via multi-aspect cri-
tique (CriSPO (He et al., 2025)) or generalisable
criteria (ZERA (Yi et al., 2025)). Although these
factorisations expose local editable units, they typi-
cally do not explicitly link each realised edit to the
examples it newly fixes or breaks, or carry this edit—
effect relation forward along the search branch.

Reflective and evolutionary search with diver-
sity. A third family uses natural-language reflec-
tion (Shinn et al., 2023), population diversity, or
prompt-aware evaluation scheduling (Ma et al.,

40365



Archive A (Entry Pool)

" Selected Parent p i}

2. Shared Evidence

Example-level Evidence

Last Edit Evidence ?

Candidate pn

Prompt + & +

B

Edit Metadata : d

" Gate 2: ADMIT |

= touched by last edit € (g — p)
O Training Probe

i
i
i
i
i
i
i
i
i
i
i

[(Rue1 |t |[ Rule1 ;
i
i
i
i
i
i
i
i
i
i
i
i

-

|
|

| 5 Candidate p1 szica_se & gop

b 1 % Prompt L+ Selection .

L i 1 3 E € Newly Fixed Parent Schema T(p)

p { ; 1 10; p Step1 stepz || step3
A Candidate p2 ' ! H

B | e - g et

V! rompt + £ + ' H 5

p 1 7 Edit Metadata : Breaderumb £ + ° Newly Broken Rue2 || |[ Ruez |
" | 74 Edit Info

[ d

il ' (

|

|

i

|

|

|

N

Add / Refine / Merge / Drop ...

Gate 1: Precheck! !

(c.p. A, %)

Archive Entry.

Parent Schema T(p)

Typed

Input: Parent Schema T(p)

\
1
1
1
1
1
1
1
1
1
1
1
1
1
1

i
]
|
]
1
1 ———

D [Co=: ————\r e Operator o(c):
L E=] = Step1 Step2 Step3 argets T Step1 Step 2 Step3
1 ~
“ @ ] o ‘ e R‘ 1 Rule 1 Rule 1 Rule 1
“ I I \ ‘ Unique Coverage » ) - —Rm 5 Rie2 ‘ MB 5 BD ‘ Rule 2 Rule 2 Rule 2 Add / Drop /
i = S ) > i)
] d ; | Prompt Schema !
[ + Breadcrumb € 1, T Teraet Space p

Space Child Schema T(c)
I\ Fullc(c)on D H i i : arget Sp :
p ( ) ° ! : : Shorter Pf‘DmPf y Edn‘ MCTOdOTO 3 : H Step1 Step 2 Step 3 ]
{ (Target t, Op o, : H @ Step-level edit 1 P =P b
] Evidence E, : i :
i E Score <(c)) : : ’_?_ outline-level Rule 1 Rule 1 Rule 1
! | | & @ structural change }
] : ! Rule 2 Rule 2" Rule 2
] i ﬁ full backbone :] :]
i : ' H L )
\ \ 1
’

Higher Score |

Figure 2: Per-iteration overview of SEPO. Parent selection (§3.4) draws from the archive A; the lineage-aware
minibatch and breadcrumb (§3.3) feed the attribution and patch architects; the resulting child is gated by Gate 1
(subsample precheck) and admitted under the three example-level rules of Gate 2 (§3.4).

2026). Self-Refine (Madaan et al., 2023) and
ProMST (Chen et al., 2024) show that iterative
feedback can substitute for an explicit scalar score,
and population-based methods add diversity: Evo-
Prompt (Guo et al., 2024) ports Genetic Algorithm
and Differential Evolution operators onto a prompt
population, Promptbreeder (Fernando et al., 2024)
co-evolves mutation prompts alongside the task
prompts they edit, GEPA (Agrawal et al., 2026)
(Genetic-Pareto) couples per-module reflective mu-
tation with a Pareto-frontier archive, and Promp-
tAgent (Wang et al., 2024a) runs Monte-Carlo
tree search with reflective error feedback. Out-
side prompt optimisation, verifier-grounded plan-
ning has likewise paired typed structural patches
with deterministic constraint checking (Wang et al.,
2026). Yet even when archives or search trees pre-
serve multiple candidates, reflection often remains
centred on the current candidate’s traces, without
linking an edit’s target and realised operations to
the examples newly fixed or broken in the parent-
to-child transition, or carrying this record forward
to subsequent edits on the same search branch.

3 Method

SEPO is a multi-trajectory prompt optimiser: each
iteration applies one local edit to a structured
prompt and records the edit together with its

example-level outcomes as an edit-effect lineage
state, making the optimisation process auditable
and providing reusable feedback for later edits on
the same search branch. SEPO rests on three prin-
ciples. (P1) Localised edits over stable, address-
able prompt units give every edit an explicit target
(§3.2). (P2) Edit-effect lineage feedback uses two
architect calls, artribution and patch. Both calls
share an evidence packet comprising the parent’s
preceding edit, the examples that edit newly fixed
or broke, and the associated breadcrumb (§3.3).
(P3) Trajectory-diverse archiving uses example-
level admission and Lexicase-based parent selec-
tion to determine which candidate branches merit
further search (§3.4). Figure 2 and Algorithm 1
detail one iteration.

3.1 Problem Setup

We assume a frozen worker LLM W for down-
stream inference and a frozen architect LLM A
used in the two roles described in §3.3. Given a
task 7" with a training set Dy, used during optimi-
sation and a disjoint held-out test split, we optimise
a schema s according to

s* = argmax E(x,y)NT[M(W(Svl‘)a y)]7 (H
S

where 1 is a binary task metric and W (s, ) is the

worker’s output under the prompt rendered from
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s, with the expectation estimated by the empirical
mean over Di,.. For each s we record its score
vector c(s) € {0,1}Pu| and correct set C(s) =
{i : ¢(s); = 1} under a budget of B metric calls.

3.2 Prompt representation

Unlike whole-prompt rewriters without local fail-
ure addresses, we represent each candidate with a
task-agnostic two-layer schema:

s = (aa {Pj}T:1)a 2

A top-level outline o = (a,...,ak) preserves
global intent, while each rule p; is attached to one
step and constrains local edits without fragment-
ing context. The attribution architect targets one
step or the whole outline, and the patch architect
revises it (§3.3). Linking each addressable edit to
its example-level effects provides the interface for
edit-effect lineage feedback; other representations
can provide the same interface. The schema below
instantiates Eq. 2 for BBH Word Sorting with K'=3
outline steps and step-local rules.

Operator label space. After each patch call, a de-
terministic parser extracts the child’s outline steps
and step-local rules; a structural diff against the
parent, together with the attributed target, then la-
bels each changed step or rule with one operator
from O,

o(c) £ INFEROP(DIFE(p,c), 7(c)), (3)

where INFEROP is deterministic and o(c) collects
one label per changed location; 7(c)=7 is the at-
tributed target assigned to the child. These labels
are recorded on the child for use in the next iter-
ation’s breadcrumb. The vocabulary O, the struc-
tural diff DIFF(p, c¢) (Algorithm 3), and the per-
location classification rule are in Appendix C.2.

Example schema (BBH Word Sorting, seed 45, test
acc. 58%)

Step 1. Understand the problem — read carefully, parse
all entities, and decompose into sub-questions if needed.
Step 2. Reason step by step.
- Copy the words EXACTLY as they appear after the
marker “List:”; do not substitute, invent, or import
any words from training data or memory.

- Count the input words once, then sort in strict A—Z
order in a single pass.

- CRITICAL: after sorting, do not re-process the list
(no re-reading or side-by-side checks)—both trigger
hallucination loops on this worker; output immedi-
ately.

Step 3. Output the sorted list.

- Output on the final line as “Answer: word1 word?2
. . .7 — exactly the extracted words, only re-
ordered, separated by single spaces with no com-
mas, newlines, numbering, or bullets.

3.3 Lineage-guided reflective edit generation

Each iteration of SEPO proceeds in five steps. We
(i) draw a parent p from the archive A (§3.4);
(i1) build an evidence packet from p and its grand-
parent g, comprising training examples that p’s last
edit broke or newly fixed, train probes, and a sum-
mary £ of what the last edit changed; (iii) run an
attribution architect call returning a typed target
7 (Eq. 4)—identifying either an edit within one
outline step or a structural change to the outline—
together with the failure reason; (iv) run a patch ar-
chitect call returning a full revised schema s, which
is parsed into the child c; (v) infer the realised op-
erators from the structural diff. After the child
is evaluated (§3.4), this completes its edit-effect
lineage tuple (7, ¢, o(c), effect) for later architect
calls on the same search branch.

Balanced evidence packet. Both architect
calls consume the same minibatch M =
(Mtocuss Manchor, Mirain ), Where for p’s last edit

NEWLY_BROKEN(p) = {i : c(g);=1, c(p);=0},

NEWLY_FIXED(p) = {i : ¢(g);=0, c(p);=1},

ai 2 AT “e(s)i € [0,1].
s€A

Mtocus samples NEWLY _BROKEN(p) with weights
w; o a; (the archive agreement on example 7),
over-sampling failures on examples the archive
shows the worker can solve rather than failures
likely caused by capability limits. The architect
uses these newly broken examples together with
train probes from My, to infer why the break-
ages occurred and to steer the next edit away from
the same failure mode; recovering in-capability
failures directly supports generalisation. My chor
draws from NEWLY_FIXED(p), preserving these re-
cent gains. Slot sizes and expressiveness arguments
are in Appendix D.1.

Fallback without regressions. When
NEWLY_BROKEN is empty—at cold start
(g=0) or when the parent’s last edit introduced no
regression on Dy,—the iteration drops Mp,.us and
uses Manchor together with My, ,iy. In this case, no
training regression is available to explain, so the
iteration continues improving on the train probes
while preserving one anchor.
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Attribution and patch. The attribution architect
consumes (p, M, £) and diagnoses where each error
arises in the schema and why it occurred, returning
a typed target 7 and failure rationale r,

(T7 T') - Aattr(pa M7 Z)a (4)

where 7 takes one of five typed forms:
* step <N>: edit confined to step N (the patch
architect may add, drop, refine, or merge rules

inside that step, or rewrite the step’s top-level
text);

* ADD step at <pos>: insert a missing reasoning
stage at outline position <pos>;

e SPLIT step <N>: split two conflated responsi-
bilities inside step N;

* DROP step <N>: remove step IV;

* backbone: rewrite the entire outline.

The attribution call returns only the edit location
T and failure rationale r, not a new schema. The
patch architect takes (p, 7,7, M, ¢) and emits a full
revised schema text

s = Apatch(p7 T, T Ma 6)7
¢ = PARSESCHEMA(s),

S))

Carry-forward lineage record. After produc-
ing and evaluating child ¢, we record its attributed
target 7, diff-inferred realised operators o(c), bread-
crumb ¢, and newly-fixed/newly-broken examples
as the edit-effect lineage tuple (7, ¢, o(c), effect);
effect stores the example sets, while reporting uses
only their counts. If ¢ is later selected as a parent, ¢
and these transition examples jointly condition the
next attribution and patch calls. The —LINEAGE
and —BREADCRUMB ablations (§4.3) remove the
lineage evidence and the breadcrumb summary ¢
respectively.

3.4 Example admission and Lexicase
sampling

To control evaluation cost, SEPO first evaluates
each child on the My, ,in probe slot and discards
candidates that do not strictly improve over the
parent on those probes. A child that passes this
precheck is evaluated on the remaining training
examples, reusing the probe results to complete its
full-training score vector, and is admitted into the
archive when at least one of the following holds:

@ C()\Usea Cls) #0
(®) |c| <|pl (©)
(©) > cle) > > c(p)

That is, the child adds unique coverage, is shorter
than the parent, or achieves a higher score than the
parent. The unique-coverage criterion preserves
specialists that solve rare training examples.

We select the next parent from the archive using
Lexicase selection (Spector, 2012) with probability
0.8 and uniform random sampling with probability
0.2. Lexicase filters candidates using a randomly
ordered sequence of training examples, preserving
specialists for difficult cases, while random sam-
pling retains additional exploration. Full budget
accounting and implementation details are given in
Appendix C.

4 Experiments

Experimental questions. We evaluate SEPO

through four questions:

¢ Q1: Held-out effectiveness. Under a matched
API-only optimisation and deployment protocol,
does SEPO produce stronger final prompts than
strong prompt optimisers?

¢ Q2: Edit-diagnostic mechanism. Are SEPO’s
gains driven by its edit-aware diagnostic loop,
rather than by generic reflection, static factorisa-
tion, or unlocalised prompt rewriting?

¢ Q3: Behavioral scope and auditability. Where
does SEPO help or fail, and do its edit traces make
these outcomes inspectable at evidence, target,
operator, and example-level effect?

* Q4: Cost-effectiveness. What optimisation-time
and deployment-time cost do SEPO’s gains re-
quire, and does SEPO remain competitive on
accuracy—cost trade-offs?

4.1 Experimental Setup and Protocol

Benchmarks. Our primary suite contains 14
held-out tasks spanning four families:

* BBH (8 tasks) (Suzgun et al., 2023; Srivastava
et al., 2023): causal judgement, date understand-
ing, disambiguation QA, formal fallacies, logical
deduction over seven objects, reasoning about
colored objects, snarks, and word sorting, chosen
to cover BBH’s distinct capability types (world-
knowledge causal inference, temporal reasoning,
linguistic disambiguation, formal logic, multi-
step deduction, symbolic manipulation, sarcasm
understanding, and algorithmic sorting).

* MMLU-Pro (3 tasks) (Wang et al., 2024b): com-
puter science, economics, and psychology, span-
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Method BBH | Code | MMLU-Pro | Reasoning | Avg
Caus.  Date Disamb.  Fall  Deduct. Obj.  Snarks Word. |MBPP+| CS  Econ. Psych. |GSM-H HQA |
Worker LLM: Llama-3.1-8B-Instruct
Seed 37.5+0.0 66.7+0.0 61.740.0 44.5+0.0 45.0+0.0 82.5+0.0 7244100 0.0+0.0 | 57.34+0.0 | 44.740.0 57.5+0.0 56.7+0.0 |35.8+0.0 25.0+0.0|49.110.0
OPRO 5994132 652103 658141 42.8:35 457152 81.8190 82313 52406602414 [41.0426 522426 59.8426 (3024409 69.6457 (544439
APSF 52,6483 682412 628124 458473 452443 835413 768440 2524120607423 487145 578428 603123 30.1425 51.9411.2(55.044.7
MIPROV2 63.3+129 67.842.3 652447 493486 445422 79.0+17 76.6414 3.3+0.3|56.042.2 [47.3430 527419 593426 372421 625411 |54.6426
MPO 52,6433 732469 67.042.2 448140 477144 837451 7504121 56.5+2.2(59.0+41.7 |47. 7414 555+4.6 56.0+0.0 |33.842.0 67.6+0.958.6+3.0
GEPA 599138 753461 645166 47.5422 47.04309 86.0431 773121 3931183 |60.041.3(465130 545413 593442372401 684419 |588443
SEPO 61.1446 765443 688146 508436 473121 875409 823+16 582+13|62.64158|46.7+18 5884128 587418 37.6+18 70.2435|61.9+26
Worker LLM: Qwen3-8B (HQA = HotpotQA Hard)

Seed 56.9+0.0 83.840.0 443100 46.0100 847100 94.510.0 76.0+0.0 53400 15.74+0.0 | 68.7+0.0 73.8+0.0 66.240.0|48.640.0 35.5+0.0/|57.11+0.0
OPRO 60.6+32 787418 66.0+7.0 473436 86.7+42 97.0422 823416 7741.3[667+1.0(69341.2 750422 67.743.0|69.040.0 32.842.3|64.8125
APSF 557445 843423 650413 642400 795413 943423 776455 315406 |68.7+1.2(66. 7128 752408 66.7+31 538475 38.9+1.1|659429
MIPROV2 57.7+1.3 86.0+2.2 77.042.3 56.7+144 83.5+3.0 973408 812428  6.7+6.7|683+1.2|69.5122 760409 683+12|62.8+08 32.7+1.1|66.0+2.9
MPO 56.7+3.0 86.0+43 705472 67. 7190 80.5+31 97.7+0.8 78.1+36 50.5+0.9|67.541.7|65.0+1.7 77.5+13 64.0423|62.610.0 353+29|68.5+31
GEPA 61.1:+15 863412 745426 785471 887125 985413 78.6439 51.7+53|64.041.3(69.0422 733412 675413675411 36.5+0.7 | 711424
SEPO 589437 900417 777414 757449 923430 99.0409 82.6430 54.7+39|72.7+1.1 (708413 7624108 66.7+2.0 7004180 3914106 |73.3+2.6

Table 1: Held-out test accuracy (%) on the 14-task suite; mean over three seeds (subscript: std). Tinted bold cells
mark the best per Worker LLM block. HotpotQA: Medium (Llama), Hard/HQA (Qwen).

ning a technical, an economic—quantitative, and
a behavioural-social domain.

* Code: MBPP+ (Liu et al., 2023), scored by
pass@1 (Chen et al., 2021).

* Reasoning: GSM-Hard (Gao et al., 2023) and
HotpotQA (Yang et al., 2018) (Medium split un-
der Llama, Hard split under Qwen).

Models. We run our pipeline with two frozen
Workers of different architecture and capability to
test cross-family generalisation:

¢ Worker LLMs: Llama-3.1-8B-
Instruct (Grattafiori et al., 2024) and Qwen3-
8B (Yang et al., 2025), temperature 0.0 for
deterministic metric evaluation.

* Architect LLM: Qwen3.5-397B-A17B (Qwen
Team, 2026), temperature 0.7 to encourage di-
verse candidate edits.

Baselines and protocol. We compare SEPO
against six API-only baselines—an unoptimised
SEED prompt, APSF, OPRO, MIPROV2, MPO,
and GEPA—under a shared budget of 2000 metric
calls per task and seed (architect LLM calls are not
counted toward this budget). This matches DSPy
/ MIPROV2’s max_metric_calls=2000 (Khattab
et al., 2024; Opsahl-Ong et al., 2024). All meth-
ods start from the same task-agnostic understand—
reason—answer seed on every benchmark. The
cross-worker HotpotQA column is not comparable:
Llama uses Medium because limited worker head-
room compresses performance on Hard, whereas
Qwen uses Hard (Appendix G.2). The minibatch’s

three slots (Mfocuss Manchor, Mirain) have sizes
(ng,na;ner) = (2,1,3). We report macro ac-
curacy (unweighted 14-task mean), per-baseline
win rate, optimisation/deployment tokens, and final
prompt length; full configs in Appendix A.2.

4.2 Q1: SEPO Beats All Baselines on Both
Workers in Macro Accuracy

=@= SEPO (Ours)

=0~ GEPA

—— MPO
APSF
MIPROV2
OPRO

62.5 1

Macro accuracy (%)
[$)] [$,) o [&)] [=)]
S N g 3 9
o v (=] w o
1 1 1 1 1

Seed

T T T T
0 500 1000 1500 2000
Optimization metric calls

Figure 3: Budget-matched accuracy curves (Llama-
3.1-8B-Instruct). Test accuracy at metric-call budgets
0/500/1000/1500/2000.

We evaluate whether structured, lineage-aware
editing yields stronger held-out prompts than com-
peting optimisers under a matched API-only proto-
col; per-task results are in Table 1.

1. SEPO reaches 61.9% on Llama (43.1 pp over
GEPA; > 3.3 pp over the rest) and 73.3% on
Qwen (+2.2pp over GEPA; > 4.8pp over
the rest), beating GEPA on 13/14 (Llama) and
11/14 (Qwen), and > 11/14 against every other
baseline under both workers.
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2. The gains span procedural and reasoning
families—BBH (+4.5/ + 1.6pp), Code
(MBPP+, +2.6/+8.7 pp), and Reasoning (Hot-
potQA + GSM-Hard, +1.1/ + 2.5 pp)—ruling
out a single-domain artefact, and concentrate on
procedural tasks where one failed local sub-step
can invalidate the final answer. Word Sorting is
the clearest case: SEPO is best under both work-
ers (Llama 58.2% / Qwen 54.7%, +18.9pp
over GEPA on Llama; the seed collapses to
0.0% on Llama), and MBPP+ shows the same
pattern (62.6% / 72.7%). On the MMLU-Pro
multidomain tasks, SEPO remains within the
leading cluster but with thinner per-task mar-
gins, illustrating that the magnitude of prompt-
optimization gains varies across task families.

3. SEPO also reaches a given accuracy with fewer
metric calls: at every metric-call budget in Fig-
ure 3 it stays at or above every baseline, so its
lead holds across the budget axis and is not an
artefact of the 2000-metric-call cap.

4.3 Q2: Each Principle (P1/P2/P3) of SEPO is
Load-Bearing

We ablate three principles to test whether SEPO’s
gains are driven by its edit-aware diagnostic loop,
not by generic reflection or unlocalised rewrit-
ing. We isolate four single-removal variants—
—ATTRIBUTION (drops P1), —BREADCRUMB
and —LINEAGE (drop P2 at two strengths), and
—MULTITRAJ (drops P3)—and analyse their accu-
racy, length, and acceptance signatures.

We ablate on five tasks spanning code, math, tem-
poral, linguistic, and multidomain tasks (MBPP+,
GSM-Hard, BBH Date, BBH Snarks, and MMLU-
Pro CS). Every single-removal variant costs 1.8—
4.7 pp on the five-benchmark diagnostic average,
with the largest damage on procedural multi-sub-
skill tasks. Matched proposal-level controls further
isolate these roles: random targets reduce net gain
from +2.5 to —1.7 examples per 100 proposals,
while replacing newly broken cases with random
current errors reduces it to +-0.8 (Appendix H.3).

Each variant leaves a distinct signature in Table 2
and Figure 4; P1-P3 below.

P1 — typed targeting localises edits. Removing
the attribution architect (—ATTRIBUTION) inflates
prompt length 1.97x (228—450 tokens), drops ac-
curacy 3.1 pp (Table 2), grows each edit ~1.7x in
diff size (2.23—3.77), and lowers acceptance from
0.354 to 0.305 at matched compute (318 vs 320

Variant P Acc o AAcc Len.
Full SEPO — 611 22 — 228
—ATTRIBUTION P1  58.0 2.5 —-3.1 450
—LINEAGE P2 582 1.5 —-2.9 292
—BREADCRUMB P2 593 2.0 —1.8 235
—MULTITRAJ P3 564 23 —4.7 198

Table 2: Aggregate ablation on the five-benchmark
diagnostic subset (Llama-3.1-8B-Instruct; 3 seeds; o
std). Acc. %, Len. tokens; bold/italic: cells discussed
in P1/P3. Breakdowns: Appendices H.1, H.2.

Acceptance rate (T higher is better)

8035+ L anchor = 0.354
3 o

20301 o . 0.325
g 0.298 0.305

8 0.251

<

—Lineage Attribution —Breadcrumb  Full SEPO

Edit diff (! smaller is belt}eg]‘%

4
[ ]

w

2.32 2.23
° o * anchor = 2.23
2.01 2.07 . . .

Lineage  —Attribution —Breadcrumb  Full SEPO

Avg. diff per edit
o

Figure 4: Edit-quality signature. Stem length = each
variant’s drift from the Full SEPO anchor (dashed) in
acceptance rate (top) and average edit size (bottom),
sorted by acceptance; colour = principle (P1/P2/P3).

candidate edits; Figure 4). Both signatures share
one mechanism: SEPO edits one step per iteration
and accumulates, with 7 enforcing the per-iteration
target. Without it, the patch architect lacks a single
target, so it touches multiple steps at once — larger
edits inflate length and clear admission less often.
The damage concentrates on linguistic-reasoning
tasks (§4.2), whose compositional rule scaffolds
are most fragile under multi-region rewrites (BBH-
Snarks —8.5 pp, Table 3).

P1 P2 P3
Task —ATTR —LIN —BRD —MT
BBH Date —2.5 —4.3 —-0.5 —4.7
BBH Snarks —8.5 —-3.8 —5.7 —-7.3
MBPP+ —-1.7 —4.1 —2.8 —-7.0
GSM-Hard —-1.2 —2.6 —-0.6 —2.5
MMLU-Pro CS -1.7 +0.1 +0.3 —2.2

Table 3: Per-task AAcc (five benchmarks, Llama-3.1-
8B-Instruct). Bold: largest drop per variant; italic row:
scope-negative case. Full heatmap: Appendix H.2.

P2 — edit-effect lineage feedback supports net-
positive edits. —BREADCRUMB (removes the
prior-edit trace £) costs 1.8 pp, while —LINEAGE
(removes ¢ and the newly-fixed/newly-broken tran-
sition information) costs 2.9 pp (Table 3). These
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nested ablations indicate complementary roles: ¢
summarises what changed, while the transition ex-
amples identify which cases were newly fixed or
broken; together they guide the next edit. The ef-
fect is most pronounced on procedural, multi-step
tasks that require sequencing local rules, whereas
MMLU-Pro CS is roughly indifferent, illustrating
that the benefit of lineage evidence varies with task
structure.

P3 — archive escapes local optima of greedy
editing. —MULTITRAJ disables the archive and
Lexicase selection (best-only, greedy single-
trajectory editing) and drops 4.7 pp at a shorter
prompt (x0.87, 228 — 198 tokens) with accep-
tance falling from 0.354 to 0.238 (Table 2, Fig-
ure 4); the result is consistent with a reduced ex-
ploration radius rather than prompt bloat. SEPO’s
archive mitigates this by keeping diverse candidates
alive: Admission (Eq. 6) retains unique-coverage,
shorter, or higher-scoring children rather than rank-
ing on a single scalar, and Lexicase parent selection
keeps rare-example solvers as future parents (Ap-
pendix H.4). The auxiliary controls show that re-
taining and revisiting multiple candidate branches
provides the dominant benefit, while Lexicase se-
lection and unique-coverage admission each add a
modest average gain.

4.4 Q3: Behavioral Scope and Auditability

Auditability. SEPO logs a typed tuple
(1,4,0(c),effect) for every child (§3.3); Fig-
ure 5 reads one packet end to end.

Audit packet for one SEPO edit (BBH Word Sorting)

Local target: 7 = step 3, the output formatting rule.

Parent breadcrumb ¢: previous edit added count/sort rules under step 2:
Count the input words once, then sort in strict A-Z order in
a single pass.

Observed side effect: 415 newly fixed on sorting, but with sorting now
reliable the worker renders output freely without format constraints,
newly breaking 4 correctly-sorted cases on format.

— Newly broken (focus): Ex #13 is sorted correctly but renders with
commas; Ex #16 breaks a word onto a new line — both fail the single-
line answer.

— Anchor kept: Ex #17 — already correct sort and correct format,
preserved by adding rather than overwriting.

— Train probe: an independent comma-joined case is likewise fixed,
so the rule is not confined to focus examples.

Patch on Step 3: one operation per failure mode.

O REWRITESTEP: rename step 3 to “Output the sorted list.”

+ ADDRULE: output on the final line as “Answer: word1 word2
...”” — exactly the extracted words, only reordered, separated
by single spaces with no commas, newlines, numbering, or
bullets (closes Ex#13/Ex#16).

Operator: o(c)={REWRITESTEP, ADDRULE}  Effect: +17 fixed,
—6 broken, 20— 31, kept.

Figure 5: A local audit packet (representative; full edit
tree in Figure 6, Appendix E).

The breadcrumb summarises the parent’s pre-
ceding edit, the focus examples show which cases
broke, the patch addresses those cases, and the
anchor plus train probe test whether the benefit
extends beyond the focus cases. Together, these
signals make the edit packet both retrospectively
inspectable and useful for guiding subsequent ed-
its. The walkthrough, the edit tree (Figure 6), and
example final prompts are in Appendix E.

Rule-level op # share Structural op # share
ADDRULE 423 754%  REWRITESTEP 34 7.3%
DROPRULE 147 31.7%  ADDSTEP 14 3.0%
REFINERULE 126 37.2%  SPLITSTEP 18 4.0%
MERGERULES 3 0.6% BACKBONE 1 03%

Table 4: Typed edit operations (14-task suite, 3 seeds;
N = 338 edits). # = total occurrences; share = % of
edits containing the op (one edit may use several ops
and repeat one, so shares sum to >100%).

Aggregated over the suite, the same log also
characterises how SEPO edits (Table 4). Edits stay
overwhelmingly step-local: structural rewrites
that add, split, or replace outline steps remain
rare, so localised editing is SEPO’s dominant edit-
ing mode, in contrast to monolithic whole-prompt
rewriting. Each edit is also composite—most add a
rule while many also drop or refine one—so SEPO
actively prunes and revises rather than merely ac-
creting.

4.5 Q4: SEPO Dominates Cost-Effectiveness
across Architect and Worker Channels
We compare SEPO’s optimisation- and deployment-

time costs in Table 5.

SEPO achieves the best p under a shared bud-
get by trimming both the architect and worker

Opt. (M tok) p  $lcell Ps

(USD) (pp/$)

9.95 2440 358 0.53 1.66 3.2
6.12 2084 230 090 0.89 62
2.82 157.8 65 2.09 0.19 31.1

Dep. Len.

Method Acc. Arch. Work. Total (k) (tok)

OPRO 544 684 3.1
MIPROV2 54.6 352 2.60
APSF 550 0.69 213

MPO 58.6 0.19 340 3.59 261.0 416 265 015 633
GEPA 58.8 023 3.88 4.11 4237 1,324 236 0.18 539
SEPO 619 034 259 293 2032 236 437 0.17 753

Table 5: Efficiency decomposition (Llama-3.1-8B-
Instruct, 14-task macro). AAcc is each method’s gain
over the Seed prompt (49.1%). p=AAcc/Total Opt.
(pp/M tok); ps=AAcc/($/cell) (pp/USD); list prices,
exchange rate, and per-benchmark breakdowns in Ap-
pendix G.3.
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channels, while every baseline overspends on at
least one. Table 5 decomposes the cost drivers
and reports the cost-effectiveness ratio p. SEPO
reaches p=4.37 — 1.6 x the next-best MPO (2.65),
1.9x GEPA (2.36), 2.1x APSF (2.09; lowest to-
tal opt. but 6.9 pp weaker), and 5-8x MIPROV2
(0.90) / OPRO (0.53). SEPO trims both channels
at once: localised edits hold the architect side to
0.34M tokens per cell (10-20x less than OPRO
and MIPROV2), and a 236-token prompt holds
worker optimisation to 2.59M (vs. GEPA 3.88M,
MPO 3.40M) and deployment to 203k per cell
(half of GEPA’s 424k). Each baseline overspends
on one channel — OPRO/MIPROV?2 on the ar-
chitect, GEPA/MPO on worker length. At list
prices, SEPO costs $0.17/cell (pg=75.3 pp/USD)
— ~10x cheaper than OPRO ($1.66), and within
$0.02 of MPO/GEPA ($0.15/$0.18) while +3.1 pp
more accurate.

5 Conclusion

We presented SEPO and its core mechanism, edit-
effect lineage feedback, which links each local
edit’s target and realised operations to the exam-
ples it newly fixes or breaks and reuses this record
in later architect calls on the same search branch.
A two-layer prompt schema provides a stable, ad-
dressable implementation. Across 14 tasks and
two workers, SEPO beats six API-only baselines
(4+3.1/+2.2 pp over the strongest, GEPA) and lies
on both the optimisation- and test-time Pareto fron-
tiers, yielding a stronger accuracy—cost trade-off.

Limitations

Instruction-space scalability. Our evaluation cov-
ers prompt lengths and instruction spaces repre-
sentative of existing prompt-optimization work.
Whether SEPO’s efficiency advantage extends to
substantially longer prompts or more compositional
agentic skills involving multiple steps, tool calls,
or state tracking remains open. Task-tailored
schemas. By design, SEPO tailors a schema per
task, yielding a task-specialised artefact rather
than a universal prompt; cross-task transfer is left
to future work. Evaluation setting. We eval-
uate SEPO only on single-turn, single-call, text-
based tasks; its structured, attributable edits may
suit broader domains—agentic pipelines and multi-
modal prompts—which we leave to future work.
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A Reproducibility Statement

This appendix consolidates the information needed
to reproduce every number in §4. Sections A.1-A.3
cover data, models, compute, and reporting con-
ventions; Sections B—C cover the SEPO loop and
architect prompts; Section F covers each baseline;
the remaining appendices report extended quantita-
tive results, ablations, and qualitative analysis.

A.1 Datasets, Splits, and Licences

Table 6 summarises the 14 held-out tasks used in
§4, drawn from five public benchmarks: BBH (8
reasoning sub-tasks), MMLU-Pro (3 subject sub-
tasks), MBPP+, GSM-Hard, and HotpotQA. For
each task we report the source benchmark, the num-
ber of optimisation-time training examples (|Dy,|),
the size of the held-out test split, the task metric,
and the source licence. All splits are fixed across
optimisers and seeds; the same indices are used for
every method. No example in Dy, overlaps with
the held-out test split.

Evidence-packet probes. Every task uses a fixed
training set Dy, and a disjoint held-out test split.
Evidence packets, including the Mi;4in slot in Ap-
pendix D.1, are constructed from this training set
after the focus and anchor slots have been selected.
This convention is used uniformly across BBH,
MMLU-Pro, MBPP+, HotpotQA, and GSM-Hard
(Table 6).

All datasets are used in accordance with their
licences and intended research-evaluation purpose.
None contains personally identifying information;
HotpotQA passages are drawn from Wikipedia un-
der the CC BY-SA licence.

A.2 Models and Decoding Configuration

We keep the evaluation harness fixed across opti-
misers and random seeds. The frozen worker LLMs
are Llama-3.1-8B-Instruct (Meta, 8.0B parame-
ters) and Qwen3-8B (Alibaba, 7.6B parameters);
each worker is used for both optimisation-time scor-
ing and held-out deployment. Worker inference
uses temperature 0.0, top-p 1.0, and a maximum
generation length of 2,048 tokens, so that metric
calls are deterministic under a fixed prompt and
example.

SEPO uses Qwen3.5-397B-A17B (a Mixture-of-
Experts model with 17B active parameters out of
a 397B total) as the architect LLM for the attri-
bution and patch calls, with temperature 0.7 and a

Task |D¢r| Test Metric Licence

BBH Causal Judgement 50 137 exact match MIT
BBH Date Understanding 50 200 exact match MIT
BBH Disambiguation QA 50 200 exactmatch MIT

BBH Formal Fallacies 50 200 exactmatch MIT
BBH Logical Deduction (7) 50 200 exact match MIT
BBH Colored Objects 50 200 exact match MIT
BBH Snarks 50 128 exact match MIT
BBH Word Sorting 50 200 exact match MIT
MMLU-Pro CS 100 200 multi-choice MIT
MMLU-Pro Economics 100 200 multi-choice MIT
MMLU-Pro Psychology 100 200 multi-choice MIT
MBPP+ 100 228 pass@1 Apache-2.0
GSM-Hard 200 400 exactmatch MIT
HotpotQA T 200 400 EM (string) CC BY-SA

Table 6: Dataset statistics and licences. All BBH and
MMLU-Pro splits follow each benchmark’s original
release. Every task uses the same evidence-packet con-
vention described above. THotpotQA split swap. We
use the Medium split under the Llama worker and the
Hard split under the Qwen worker. The two splits share
the same distractor-setting passages but differ in ex-
traction difficulty: the Hard split requires the worker
to resolve a distractor entity before extracting the an-
swer, while the Medium split has cleaner gold-passage
alignment. Under the Llama worker, limited answer
accessibility on Hard compresses performance across
optimisers; a matched Hard-split sensitivity test pre-
serves their ranking (Appendix G.2). We therefore use
Medium under Llama and Hard under Qwen. The impli-
cation is that the HotpotQA column in Table 1 (column
“HQA”) is not directly comparable between the Llama
and Qwen blocks; the gap across blocks reflects both
the worker change and the split swap.

maximum generation length of 16,000 tokens to en-
courage diverse candidate edits. Baselines are run
through their corresponding API-only optimiser in-
terfaces while sharing the same worker, data split,
and metric-call budget; baseline-specific architect
choices are reported in Appendix F.

A.3 Random Seeds and Reporting
Conventions

For each (method, benchmark) cell we run three
independent optimisation seeds; the deployment
held-out evaluation reuses the optimiser’s selected
prompt and is itself deterministic (temperature 0).
Tables report the seed mean with the standard devia-
tion as the subscript (e.g., 62.012.6). All accuracies
are reported in percent on the held-out test split,
not the training split used for optimiser feedback.

A.4 Use of AI Assistants

We used an Al assistant solely for English proof-
reading and stylistic polishing. All technical con-
tent, experiments, and conclusions were produced
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and verified by the authors.

B Prompts: Seed Schema and Architect
Templates

This appendix lists the three text artefacts that
ground every SEPO iteration: the cold-start seed
schema s, the attribution architect’s prompt tem-
plate, and the patch architect’s prompt template.
The schema parser at the end of the section is the
deterministic counterpart that converts the archi-
tect’s JSON output back into a two-layer schema.

B.1 Seed Schema and Initialisation

The cold-start seed schema s is task-agnostic: ev-
ery benchmark in our suite starts from the same
generic three-step backbone with no step-local
rules. This puts every optimiser on an equal footing
— no task-specific priors are injected into the seed
— and means the first iteration’s NEWLY_BROKEN
is empty by construction, so the loop enters the no-
regression fallback (Appendix D.2) on iteration 1.
The exact seed used in all runs is shown below.

Seed schema s (task-agnostic)

1. Understand the problem — read carefully,
parse all entities, and decompose into
sub-questions if needed.

2. Reason step by step.

3. Output the final answer on the last line
as: Answer: (X).

The seed has no step-local rules: all sub-rules in
the converged schema (e.g. the BBH Word Sorting
example in §3.2) are introduced by the patch archi-
tect during optimisation; no rule is copied from D,
or any benchmark-specific prompt template.

B.2 Attribution Prompt Template

SEPO’s first architect call returns a typed target 7
and a failure-pattern rationale; it does not rewrite
the schema. The prompt is identical across bench-
marks — only the schema text, the evidence packet,
and the breadcrumb vary per call. Below is the full
block structure of the attribution prompt; { }-braced
fields are populated at render time.

Attribution architect prompt

Your task: diagnose why the current schema
is failing, by reading parent’s behavior on
the train cases shown below. Decide which
single schema component to fix, and explain
why in your own words.

The schema is the worker’s system prompt

across MANY cases of this task family — not
just the few cases shown here. Your fix

should generalize to unseen cases of this
task family. Different evidence cases may
fail for materially different reasons; if
so, say that explicitly in your rationale
instead of forcing them into a single
narrative.

The schema has been refined across prior
optimization rounds via discrete, traceable
patches. The block below shows what the LAST
patch did, so you can analyse its observed
example-level effects.
{lineage breadcrumb /¢ -
before-state diff}

op-specific

=== CURRENT SCHEMA ===

(Numbered lines 1.7, 2.7, ’3.’ are
TOP-LEVEL STEPS. Indented ’-’ lines are
SUB-RULES belonging to the most recent
numbered step above them.)

{p}

=== END SCHEMA ===

=== Parent on train ===

{focus + anchor + train cases, each rendered
as Train Case #i with transition tag, Input,
Gold, Worker output}

=== ANALYSIS GUIDANCE ===

1. Read each evidence case yourself — input,
gold, worker output . . .

2. If evidence <cases span materially
different failure subtypes, say so explicitly
and pick the SINGLE dominant subtype to
target.

=== TARGET PREFERENCE ===
Choose the smallest target that explains the
dominant failure:
1. Use "step <N>" when the failure can be
repaired inside step N.
2. Use explicit structure targets only when
the top-level numbered step structure itself
is the problem:
- "ADD step at <pos>"
- "DROP step <N>"

- "SPLIT step <N>"

3. Use "backbone” only when the whole
1./2./3. macro structure is wrong.

=== QUTPUT ===

Return ONLY a JSON object:

{"target”: "step <N>" | "ADD step at <pos>"
| "SPLIT step <N>" | "DROP step <N>" |
"backbone”,

"rationale”: "1-2 sentences, MAX 300 chars”,
"supporting_observations": [2-4 short
observations]}

B.3 Patch Prompt Template

The second architect call consumes the same
evidence packet plus the attribution output
(7, rationale) and emits the full revised schema s.
We list the full block structure of the patch prompt
below; the style block uses the balanced variant in
every run of our launch scripts.
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Patch architect prompt

Your task: produce ONE revised version of
the schema below so the worker stops failing
on the diagnosed pattern.

The schema is the worker’s system prompt
across MANY cases of this task family; the
cases below are a small sample it will NOT
see again. Your patch must generalize.

A diagnosis has already been performed
(see THIS ROUND’S DIAGNOSIS below). Use it
together with the train evidence and the
lineage breadcrumb to decide what to change.
{lineage breadcrumb ¢}

=== THIS ROUND’S DIAGNOSIS ===

target: {7}

rationale: {rationale from attribution}

=== SCOPE RULE ===

For target=’step <N>’, target is the step at
the locus of the dominant failure. Choose
the smallest applicable operation below:

- edit an existing sub-rule under the target
step

- drop a sub-rule under the target step

- merge two overlapping sub-rules under the
target step into one

- add a new sub-rule under the target step

- rewrite the target step’s numbered
top-level text

If target is explicitly structural, execute
that structure edit:

- target="ADD step at <pos>’: insert a new
top-level numbered step at position <pos>.

- target="SPLIT step <N>’: split step N into
two consecutive top-level steps.

- target="DROP step <N>’: remove step N as a
top-level step.

- target=’backbone’: rewrite the global
top-level structure.

Sub-rules under non-target steps are
preserved unless they become irrelevant

after the change.

=== CURRENT SCHEMA ===
{p}
=== END SCHEMA ===

=== Parent on train ===

{focus + anchor + train cases with transition
tags}

=== STYLE GUIDANCE ===

From the worker responses and gold answers
above, identify the niche, task-specific
procedures, constraints, and edge cases the
worker is getting wrong, and encode each as
a directly executable rule with a worked
example. Avoid jargon; every rule must be
directly executable.

=== QUTPUT SCHEMA FORMAT ===

Schema: numbered points (1./2./3./...) with
"-" indented elaborations. Step text can
be a short imperative OR a longer paragraph
with persona/role context.

Example output for target=’step 2’ (adding
two task-specific sub-rules under step 2):
1. Understand the problem.

2. Reason step by step.

- When the option uses positive words to
describe an objectively bad situation,
classify as sarcasm.

- Compare literal meaning against real-world
facts; if mismatched, the option is
sarcastic.

3. Output the answer on the last line as:
Answer: (X).

In this example the backbone (1./2./3.) is
unchanged; only elaborations were added
under step 2.

=== QUTPUT FORMAT ===

Return ONLY a JSON object:

{"schema”: "<complete outline-tree
markdown>",
"rationale”: "one or two sentences explaining

what changed and why"}

B.4 Schema Parser

A deterministic parser extracts the outline step list
and per-step rule lists from the patch architect’s
JSON output. Across the attribution and patch
stages, our runs made 2,520 architect calls in total.
Of these, 58 patch calls (2.3% of all architect calls)
returned missing JSON or schema text that did not
match the “<N>.” regex. The corresponding chil-
dren were discarded with the audit tuple recorded
as parse_failure, and all consumed tokens were
included in the reported optimisation cost.

C Algorithm Details

We give two views of SEPO’s per-iteration loop. Al-
gorithm 1 is the slim, audit-tuple-first description
of one iteration, with explicit cross-references to
attribution (Eq. 4), patch (Eq. 5), operator inference
(Eq. 3), and example-level admission (Eq. 6). Algo-
rithm 2 is the engineering view that spells out the
helpers (parent selection, evidence-packet assem-
bly, breadcrumb rendering, subsample precheck,
archive capacity). The two algorithms describe the
same loop.

Metric-call accounting. The focus and anchor
slots provide cached parent outputs as architect ev-
idence; Gate 1 evaluates the new child only on the
ng examples in My,.in. A candidate rejected at
Gate 1 therefore incurs ns- new metric calls. For
a candidate that passes, these ny, child results are
reused and only the remaining |Dy,| — ny,- exam-
ples are evaluated, for |Dy;| new metric calls in
total. Below, COMPLETEEVAL evaluates only the
uncached training examples and then assembles the
full score vector with the cached Gate 1 results.
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Algorithm 1: SEPO: one iteration of
lineage-aware structural editing.
Input

:seed schema so; training set Dy, ; worker W
architects Aagtr, Apatch; probe size nsr;
metric-call budget B.

Output :archive A.

1 ¢(s0) < EVAL(W, so, Dir);
U < ‘Dtr|
while u + | D¢, | < B do
p < SELECTPARENT(A); g < 7(p)
// Lexicase w.p. 0.8; uniform w.p. 0.2
if g = 0 then
| NB,NF <« 0,0
else
L NB < {i: c(g)i=1, e(p)i=0};

A {So};

w N

// cold start

N N B

NF « {i : ¢(9)i=0, c(p):i=1}

8 M «+ (MfocuS7 Manchor7 Mtrain) // sampled
from (nb,nf,Dy,); fallback if nb=()

9 ¢ + BREADCRUMB (o(p), 7(p), +|NF|, —|NB|)

10 (r,7) Aam(p, M, E) // Eq. 4
1 S+ Apamh(p, 7,1, M, 6) // Eq. 5
12 ¢ < PARSESCHEMA(S); if ¢ = L then
continue // parse failure
13 w(c) «p; T(c) T3
o(c) < INFEROP(DIFF(p, c), (c))
// Eq. 3
14 CMypain (€) < EVAL(W, ¢, Mirain)
15 3 CMuain ()i < e, €(P)i

then u + =n.,; continue // Gate 1:
precheck

16 c(c)

COMPLETEEVAL(W, ¢, Di+r; €y, (€))

// reuse Gate 1 results

17 u + =|Dyr|

18 if Eq. 6 holds then A <— AU {c} // Gate 2:
admit

9 return A

—

C.1 Expanded Engineering View

Where each module appears. The five-module
decomposition of §3 maps onto Algorithm 2
as follows. Parent selection (§3.4) is the
LEXICASEORUNIFORM call; the counterfactual
minibatch (§3.3 Step 1) is BUILDMINIBATCH,
which contains the no-regression fallback when
NEWLY_BROKEN(p) is empty; the lineage bread-
crumb (§3.3 Step 2) is RENDERBREADCRUMB;
the attribution and patch architects (§3.3 Steps 3—
4) are the Auiir and Apaeen calls; the two-layer
schema (§3.2) is materialised by PARSESCHEMA
and the assignment of 7(c), 7(c) on the next line;
operator inference (§3.2) is the INFEROP call; the
subsample precheck and example-level admission
(§3.4) are SUBSAMPLEPRECHECK and ADMIT;
archive capacity is MANAGECAPACITY.

C.2 Operator Label Space

The schema of Eq. 2 is two-layer (a top-level out-
line plus step-local rules), so the operator vocab-
ulary O in Eq. 3 is naturally indexed by which
layer it edits. Table 7 lists the eight sub-operations
in O = Opyle U Oputline together with the archi-
tect’s target form 7 that elicits each one (the ar-
chitect chooses “the smallest applicable operation”
from these alternatives; see Appendix B.3). O.yie
contains four rule-layer sub-ops that act on the
step-local rule list, leaving the top-level outline
unchanged; Ogytiine contains four outline-layer
sub-ops that touch the top-level outline. Each sub-
op is its own o(c) label, so the post-hoc operator
takes eight distinct values; these are the eight labels
counted in Table 4 of the main paper.

The architect’s target T has a slightly richer sur-
face vocabulary (step <N>, ADD step at <pos>,
SPLIT step <N>, DROP step <N>, backbone;
see Appendix B.2) than o(c) because 7 pre-locates
the edit before the patch is written. The realised
o(c) is recovered post-hoc from the structural diff
(Alg. 3); the DROP step <N> target was never

Algorithm 2: SEPO expanded loop with
helper subroutines.

Input: seed so;;
training set Dyy;;
W, A
budget B;;
iter cap 1';
archive cap C';
(nf7 Na, ntr)-
Output: archive A.
c(so) < EVAL(W, s0, Dir)s;
A+ {so};;
w4 |Dirl;
fort=1,...,T do
if u + |D¢:| > B then break;
p < LEXICASEORUNIFORM(A) ;
// Lexicase w.p. 0.8; uniform w.p. 0.2
7 M < BUILDMINIBATCH(p, A, Dy, ) ;
// fallback when nb(p)=0
8 ¢ < RENDERBREADCRUMB (p, w(p));

Y

9 (1,7) + Aatee(p, M, €) ; // Eq. 4

10 54 Apaten(p, 7, 7, M, 0) ; // Eq. 5

1 if PARSESCHEMA (3) fails then continue;

2 ¢ < schema with 7(c)=p, 7(c)=T;

13 o(c) « INFEROP(DIFF(p, c), 7(c)); // Eq. 3

14 if SUBSAMPLEPRECHECK (p, ¢, Mirain) rejects
then u + =ny,-; continue;

15 c(c) + COMPLETEEVAL(W, ¢, Dy;) ;

// reuse Gate 1 results

16 U + =|Dixl;

17 ADMIT(c, p, A) ; // Gate 2, Eq. 6
18 if | A| > C then MANAGECAPACITY (A; C);

19 return A
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Sub-op Target 7 Effect on schema

Orule (rule-layer): 4 sub-ops, all under step <N>

ADDRULE step <N> insert sub-rule in step N
DROPRULE step <N> remove sub-rule from step N
REFINERULE  step <N> rewrite one sub-rule in step NV
MERGERULES step <N> merge two sub-rules in step NV

Ooutline (outline-layer): 4 sub-ops, one o(c) label each
REWRITESTEP step <N> rewrite step IN’s top-level text

ADDSTEP ADD step at <pos> insert new top-level step at <pos>
SPLITSTEP SPLIT step <N> split step IV into two steps
BACKBONE backbone rewrite entire 1./2./3. structure

Table 7: Operator vocabulary O decomposed by schema
layer. Each row is a sub-operation together with the ar-
chitect’s target form 7 that elicits it; each row also maps
to its own post-hoc o(c¢) label. All four rule-layer sub-
ops live inside one step’s rule list. All four outline-layer
sub-ops change the top-level outline structure or text
and are distinguished post-hoc from the diff together
with the typed target 7 (Alg. 3); the architect never de-
clares the operator label itself. The architect’s DROP
step <N> target form is supported in the prompt tem-
plate (Appendix B.2) but yielded no admitted children
in our 14-task x 3-seed runs, so it does not appear as
a separate o(c) label here. The verbatim patch-prompt
phrase eliciting each sub-op is given in Appendix B.3
(SCOPE RULE block).

admitted in our runs and therefore has no corre-
sponding o(c) label in Table 7.

Why DIFF is non-trivial. The patch architect re-
turns a free-form schema text s; it does not annotate
which child rule corresponds to which parent rule,
nor does it self-declare an edit operator. Recover-
ing o(c) € O therefore reduces to first computing
a structural parent—child alignment, after which
the operator label follows by counting non-empty
buckets. Because rules are short natural-language
strings, we align by sequence similarity rather than
by edit distance over tokens, and we use two thresh-
olds to separate three cases that the patch prompt ac-
tually distinguishes (Appendix B.3, SCOPE RULE):
a refinement of one parent rule, a merge of two
parent rules into one, and the introduction of a new
rule.

Algorithm 3 computes the diff at two levels. It
first aligns the outline steps in order, recording
added, dropped, refined, and copied step locations.
Within each aligned step pair, each child rule is
greedily matched against the top-two unused par-
ent rules from that same step under the similar-
ity 0. The three branches (REFINED, MERGED,
ADDED) are gated by the two thresholds 0p, 0 to-
gether with an exact-match shortcut (COPIED) and

Algorithm 3: DIFF(p, ¢) — deterministic
structural diff between a parent and child
schema. Used by INFEROP (Eq. 3) and the
breadcrumb renderer (Appendix D.3).

:parent schema p=(av,, {pp.i }:-, ) and child
schema c=(a, {pe,; 1= ), where
Ry i={ppoei} and Ror={po s 5} denote
the rule lists attached to parsed steps k and
k'; similarity o(s1, s2) (Python
difflib.SequenceMatcher ratio, € [0, 1]);
thresholds 6 g=0.55 (refine), 0,,=0.40
(merge).
Output : hierarchical diff D = (Doutiine, Drule)-
t H, Doutline < ALIGNOUTLINE(tp, ¢ 0)
// order-preserving step alignment
2 ADDED, DROPPED, REFINED, MERGED, COPIED <—
0
3 foreach aligned step pair (k, k') € H do

Input

4 USED|k, 4] <~ FALSEfori=1,...,|Rp |

5 forj=1,...,|R. | do

6 S <« list of (4, 0(pp,k,is Pe,ir,j)) for
—USEDIk, 7], sorted by o descending

7 if S =0or Si.0 < 0y then
ADDED + ={(k’,j)}; continue

8 (i*,8") < S1

9 if STRIP(pp,k,i* ) = STRIP(p, i’ ;) then

coPIED + ={(k,i*, k", j)};
USED[k,i*] +— TRUE; continue
10 if[S]|>2 A S2.0 >0 A s* <095 A
LOOKSLIKEMERGE(0p k,i* ; Pp.k,S.i5 Pe,k’ 5 )
then
MERGED + ={(k, ", S2.5,k",5)};
USED[k, i*], USED[k, S2.i] +

TRUE, TRUE
13 else if s* > O then
14 REFINED + ={(k,i*, k', 5)};

‘ USED[k,i*] +— TRUE

15 else ADDED + ={(k', j)}

16 | DROPPED + ={(k,1):

11
12

—USED|k, 4|}
Drule < (ADDED, DROPPED,
REFINED, MERGED, COPIED)

18 D < (Doutline, Drule)
19 return D

17

a merge-evidence predicate LOOKSLIKEMERGE
defined below. Any parent rule to which no child
rule was assigned is reported as DROPPED. The
resulting hierarchical diff record, together with the
typed target 7, is the input to INFEROP; its per-
step outline locations are also used for breadcrumb
rendering (Appendix D.3). Here ALIGNOUTLINE
computes a maximum-similarity monotone one-to-
one alignment of outline steps under o (ties are
resolved by the lower parent index); unmatched
child and parent steps are marked as added and
dropped, while matched steps are copied if their
stripped texts are identical and refined otherwise.
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Merge-evidence predicate.
LOOKSLIKEMERGE(a, b,c) checks that the
child string c inherits distinctive vocabulary from
both candidate parents, not just from one. Let
W (s) denote the set of lower-cased whitespace-
separated tokens of length at least four in string
s (the length filter removes function words), and
define the “unique-from-x tokens that appear in ¢”
shorthand

Upy(c) £ (W(x)\ W(y)) NW(c).
LOOKSLIKEMERGE is then

LOOKSLIKEMERGE(a, b,c) =
[Uapp(c) # 0] A [Upjalc) # 0.

The companion guard s* < 0.95 on the best simi-
larity inside Alg. 3 prevents the merge branch from
firing when one parent rule already covers nearly
the entire child — in that case the edit is more nat-
urally a refinement of that parent with auxiliary
phrasing borrowed from a sibling.

InferOp classification rule. With the hierarchi-
cal diff record D and typed target 7 in hand,
INFEROP emits one label per changed location,
so o(c) is a multiset over O rather than a sin-
gle dominant label. This is why a single edit
in Table 4 can carry several labels (e.g. RE-
FINERULE+ADDRULE when the patch refines one
sub-rule and adds another) and the per-op shares
sum above 100%. INFEROP classifies each loca-
tion independently by the following rules:

1. Each merged rule alignment—two parent rules
replaced by one child rule that shares dis-
tinctive vocabulary with both— contributes a
MERGERULES label.

2. Each remaining added rule contributes an AD-
DRULE label; each refined rule contributes a RE-
FINERULE label; each dropped rule contributes
a DROPRULE label.

3. Outline-layer changes are classified jointly with
the typed target 7, each contributing one label:
T=ADD step at <pos> with |a.|=|ap|+1 —
ADDSTEP; 7=SPLIT step <N> aligning one
parent step to two adjacent child steps — SPLIT-
STEP; T=step <N> with exactly one step’s top-
level text replaced and step count preserved —
REWRITESTEP; otherwise (e.g. T=backbone
or the diff spans multiple steps) — BACKBONE.

The procedure is deterministic given the parent—

child schema pair and typed target 7; the architect

never self-declares any of these operator labels.

D Evidence Packet Construction

This appendix complements §3.3 (Balanced evi-
dence packet) by specifying the slot sizes, weights,
and breadcrumb-rendering template.

D.1 Slot Sizes and Weights

The minibatch M = (Mfocu57ManchoraMtrain)
uses three slots with sizes ny=2,n,=1,n4=3,
totalling up to six examples; in fallback iter-
ations without newly broken examples, Mfocys
is empty. Mjiocus Samples without replacement
from NEWLY_BROKEN(p) with weights w; o
a; (Efraimidis and Spirakis, 2006), where

ai & AT e(s)i € [0,1]

seA

is the archive agreement on example ¢. M,chor
samples the parent’s NEWLY_FIXED examples,
weighted by 1 — a; toward rare cases few archive
members solve; when no NEWLY_FIXED case eX-
ists it falls back to specialist solves (correct in the
parent but in none of its ancestors), then to any
other case in C'(p), and Mi,a;, samples uniformly
from training-set examples not already selected
into Msocus O Manchor- None of the three slots is
recoverable from ) . ¢(p); alone, which motivates
explicit edit-effect lineage conditioning rather than
scalar-reward conditioning.

D.2 Fallback without Regressions

When NEWLY_BROKEN(p) is empty (cold start
g=(), or the parent’s last edit caused no regres-
sion on Dy;), Micys 1S empty and we fall back
to M = (0, Manchor, Mtrain ); the anchor and train
slot sizes are unchanged (n,=1, ny-=3). The ar-
chitect prompt is told there is no regression focus
so that diagnoses target train probes rather than
hallucinating a non-existent training regression.

D.3 Breadcrumb Rendering

The breadcrumb ¢ is rendered as a short multi-
line block titled === PARENT’S LAST PATCH ===
It is not a single per-operator template: instead
the renderer iterates over the grandparent — parent
structural diff and emits one bullet section per non-
empty diff bucket. A single breadcrumb can there-
fore carry multiple operator types if the last patch
made several changes at once (e.g. an ADDRULE
together with a REFINERULE). Each change is an-
chored to the parent schema by a content snippet
(the first ~25 chars of the after-text, or a *xBold
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Title*x* if present), so the architect can locate the
change by substring search rather than by a nu-
meric rule id, which keeps the CURRENT SCHEMA
block free of inline markers.

Section structure. The renderer composes the
block from the following pieces, in order:

1. Title line === PARENT’S LAST PATCH ===.

2. Optional Last rationale— . . . line (trun-
cated to 160 chars) carrying the previous
round’s attribution rationale.

3. Outline-layer sections (only if the outline diff
is non-empty): Rewritten outline step(s),
New outline step(s), or afallback Backbone
text changed (no per-step anchors).

4. Rule-layer sections, one per non-empty
diff bucket: Refined sub-rule(s), New
sub-rule(s), Merged-into sub-rule(s),
and a tally line Dropped <K> sub-rule(s)
(content removed).

5. A final summary line Effect on train: +<f>
newly_fixed, -<b> newly_broken.

Cold-start branch. When the parent is the seed
schema (no prior patch to learn from), the renderer
emits the fixed message (parent is the seed
schema; no prior patch to learn from) under
the title and skips all diff sections.

Breadcrumb example (REFINERULE + ADDRULE
in the same edit)

=== PARENT’S LAST PATCH ===

Last rationale — Worker conflated sarcastic
and literal options on step 2; adding an
explicit sentiment-mismatch check.

Refined sub-rule(s):

- in step 2 — When the
positive. . .

New sub-rule(s):

- in step 2 — Compare literal meaning
agai. . .
Effect on
newly_broken

option uses

train: +2  newly_fixed, -1

Both architect calls (attribution and patch) consume
this same rendered block as the {1ineage_block}
placeholder in Appendix B.2 and B.3. The
—BREADCRUMB ablation (§4.3) replaces the entire
block with a single line that strips everything except
the Effect on train summary; the —LINEAGE
ablation removes the block entirely and uniformises
Mocus Over the parent’s current errors.

E Qualitative Analysis

This appendix illustrates SEPO’s schemas across
tasks (§E.1) and then grounds the main paper’s
auditability claims in the actual optimisation log
of one run (§E.2-§E.4; BBH Word Sorting, seed
45, Llama-3.1-8B-Instruct worker). All num-
bers and text are reconstructed from the single
result.json each run writes by default; no ex-
tra instrumentation is required.

E.1 Cross-Task Schema Examples

The schemas SEPO converges to look different
across tasks because their failure modes differ. To-
gether with the BBH Word Sorting schema in §3.2,
the two examples below show that the two-layer
schema architecture supports task-tailored rule dis-
tributions without imposing one: on MBPP+, rules
concentrate on extraction (function-name fidelity,
type parsing, constraint mapping) and implemen-
tation; on HotpotQA Medium, rules concentrate
on grounding and entity verification. Rule text is
taken verbatim from SEPO’s final prompts (light
line-wrapping only).

Example schema (MBPP+, seed 45, test acc. 63%)

Step 1. Understand the problem and extract constraints.
- Identify the required function name from the prob-
lem description or assert statement (e.g., assert
func_name(. . . )) and ensure your solution de-
fines a function with this exact name.
- Parse the input/output types and specific logic rules
(e.g., “remove characters at odd indices”, “sum of
digits equal to length”) before planning.

- Explicitly map the problem’s specific logical con-
straints to a concrete algorithm before coding (e.g.,
for a magic square: verify all rows, columns, and
diagonals sum to the same value; for character re-
placement: iterate through the string and swap spe-
cific target characters).

Step 2. Plan and implement the solution in code.

- Write a complete Python function that implements
the parsed logic exactly as described, ignoring any
unrelated patterns from training data.

- Include the function definition, the logic body, and
a test call using the provided assert statement to
verify correctness.

Step 3. Output the final answer.

- If the task asks for a function, output the full Python

code block containing the function and the test.

- Output the final result on the last line as “Answer:
(X)”, where X is the return value of the function or
the code itself if requested.
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Example schema (HotpotQA Medium, seed 45, test
acc. 68%)

Step 1. Parse the question and locate the relevant con-
text.

- Identify the key entities and constraints in the ques-
tion (e.g., specific dates, titles, roles, locations), then
scan the provided passages for sentences mention-
ing those exact entities.

Step 2. Verify, link, and answer.

- Strictly ground your answer in the provided text; do
not use outside knowledge or hallucinate details not
present in the context.

- Verify entity matches before extracting attributes:
if the question asks about Entity A, do not extract
facts about Entity B even if they appear in the same
passage or share a category.

- For multi-hop questions, explicitly trace the chain
across passages (e.g., Entity A in passage 1 to Prop-
erty B in passage 2); once the answer is reached,
stop reasoning immediately and do not repeat the
same logical loop.

Step 3. Output the final answer.

- The final line must be exactly “Answer: (X)”
where X is the concise value with no introductory
phrases, explanations, or repetitions of the question.

E.2 Worked Iteration Trace: Discovering an

Anti-Verification Rule

The log records a two-iteration sequence in which
SEPO adds a self-verification rule, observes it trig-
gering worker repetition loops, and removes it—
replacing it with the opposite instruction. The final
schema is the winner shown in Figure 6.

Iteration 26 — adding self-verification. The
breadcrumb from the parent (fa5513, 31/50 cor-
rect on Dy,) reports a REWRITESTEP+ADDRULE
edit on step3 with example-level effect
(417, —6). The evidence packet’s focus slot draws
two newly broken training examples on which
the worker has the right sorting logic but emits
a typo: Ex #33 sorts skat before scandalous
in its reasoning yet writes the reversed order
on the answer line; Ex #32 shows the same on
castrate/cancelled. The attribution architect
returns 7=step 2 with the reason “the worker
ignores its own verification rule, leading to sorting
typos despite correct logic.” The patch architect
adds one CRITICAL bullet under step 2:

Before finalizing, perform a strict side-by-side
verification: compare your sorted list against the
original input word-for-word; if the order of any
two adjacent words differs from their alphabetical
order, immediately re-sort.

The post-hoc operator is ADDRULE; the child
(aebcc2, 32/50) is admitted by the score-above-
parent rule of Eq. 6.

Iteration 32 — removing self-verification. The
breadcrumb from aebcc?2 reports the iter-26 AD-
DRULE. The focus slot now draws two examples
that the iter-26 child newly broke: Ex #40 en-
ters an infinite repetition loop, hallucinating the
word anaheim hundreds of times in place of the
sort, and Ex #7 outputs an incorrectly sorted list
(wiley before whimper) while falsely claiming
the verification passed. The attribution architect
again localises to 7=step 2 with the reason “the
CRITICAL verification sub-rule is ineffective and
triggering loops; the model cannot execute self-
verification without hallucinating.” The patch archi-
tect removes both the side-by-side verification and
the confirmation bullets—both are forms of post-
sort re-processing—and adds an anti-re-processing
rule:

CRITICAL: after sorting, do not re-process the
list (no re-reading or side-by-side checks)—both
trigger hallucination loops on this worker; output
immediately.

Crucially the edit is not a narrow patch on one
signal: its evidence packet draws both the fo-
cus regressions (Ex#40,#7, fixed on D) and
the train probe (Tr #44 ,#49,#35, the M;ain slot),
so the same “stop re-processing” principle ad-
dresses the parent’s regression and the train er-
rors together. The aggregate training score stays
at 32/50, but the child (7b@643) solves a train-
ing example no other archive member solves; it
is admitted by the unique-contribution branch
(a) of Eq. 6—a typed, Pareto-style admission a
scalar reward cannot express. This rule (“do
not re-process’”) contradicts standard chain-of-
thought (Wei et al., 2022) practice and is repro-
ducibly discoverable only because the per-example
(NEWLY_BROKEN, NEWLY_FIXED) transitions in
the evidence packet expose it; whole-prompt rewrit-
ers with reward-only feedback have no comparable
mechanism.
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SEPO edit trajectory to the final prompt — BBH Word Sorting (winning lineage teal).
Each edge: [operators] + rule. No parent regression = train-only fallback (Tr-driven); a regression = repair the newly-broken Ex cases.

[R+2A] refine copy + add count/sort + add confirmation
train-only fallback: Tr 9,2
+15/-4 clears Ex 32,5

[A] add ‘copy/use only input words' under step 2
train-only fallback: Tr 45,43

[RW+A] rename step 3 to ‘Output the sorted list' + space-separated only
repair Ex 13,16 + generalise Tr 47,34

[A] + CRITICAL side-by-side verify
repair Ex 33,32 + generalise Tr 14,31
+7/6

[2D+A] drop verify + drop confirmation — no re-processing
repair Ex 40,7 + generalise Tr 44,49,35
+5/-5

+7/-0 clears Ex 22,34 +17/-6
Q O s @ d :
A= 4 30 3
seed iterl iterd iter8 iter26 iter32 2
2/50 9/50 20/50 31/50 32/50 32/50 3
= final prompt g
(§3.2, 58%) =
F
20 8
£
H
- 10
iterdd 5/50 iterl9 13/50 itera9 22/50 iter28 20/50 iterl0 28/50
extract list exactly output = permutation mental sort; drop loop rework sort protocol refine sort rule
[2A] Ex 45,47 +4/-1 [2A] Ex 25,1 +5/-1 [A+D] Ex 16,46 +9/-0 [R+A+D] Ex 17,29 +5/-5 [R] Ex 39,48 +5/-8

. winning lineage O off-spine *final

Figure 6: Edit trajectory to the final prompt (BBH Word Sorting, seed 45). The teal spine is the winning lineage to the §3.2
prompt. Each edge shows its operator(s) (A=Add, R=Refine, D=Drop, RW=RewriteStep) and the rule changed; the accumulated
rules at iter 32 are exactly the §3.2 prompt. The train probe (Tr, the M;.ain slot) is in every packet, giving two real modes: when
the parent left no regression the edit is a no-regression fallback driven by Tr (and still lifts Dy, ); when the parent broke cases
the edit repairs those newly-broken training cases (Ex) and lets Tr steer generalisation. Lower branches are off-spine accepted
schemas. Iter4—8’s RW renames step 3 to §3.2’s task-specific “Output the sorted list”” heading; the modes, the train probe, every
other operator, and the Ex repairs are grounded in the log. Node colour = accuracy; +fixed/—broken on Ds,. Per-edit detail is

in the text.

E.3 Edit Tree from Seed to Final Winner
(BBH Word Sorting)

Figure 6 shows the path to SEPO’s final Word Sort-
ing prompt (§3.2). We walk through each edit be-
low: its operation, the failing cases that motivated
it, and—from the per-example scores—whether it
repaired the parent edit’s regression or a train-probe
failure.

Per-edit walkthrough (winning lineage). For
each accepted edit we give the operator(s)
(A=AddRule, R=RefineRule, D=DropRule,
RW=RewriteStep) and the rule changed; the rules
accumulated at iter 32 are exactly the §3.2 prompt.
The train probe (Tr, the Mi;.i, slot) is in every
packet (§3.3), giving two modes: when the parent
left no Dy, regression the edit is a no-regression
fallback driven by Tr; when the parent broke
cases the edit repairs those newly-broken Ex cases
and is steered by Tr to generalise. Ex repairs are
verified on Dy, and the modes and train probe
are grounded in the log; iter 4—8’s RW renames
step 3 to §3.2’s task-specific “Output the sorted list”
heading.

* seed —iter1 (2—9), A: add “copy/use only
the input words” rule under step 2. Train-only

fallback (seed broke nothing): driven by the
train probe Tr #45,#43; the rule generalises
to clear the persistent hallucination failures
Ex #22,#34. Effect: +7/—0.

iter 1 —iter4 (9 — 20), R+2A: refine the
copy rule (“do not import from memory”),
add “count the input words once, then sort in
strict A—Z order in a single pass,” and add a
confirmation rule (“re-state the full sorted list
to check that no word is dropped”). Train-
only fallback (iter 1 broke nothing): Tr #9, #2
drives it; the confirmation catches the halluci-
nated / dropped-word failures Ex #32, #5. Ef-
fect: +15/—4.

iter 4 — iter 8 (20 — 31), RW+A on step 3:
rename step 3 heading to “Output the sorted
list” and add “output one space-separated line,
no commas/newlines” under step 3. Repairs
iter4’s regression Ex #16,#13 (correct sort,
wrong format); anchor Ex #17 (already cor-
rect sort + correct format) is preserved by the
rule being additive rather than overwriting,
with Tr #47,#34 steering generalisation. Ef-
fect: +17/—6.

* iter 8 — iter 26 (31 — 32), A: add “CRITICAL:
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side-by-side verify” (an attempt to fix sort
typos). Repairs iter 8’s regression Ex #33,#32
(reversed output), with Tr#14,#31 steering
generalisation. Effect: +7/—6.

e iter 26 —iter 32 (32 — 32, final), 2D-+A:
drop both the side-by-side verification rule
and the confirmation rule (both are forms of
post-sort re-processing) and add “CRITICAL:
do not re-process; trust the single-pass sort.”
Repairs iter 26’s own regression Ex #40, #7
(the verify rule’s loop / false-verify damage;
the confirmation rule also re-reads the list and
is subsumed by the same anti-re-process rule),
with Tr #44,#49,#35 steering generalisation.
Effect: +5/—5; removes the loop pathology
(final test 58%).

So SEPO never stalls: with a regression it surgi-
cally repairs the newly-broken Ex cases while the
train probe steers generalisation; with none it keeps
improving in no-regression fallback—a dual mode
whole-prompt rewriters lack. The operators span
RW/R/A/D, and the accumulated rules at iter 32
reproduce the §3.2 prompt exactly; the modes, the
train probe, the Ex repairs, and the RW/R/A/D op-
erators are grounded in the log, with iter4—8’s
RW renaming step 3 to the task-specific “Output
the sorted list” heading.

E.4 Failure-Mode Analysis

SEPO’s Word Sorting schema repairs the dominant
failure modes (entity hallucination, sort-method
loops, output-format collapse) but its effect sat-
urates with input length. Word Sorting uses the
same 50-train / held-out-test convention as the other
BBH tasks, with a disjoint 200-example held-out
test split. Table 8 bins a 100-example diagnostic
subset of that held-out test split by the number of
words to be sorted: short lists (< 5 words) reach
79% while long lists (> 16 words) collapse to 31%.
The degradation is monotone and held across ev-
ery schema variant we examined. The cause is
that the schema’s discipline is instructional, not
algorithmic: rules such as “copy the words exactly”
and “trust the initial sort” raise the probability of
a correct single pass but do not give the worker an
external scratchpad, so the per-token error of an
n-word sort still compounds with n. This delin-
eates the scope of prompt-only structural editing:
it repairs systematic, length-independent failure
modes (format, hallucination, verification loops)

but cannot substitute for an algorithmic execution
mechanism on long inputs.

List length (words) n  Diagnostic acc.

<5 24 0.79
6-10 30 0.70
11-15 20 0.40
> 16 26 0.31
Diagnostic subset 100 0.56

Table 8: Held-out accuracy of SEPO’s BBH Word
Sorting schema (§3.2) binned by sort length on a
100-example diagnostic subset drawn from the 200-
example held-out test split with the Llama-3.1-8B-
Instruct worker. Accuracy degrades monotonically with
list length, the signature of instructional (not algorith-
mic) repair.

F Baseline Configurations

For each (method, benchmark) cell in the main
comparison experiments, we run three indepen-
dent optimisation seeds. All baselines share the
worker LLM, dataset splits, three-seed schedule,
and the max_metric_calls=2000 metric-call bud-
get.  Architect choices, hyperparameters, and
budget-normalisation details follow below.

SEED (unoptimised). The cold-start seed
schema sg of Appendix B.1, deployed without any
optimisation. Reported for reference.

OPRO. Architect: Qwen3.5-397B-A17B. Archi-
tect temperature 1.0, candidates per step 5, opti-
miser steps 40, optimisation trajectory window 20.
Architect prompts follow the public reference im-
plementation.

APSF. Architect: Qwen3.5-397B-A17B. Num-
ber of factors 5, candidates per factor 3, factor selec-
tion greedy on the training slice. We use the public
reference implementation with no other changes.

MIPROV2. DSPy v2.5; architect Qwen3.5-
397B-A17B;  auto="light"  configuration
(ninit=8 bootstrap demonstrations, nia1s=20).
Bayesian optimiser uses the default prior.

MPO (Sharma and Henley, 2026). Architect:
Qwen3.5-397B-A17B. We use the released hy-
perparameters (7'=40 optimisation iterations, b=5
candidates per iteration, trajectory window 10).

GEPA. Architect: Qwen3.5-397B-A17B.
Pareto-front archive with capacity 32; reflection
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prompt and reflective sample size 3 follow the
released configuration. We rerun the released code
with the same metric-call budget as SEPO.

G Extended Experimental Results

This appendix supplements §4 with additional
Llama runs on high-variance tasks, a matched
HotpotQA-Hard sensitivity test, per-method and
per-benchmark token-cost decompositions, and

budget-matched accuracy curves.

G.1 Additional Runs

We also run three additional paired Llama optimi-
sations on five tasks with high run-to-run variance.
Across these 15 added comparisons, SEPO wins
12, and its six-run mean remains higher on all five
tasks (Table 9).

Reported 3 runs

All 6 runs

Task mean £ SD (S/G) Seed 46 (S/G) Seed 47 (S/G) Seed 48 (S/G) mean £ SD (S/G) 6-run A Added W/T/L
Causal Judgement 61.1+4.6/59.9+3.8  64.2/62.8 55.5/56.9 57.7/56.9  60.1+4.2/59.443.3  40.7 2/0/1
Date Understanding  76.5+4.3/75.3+6.1 82.0/80.0 76.5/82.0 77.5/74.0  77.6+£3.5/77.0£5.0 +0.6 2/0/1
Disambiguation QA 68.8+4.6/64.5+6.6  74.5/74.0 68.5/63.5 67.5/61.0 69.54+3.8/65.3+6.1 +4.2 3/0/0
Logical Deduction 47.3+2.1/47.0+3.9  49.5/45.5 44.0/51.0 46.5/41.5  47.0+2.2/46.5+3.9 40.5 2/0/1
Word Sorting 58.2+1.3/39.3+18.3 59.5/56.0 57.0/31.0 58.0/31.5 58.2+1.1/39.4+14.7 +18.8 3/0/0

Table 9: Additional paired Llama runs on five high-variance tasks. S/G denotes SEPO/GEPA; the W/T/L column
counts only the three added seeds. Accuracies and A are in percentage points.

G.2 Matched HotpotQA-Hard Sensitivity

To test whether the Llama HotpotQA split choice
changes the method ranking, we evaluate the com-
pared methods below on the same 400 held-out
Hard examples.

Method HQA-Hard EM (%)
Seed 8.00
OPRO 24.00
APSF 26.00
MPO 28.25
GEPA 28.75
SEPO 29.25

Table 10: Matched HotpotQA-Hard sensitivity test with
the Llama-3.1-8B-Instruct worker on 400 held-out ex-
amples.

Replacing HotpotQA-Medium with Hard in the
Llama 14-task macro changes SEPO from 61.9%
to 59.0% and GEPA from 58.8% to 55.9%; SEPO
therefore remains first, with the same 3.1 pp lead.
The compressed 24.0-29.25% range reflects lim-
ited answer accessibility: with the fixed seed
prompt, pass @1 is 8.0%, oracle pass@64 is 31.0%,
and 69.0% of examples remain incorrect in all 64
samples. We use Medium under Llama to retain a
more discriminative optimiser comparison.

G.3 Per-Benchmark Token Cost

List prices used in Table 5. The $/cell and pg
columns of Table 5 are computed from public list

prices as of 2026-05-26. The architect (Qwen3.5-
397B-A17B) is priced at the SiliconFlow public
rate of ¥1.20/M input and ¥7.20/M output to-
kens (0-128k context tier); the worker (Llama-
3.1-8B-Instruct) is priced at the OpenRouter list-
ing of $0.02 /M input and $0.05/M output tokens.
CNY amounts are converted at the 2026-05-26 spot
rate of 1 USD=6.79 CNY, yielding architect prices
of $0.177/M input and $1.060/M output. For
method m, we compute

>

IEE{A,Wth,Wdep}

(P T + 22" T200)

(7N
Here x indexes the architect, worker-optimisation,
and worker-deployment channels; p and 7" denote
the corresponding list price and measured token
count. Each cell includes one held-out deployment
of the selected prompt; we average cell costs across
seeds and tasks. Input/output separation matters
because architect output is approximately six times
as expensive as input at this snapshot. For MPO,
totals are measured but the unavailable 1/O split is
estimated from GEPA, so only its dollar estimate
depends on this approximation. The token-based p
is provider-independent, whereas pg=AAcc/C),
covers all three billed channels; dollar results are
therefore a dated price snapshot.

Table 11 reports the aggregate input/output split
of each cost axis per method (one row per method,
no per-benchmark breakdown). Tables 12—14 then
decompose each axis benchmark by benchmark.
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Architect (M tok) Worker-Opt (M tok) Worker-Dep (k tok)

Method Input Output Input Output Input Output
OPRO 6.44 0.40 2.04 1.07 134.7 109.3
MIPROV2 3.32 0.20 1.64 0.96 105.0 103.4
APSF 0.69 0.00 1.33 0.80 78.9 78.9
MPO' 0.17 0.02 2.68 0.72 198.3 62.7
GEPA 0.20 0.03 3.06 0.82 3219 101.8
SEPO 0.32 0.02 1.61 0.98 108.8 94.4

Table 11: Per-method input/output token decomposition (M / k tokens per cell, mean over 3 seeds, Llama-3.1-8B-
Instruct 14-task suite). Row sums match the corresponding columns of Table 5. TMPO’s I/O split is estimated from
GEPA; only its row totals are measured.

Method BBH Code MMLU-Pro Reasoning Mean

Caus. Date Disamb. Fall. Deduct. Obj.  Snarks ~ Word. MBPP+ CS  Econ. Psych. GSM- HQA Macro

H

OPRO 21.22 491 9.68 19.47 13.91 19.56 3.14 0.46 0.13 0.71 0.63 1.76 0.04 0.08 6.84
MIPROV2  12.05 5.71 5.23 1.07 1.44 5.38 3.02 0.53 1.34 5.46 2.92 4.61 0.18 0.28 3.52
APSF 1.57 1.67 0.28 0.95 0.89 0.34 0.14 0.91 0.28 0.61 0.57 0.24 0.61 0.58 0.69
MPO 0.32 0.30 0.25 0.27 0.23 0.30 0.22 0.21 0.09 0.10 0.13 0.10 0.04 0.07 0.19
GEPA 0.24 0.23 0.15 0.54 0.52 0.18 0.13 0.37 0.68 0.07 0.07 0.04 0.03 0.00 0.23
SEPO 0.38 0.50 0.28 0.58 0.89 0.32 0.28 0.59 0.10 0.18 0.17 0.13 0.07 0.30 0.34

Table 12: Per-benchmark architect token cost (millions of tokens per cell, mean over 3 seeds). The MEAN row
matches the Arch. column of Table 5.

Method BBH Code MMLU-Pro Reasoning Mean
Caus. Date Disamb. Fall. Deduct. Obj. Snarks  Word. MBPP+ CS Econ.  Psych. GSM- HQA  Macro
H
OPRO 3.14 3.78 2.19 5.40 4.93 3.09 1.48 1.70 1.35 3.68 2.81 2.92 2.47 4.65 3.11
MIPROV2 3.10 3.11 1.42 4.37 4.96 223 1.20 1.17 1.14 2.96 2.36 2.08 2.05 4.28 2.60
APSF 1.08 2.02 0.49 3.76 2.48 1.08 0.30 4.56 1.16 2.68 2.20 2.05 1.25 4.69 2.13
MPO 3.98 3.76 2.56 5.20 5.71 2.94 2.13 4.33 1.52 2.60 3.16 2.39 2.28 4.99 3.40
GEPA 5.62 4.11 4.28 6.95 5.59 3.94 3.08 6.06 1.64 3.80 3.17 2.54 2.16 1.32 3.88
SEPO 3.03 2.84 1.50 3.76 3.44 1.93 1.48 2.64 0.95 2.76 2.24 2.14 3.26 4.26 2.59

Table 13: Per-benchmark worker-optimisation token cost (millions of tokens per cell, mean over 3 seeds). The
MEAN row matches the Work. column of Table 5.

Method BBH Code MMLU-Pro Reasoning Mean

Caus. Date Disamb. Fall. Deduct. Obj.  Snarks Word. MBPP+ CS Econ.  Psych. GSM- HQA  Macro

H

OPRO 84.7 268.0 180.8 226.4  319.0  209.2 86.0 65.7 117.0  287.6 234.5 241.7 380.6 7147 244.0
MIPROV2 83.5 2334 123.6 186.3 324.0 182.2 67.7 46.7 98.9 225.6 195.3 175.9 316.1 659.0 208.4
APSF 36.0 137.9 36.9 144.4 164.8 77.6 14.9 177.7 87.3 183.5 157.8 154.2 175.8 660.6 157.8
MPO 108.1 277.2 223.1 2164  359.1 251.9 123.5 168.1 1324 206.8 264.7 203.7 350.9 767.7 261.0
GEPA 208.0 4134 535.7 3379 4478 468.3 236.9 295.6 153.1 506.8 424.1 500.8 741.6  661.3 423.7
SEPO 92.7 207.0 128.4 161.4  260.7 160.6 83.0 117.6 81.3 219.8 185.9 181.4  263.7 701.0 203.2

Table 14: Per-benchmark worker-deployment token cost (thousands of tokens per cell, mean over 3 seeds). Deploy-
ment cost is the average tokens per worker call multiplied by the test-set size. HotpotQA’s seed cost is dominated by
retrieval context length, which inflates all methods uniformly. The MEAN row matches the Dep. column of Table 5.
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Together the four tables let any downstream dollar-
cost computation be done at the level of (method,
axis, I/O channel), and let reviewers verify that
the per-method aggregates match the main-paper
Table 5 both in total (cross-checked in the MEAN
rows of the per-benchmark tables) and in I/O com-
position. Worker-optimisation and deployment to-
kens are reported per evaluation run; architect to-
kens are reported as measured.

G.4 Per-Benchmark Budget-Matched Curves

Figure 7 extends the Q1 macro headline of the
main paper to the budget axis: for every bench-
mark family we re-evaluate each method’s stored
best-so-far prompt at four metric-call checkpoints
(500, 1000, 1500, 2000), starting from the shared
seed prompt at metric call 0. All baselines, in-
cluding SEPO, are evaluated under identical con-
ditions; in particular, APSF’s intermediate snap-
shots correspond to the step-aligned best-so-far
candidate at the end of each optimisation step
(each step consumes ~ 200 metric calls in the
{4 candidates} x {50 val examples} schedule).
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Figure 7: Per-benchmark budget-matched accuracy curves (Llama-3.1-8B-Instruct, held-out). For each bench-
mark family — BBH and MMLU-Pro shown as the mean over their sub-tasks, and MBPP+, GSM-Hard, and
HotpotQA shown individually — we plot the held-out accuracy of every method’s stored best-so-far prompt at
metric-call checkpoints 0 (seed), 500, 1000, 1500, and 2000, under a shared evaluation protocol. SEPO (highlighted)
leads consistently on BBH and MBPP+, remains competitive on MMLU-Pro, GSM-Hard, and HotpotQA, and
yields the strongest macro-level trajectory.
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H Ablation Studies (Extended)

This appendix expands the Q2 ablation section
(§4.3) with the design map, the five-benchmark
diagnostic score table, proposal-level target/error
controls, and two archive controls. We separate
the four destructive removals in the main text
from the auxiliary controls PARETOFREQPARENT

and —UNIQUEADM: the former asks whether the
loop’s main modules are load-bearing, while the
latter asks which archive sub-decisions account for

the P3 gain.

H.1 Ablation Design Map

Variant Principle removed Falsifiable prediction Primary readout
-ATTRIBUTION P1: typed target on the two- edits drift toward whole- prompt length and length vari-
layer schema prompt rewrites; final prompts ance

grow longer
-LINEAGE P2: example-level lineage evi- gain falls back to generic error- held-out accuracy
dence (strong form) reflection level
-BREADCRUMB P2: operator/locator summary small or null drop if ¢ is redun- held-out accuracy
£ only dant with example deltas
-MULTITRAJ P3: multi-trajectory archive + greedy best-only editing held-out accuracy and accep-
Lexicase shrinks exploration; the largest tance rate
single-removal accuracy drop
PARETOFREQPARENT P3: Lexicase parent selection frequency-weighted sampling five-task diagnostic accuracy
only recovers much, but not all, of
the archive benefit
-UNIQUEADM P3: unique-solve admission archive remains useful, but spe- five-task diagnostic accuracy

branch only

cialist admission should con-
tribute a small margin

Table 15: Ablation design map for Q2. The first four rows are the main destructive removals; the final two rows are
auxiliary archive controls that isolate parent sampling and admission.

Table 15 maps the main removal and archive-
control variants to the SEPO principle it removes,
the falsifiable prediction it tests, and the primary
readout that operationalises that principle. The
proposal-level controls are specified separately
in §H.3. The protocol of Table 1 is held fixed
across all variants (worker LLLM, architect, seed
schemas, metric-call budget, held-out split). The

—BREADCRUMB row is included explicitly so
the design admits a null result for the operator-
summary sub-claim. The final two rows are aux-
iliary P3 controls: they preserve the archive, so
their expected drops are smaller than the best-only
—MULTITRAJ removal.

H.2 Five-Benchmark Diagnostic Scores

Task Full —ATTR —LIN —BRD —MT PARETOFREQ —UNIQUEADM
BBH Date 76.5 74.0 72.2 76.0 71.8 76.6 75.8
BBH Snarks 82.3 73.8 78.5 76.6 75.0 81.1 81.5
MBPP+ 62.6 60.9 58.5 59.8 55.6 61.2 61.5
GSM-Hard 37.6 36.4 35.0 37.0 35.1 35.9 36.3
MMLU-Pro CS 46.7 45.0 46.8 47.0 44.5 46.3 47.6
Avg. 61.1 58.0 58.2 59.3 56.4 60.2 60.5

Table 16: Absolute scores for the five-benchmark diagnostic ablation subset (Llama-3.1-8B-Instruct, held-out

accuracy in %); bold marks the best entry in each row.

Table 16 reports the absolute held-out scores for the
five-benchmark diagnostic subset, not a separate
14-task aggregate: the average is the arithmetic
mean of BBH Date, BBH Snarks, MBPP+, GSM-
Hard, and MMLU-Pro CS. The subset is chosen

to expose the three mechanisms discussed in §4.3:
structured procedural tasks for P1/P2, a code task
for transfer, and a knowledge-leaning negative case
for scope.

The absolute table sharpens the P3 interpre-
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tation. Removing multi-trajectory search en-
tirely is the most damaging intervention on
the subset (—MT: 56.4%, —4.7pp), whereas
the two archive controls remain close to
Full (PARETOFREQPARENT: 60.2%, —0.9pp;
—UNIQUEADM: 60.5%, —0.6pp). Thus the
main mechanistic contrast is not that every archive
sub-decision is monotone on every task: Pareto-
frequency sampling slightly improves BBH Date,
and removing unique-admission slightly improves
MMLU-Pro CS. The robust conclusion is instead
that preserving multiple specialised candidates mat-
ters much more than either auxiliary archive choice
in isolation, while Lexicase and unique-admission
add a small average margin.

H.3 Proposal-Level Target and Error
Controls

We add two budget-matched controls on the same
five-benchmark subset. RANDOMTARGET receives
the same evidence as Full SEPO but replaces the
attributed target with a random legal structural tar-
get. RANDOMERROR replaces newly broken focus
examples with the same number of examples sam-
pled uniformly from the parent’s current error set,
regardless of whether they were already incorrect
or newly broken by the preceding edit.

Test Fixes Breaks Netgain Net-positive

Variant Acc. /100 /100 /100 edits

Full SEPO 61.1 7.5 5.0 +2.5 61%
—ATTRIBUTION  58.0 8.0 73 +0.7 47%
RANDOMTARGET 574 4.8 6.5 —1.7 34%
RANDOMERROR 599 6.3 5.5 +0.8 51%

Table 17: Proposal-level diagnostics on the five-
benchmark subset (Llama-3.1-8B-Instruct). Fixes and
breaks are corrected and newly broken training exam-
ples per 100 evaluated proposals; net gain is their differ-
ence. Net-positive edits are proposals with more fixes
than breaks.

Despite receiving identical evidence, RANDOM-
TARGET produces fewer fixes and a negative net
gain. Replacing newly broken cases with random
current errors also reduces net gain from +2.5
to +0.8 and net-positive edits from 61% to 51%.
These controls support separate roles for target at-
tribution, which routes evidence to an appropri-
ate structural unit, and transition-aware sampling,
which identifies regressions introduced by the pre-
ceding edit.

H.4 Archive Sub-Decision Controls

Two auxiliary controls isolate which archive sub-
decision drives the P3 gain. Both preserve the
archive, admission rule, and metric-call budget of
Full SEPO, changing only one decision at a time
(Table 16). PARETOFREQPARENT replaces Lex-
icase parent selection (§3.4) with the frequency-
weighted Pareto-front sampling used by GEPA.
It averages 60.2% on the five-benchmark subset
(0.9 pp below Full), recovering most of the multi-
trajectory benefit and even edging out Full on BBH
Date (76.6 vs. 76.5) while trailing on the other
four tasks; we read this as evidence that Lexicase
is a safer default for keeping specialist parents,
not that Pareto-front sampling is uniformly weak.
—UNIQUEADM removes only the “unique-solve”
admission branch of Eq. 6—children can still en-
ter through the higher-score and shorter-prompt
branches—and averages 60.5% (0.6 pp below Full,
4.1 pp above —MULTITRAIJ). Both drops are small
and in the expected direction, so P3 is primarily
the effect of retaining and revisiting multiple can-
didates, with Lexicase parent selection and unique-
solve admission each adding a modest average mar-
gin.
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