2610.15964v1 [cs.AI] 11 Oct 2026

arxiv

Small but Mighty: Test Suites as Improvement Signals
for Self-Evolving Agents

Yutong Cheng'* Wei Cheng? Wenchao Yu? Dawei Zhou' Haifeng Chen?
Virginia Tech 2NEC Laboratories America
{yutongcheng,zhoud}@vt.edu {weicheng,wyu,haifeng}@nec-labs.com

Abstract

A self-evolving agent rewrites its own harness and must decide which rewrites to
keep, so its improvement signal is the check a rewrite has to pass. Verifying a
rewrite by agent rollout is expensive and subjective, while executable checks such
as the repository’s own tests are too sparse to catch behavior-changing rewrites,
rejecting only a quarter of them. We instead take test feedback as the executable sig-
nal, and search for test suites that are both small and strong with a quality—diversity
evolutionary algorithm, so that the signal is dense and informative. TESEARCH
treats suite size as a behavior descriptor, so that quality is pursued at every size and
a small, strong suite is reachable, and learns a transition kernel during the search
that denoises the LLM as an actuator on that descriptor. Across 129 real-world
modules and three backbones, TESEARCH delivers the highest-quality suites of
any method compared, LLM-driven evolutionary search included, and the smallest
of any LLM-based one. Used as the improvement signal of a self-evolving agent,
it rejects 59.9% of behavior-changing rewrites against 25.3% for the repository’s
tests, at a 4.0% false-alarm rate and 3.5 s per decision. The code and data are
available at https://github.com/ccsnowl27/TeSearch.

1 Introduction

Self-evolving agents get stronger by editing the code that runs them: the harness that prompts the
model, parses its actions, executes them and records the trajectory [34, 55, 67]. The check a rewrite
must pass to be kept is the agent’s improvement signal. Accept a rewrite that silently changes
behavior and every later episode and rewrite inherits it; reject rewrites that preserve behavior and
the evolution stalls. In software engineering the executable form of this check is the test suite, a
regression specification [62] that captures the accepted behavior of the code so that later modification
can preserve it.

The signals available today are weak. Accepting on rollout outcome spends an agent episode per
candidate on a noisy end-to-end score. The repository’s own tests are free, but they were written
before the agent existed and anticipate none of its edits: we find them rejecting only 25.3% of the
rewrites that change behavior (§5.3). A generated suite can do better, but only if it is effective, so that
a behavioral change breaks at least one test, and efficient, since it runs on every proposed rewrite and
its failures are read by a model with a finite context. Existing generators, search-based or LLM-based,
optimize effectiveness and leave size to whatever emerges [2, 18, 24, 35].

We formulate size-optimized unit test generation and, rather than scalarizing quality against size, let
size define where a suite competes and quality whether it wins: size is a behavior descriptor of a
quality—diversity (QD) search [39, 45], so the small end stays alive instead of being eliminated by
the large one. Two challenges follow. LLM calls are expensive, so a finite budget must be allocated
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across niches whose value is unknown. And unlike classical QD, the descriptor cannot be set directly:
the search can only ask the LLM for a count, which LL.Ms follow imprecisely [71], so the niche a
call targets and the niche it lands in differ.

TESEARCH answers both: an online landing kernel models the LLM as a noisy actuator on the
descriptor, correcting its bias and predicting where each call lands, and a size-annealing UCB
allocates calls across niches from those predictions, turning toward smaller suites only once quality is
secured. Its suites are the strongest and, among LLM-based methods, the smallest on 129 real-world
modules, and as the improvement signal of a self-evolving agent they more than double the detection
of behavior-changing rewrites at a cost the loop can afford on every one.

2 Related work

Self-evolving agents and improvement signals. Self-improving LLM systems differ first in where
an improvement is written. Weight-space methods fine-tune the model on its own data or rewards [56,
73, 74], a gain that cannot be read, diffed or reverted. Context-space methods write into the harness
instead, through verbal self-refinement [37, 49], prompt search and textual gradients [1, 44, 60, 64],
experience memory [68], skill synthesis [54] or search over the whole scaffold [22]; at the frontier the
agent rewrites its own code, including the procedure that performs the update [17, 34, 65, 67]. What
decides whether an improvement is kept ranges from the model’s own judgment [6, 63] to external
verifiers such as tests [7, 9], compilers [20, 29] and environments [36]. Tests are the signal coding
agents such as Cursor, Codex and Claude Code [3, 4, 42] lean on across whole repositories [26, 61, 66],
yet they are taken as given: the repository’s own or written ad hoc. We optimize the test signal itself,
for the strength and cost a loop running it on every rewrite needs. See §F for additional related work.

Evolutionary and quality—diversity search. LLMs used as variation operators under executable
fitness make evolutionary search a strong inference-time optimizer [28, 41, 47], but a global objective
concentrates the population around one mode [16, 19]. QD optimization instead partitions the search
space by behavior descriptors and optimizes quality within each region [15, 30]: MAP-Elites keeps an
elite per cell [39], and MOME a Pareto front per cell whose hypervolumes it sums [45]. Search-based
test generation evolves program inputs against coverage goals [18, 35] and test-suite reduction shrinks
a written suite post hoc [21, 48]; neither controls size during generation. In classical QD the descriptor
is read off what an individual turns out to be; here it must be requested from an LLM before it can be
observed, and TESEARCH models that actuation error explicitly.

3 Size-optimized test generation

Given a Python module M, a suite T is a finite set of test functions for M, with size s(T'). Two
objectives are measured on it: coverage ¢(T') € [0, 1], the fraction of executable lines of M executed,
and mutation score m(T') € [0, 1], the fraction of a fixed sample of mutants of M killed [25]. With
the origin as reference, a suite has hypervolume hv(7T) = ¢(T) m(T') [72], high only when both
objectives are.

Definition 1 (Size-optimized unit test generation). Given a module M and executable quality metrics
(¢, m), produce a collection T of suites and deliver the smallest suite of maximal hypervolume:
T* = argmins(T), THe = argmaxhv(T).
TeTmax TeT

Quality—diversity formulation. Definition | is the terminal objective; QD is the search surrogate.
Larger suites are naturally advantaged in a global competition on (¢, m) [23, 40], so size becomes
the behavior descriptor and quality is optimized independently within size niches, each keeping a
Pareto front over (¢, m) rather than a single elite [45]:

Aj:(nd){TETij_lSS(T)<bj}, jil,...,K, (1)
where nd takes the non-dominated subset and by < - - - < bk are the niche boundaries, the outermost

two left open (byp = 0, bx = o0). The niches are geometric, since the variation in generated size
grows with the size requested (§A).

Search loop and challenges. Each iteration (Figure 1) selects a target niche; takes as parents the
Pareto-front suite nearest the target in log size on each side of it, ordered weaker to stronger since an
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Figure 1: Overview of TESEARCH. The archive (bottom) keeps a Pareto front on (coverage, mutation
score) per size niche. (1) Size-UCB picks a target niche through the transition kernel; (2) the nearest
front suite on each side of the target size becomes a parent; (3) parents, module, execution feedback
and target size form the context; (4) the LLM writes a suite, possibly off the requested size; (5) the
suite is filed where it lands, and the size error updates the kernel.

LLM weighs its most recent context most; prompts the LLM with the parents, the module annotated
with its uncovered lines and surviving mutants, and the target size (§C and §D); then scores the suite
and files it where it actually lands (Algorithm 1). The two challenges are allocation of the call budget
and actuation.

4 TESEARCH

The landing kernel. Requesting a suite of size @ may produce one of size s # a, so a call aimed at
one niche may land in another and credit assigned to the target goes to the wrong arm. LL.Ms follow
count instructions with multiplicative noise [31, 58, 69], so we model landing in log space,

Ins ~ N(Ina+§6, o°), )
with § the systematic count bias and o the residual spread. The bias varies across modules and
backbones and enters the request directly, so it is estimated online and compensated before generation:

for a target niche k with center 7, = +/bx_1by, inverting Equation (2) gives the request Inay =
In 73, — §, rounded to an integer. The spread only spreads credit over neighboring niches; it is stable
and fixed at its holdout median. The landing distribution of a call aimed at niche k is

p;(k) = @(m’ﬁ%) _ @(mb%*k) k= Inay, + 6, 3)

with ® the standard normal distribution function, and once the suite is measured the bias is updated
by the LMS delta rule [57],5 < (1 —n)d +n(lns —Ina).

Size-annealing UCB. Niche selection is a bandit whose arms are the niches. The reward of a call is
the increment A it adds to the multi-objective QD score [45], MOQD(A) = >, HV(A;), the total
area the niche fronts dominate, credited to the niche the suite actually lands in, whether it improves a
niche or populates an empty one. The acquisition is

Ce
UCB(k - A 1
ST

exploration

A = max (0, hv"*" — H), )

expected exploitation

where Q; < (1 —a)Q; +aA is the discounted reward of landing in niche j, initialized for an unseen
niche to the mean over observed ones; z; = (j —1)/(K —1) is the normalized niche index; n counts
the calls aimed at niche & wherever they landed; and c. is an exploration coefficient [5]. Two details
are load-bearing. The kernel weights the exploitation term, because p; (k) is an actuator outcome
distribution rather than a policy prior [5, 27]; and the size penalty sits inside the expectation, so what
is penalized is the size a suite lands at, not the size aimed for. The size penalty A stays at zero until
the best hypervolume found so far reaches a threshold H, and grows with it afterwards. The search
therefore secures quality first and only then favors smaller suites, following the quality-then-size
order of Definition 1.



Table 1: Delivered suite on the 129 TestGenEval modules, means over modules, same call budget for
every method. Higher is better except size, ranked separately; the smallest per backbone is in blue.
Claude Code runs only on its own backbone. *Pynguin is matched in wall clock and scored on the 40
modules it supports.

Method ‘ cov mut hv size ‘
SBST Pynguin™ ‘ 0.464 0.157 0.090 20.4 ‘
GPT-5.4 Claude Opus 4.8 Gemini 3.1 Pro
cov mut hv size | cov mut hv size | cov mut hv size
Iter. refinement 0.798 0.647 0.516 50.8 | 0.842 0.849 0.716 72.5|0.694 0.764 0.539 56.8
Best-of-IV 0.908 0.758 0.693 47.6 | 0.953 0.861 0.824 61.5|0.837 0.823 0.691 51.4
Inference-time Beam search 0.859 0905 0.775 44.5]0971 0910 0.886 68.8 | 0.890 0.934 0.838 52.6
scaling MIPROV2 0.927 0.802 0.746 483 |0.972 0.891 0.870 63.1 | 0.859 0.853 0.736 53.1
GEPA 0929 0.786 0.732 47.9|0.982 0911 0.895 67.2|0.845 0.857 0.732 54.7
ACE 0914 0.753 0.692 52.4|0.938 0.878 0.827 64.4 |0.835 0.826 0.692 55.5
OpenEvolve 0.963 0.858 0.831 51.5|0.964 0.917 0.885 68.0 | 0.930 0.853 0.798 56.6
Coding Claude Code — — — — 10982 0908 0.891 51.6| — — — —
agents Cursor 0913 0.762 0.699 444 | 0967 0.878 0.852 482 |0.846 0.826 0.701 37.0
w/o kernel 0974 0.884 0.866 40.1 | 0.988 0.929 0.917 40.8 | 0.905 0.942 0.855 63.3
Ablations w/o UCB 0973 0.881 0.861 44.1 | 0.995 0.964 0.960 34.4 |0.906 0.937 0.851 42.3
w/o near. parents | 0.985 0.857 0.847 39.2 |0.984 0.949 0934 33.2]0.922 0.937 0.864 394
w/o A 0.981 0.880 0.865 58.8 |0.991 0.961 0.954 84.6|0.909 0.934 0.852 73.4

TESEARCH (full) ‘ 0.995 0.920 0.916 38.6 | 0.998 0.977 0.976 29.1 | 0.940 0.963 0.908 36.3

5 Experiments

5.1 Setup

We use the 129 distinct Python modules of TestGenEval [24], each with a containerized harness.
Mutants are produced per module by cosmic-ray [50] under a fixed seed and split into a search fold,
which scores the search, and a held-out eval fold, which scores what is delivered. Every method runs
under an identical budget of N = 50 calls per module, on GPT-5.4, Claude Opus 4.8 and Gemini
3.1 Pro. The baselines are (i) Pynguin [35], the reference search-based tool for Python, matched in
wall clock (6000 s) since it makes no model call; (ii) inference-time scaling: iterative refinement [49],
best-of-V [8, 32], beam search of width 5, and the context optimizers MIPROv2 and ACE [44, 68];
GEPA [1], whose single global Pareto pool over (¢, m, —s) makes it the three-objective alternative to
our formulation; and OpenEvolve [43], an open implementation of AlphaEvolve [41] that evolves
suites in a MAP-Elites archive under the same feedback; (iii) the coding agents Claude Code and
Cursor [3, 4], told to maximize quality and minimize size, with harness feedback as tool output; and
(iv) ablations: w/o kernel asks for the niche center as written and credits each arm where its calls land;
w/o UCB sweeps the grid uniformly while keeping the aim; w/o nearest parents samples parents at
random from the fronts; w/o A sets A = 0.

5.2 Test-suite quality

Table | reports the delivered suite. TESEARCH attains the highest hypervolume on every backbone,
7.0-8.5 points above the strongest baseline, in the smallest suites any LLM-based method delivers.
Pynguin delivers fewer tests, but at hv = 0.090: size is a coordinate here, not the objective. The
two population-based baselines isolate the formulation. OpenEvolve also keeps an archive and is
the strongest baseline on GPT-5.4, but its archive is not indexed by size, so it holds nothing small
to hand back and delivers 51.5 tests. GEPA puts —s in the objective, admitting near-empty suites
as non-dominated and leaving a front wide in size but shallow in quality. The ablations separate
on the axis each mechanism moves: removing \ costs little quality (—0.02 to —0.06 hv) but grows
suites 1.5-2.9x; removing the kernel inflates size hardest where the actuator overshoots most (+11.7
and +27.0 tests on Claude Opus 4.8 and Gemini 3.1 Pro), since credit piles up in the larger niches
that off-target calls reach; removing UCB or the nearest parents costs quality and size on all three
backbones.



Table 2: Improvement signals for self-revisions of mini-swe-agent’s harness. div/eq: divergent /
equivalent revisions in the module’s pool. DDR: divergent revisions rejected (1); FAR: equivalent
revisions rejected (]); s: mean wall clock per decision.

Repository tests TESEARCH

Module Role in the harness div/eq | DDR FAR s DDR FAR s

agents/default agent loop: model calls, actions, limits 17/41 0.529 0.000 15.7 | 0.588 0.049 3.0
environments/local runs bash commands, captures output 25/31 | 0.720 0.000 4.9 | 0920 0.065 3.3
actions_toolcall parses tool calls; renders observations 29/34 | 0.276 0.000 3.0 | 0.552 0.029 3.1
actions_text parses text actions; renders observations 25/35 0.040 0.000 7.7 | 0.560 0.029 29
cache_control places prompt-cache breakpoints 29/26 | 0.172 0.000 2.9 | 0.414 0.038 3.0
content_string flattens messages to text for display 35/25 | 0.057 0.000 2.9 | 0.600 0.040 29
litellm_model model client: API call, retry, cost 38/25 0.026 0.000 7.1 | 0.421 0.080 6.7
serialize merges layered config dictionaries 19/36 | 0.579 0.000 2.9 | 0.947 0.000 3.1
Pooled | 217/253 | 0.253 0.000 5.9 | 0.599 0.040 3.5

The actuator and the anneal. Over 6063 TESEARCH generations on GPT-5.4, the count bias ¢ ranges
from —0.037 to +0.107 across modules and changes sign, so no fixed correction serves all; online, the
log-size residuals have mean 0.013 and standard deviation 0.100, as the kernel assumes. Allocation
is selective without collapsing: grouped into eight normalized size bands, no band falls below a 0.067
share of calls in any window. Against constant and no size pressure, only the quality-gated ramp
finishes both highest in quality and smallest in size.

5.3 Improvement signal for a self-evolving agent

Setup. We study the keep-or-discard decision on mini-swe-agent [51], an open variant of SWE-
agent [61] whose harness is a few hundred lines of Python. For each of eight harness modules,
GPT-5.4 receives a revision intent drawn from common self-improvement goals (latency, tokens,
robustness, structure), either behavior-preserving or behavior-changing, and implements it as a revised
module, 64 per module; each behavior-changing intent is the failure mode of a preserving one with
the same goal and shape of edit, such as caching a function that reads changing state (§E). Two
annotators verify each revision (k = 0.74), leaving the 470 of Table 2, labeled divergent if the intent
changes behavior and equivalent otherwise. A gate rejects a revision when its suite fails where it
passed on the unmodified module; the TESEARCH suite is generated once from that module and
compared with its repository tests.

Results. TESEARCH rejects 59.9% of divergent revisions against 25.3% for the repository tests,
and more on every module (Table 2). Repository tests check that a module performs its function;
a mutation-optimized suite also pins the details a mutant perturbs, such as a separator, a default or
which exception surfaces, so the gap is widest on modules that parse model outputs or render what the
model reads. The tighter constraint costs little: TESEARCH rejects 10 of the 253 equivalent revisions,
a 4.0% false-alarm rate, where the repository tests reject none. A decision takes 3.5 s against 5.9 s
and calls no model, where acceptance by rollout spends an agent episode: the agent can afford this
signal on every rewrite it proposes.

6 Conclusion

Self-evolving agents now rewrite their own harness fluently; what they cannot yet tell is whether a
self-referential edit is correct and leaves existing behavior intact. This paper targets that gap with
a quality—diversity evolutionary search that treats suite size as a behavior descriptor, so quality is
pursued at every size and a small, strong suite is reachable, and learns a transition kernel during
the search that denoises the LLM as an actuator on that descriptor. Across 129 modules and three
backbones the resulting suites are the strongest of any method compared and the smallest of any
LLM-based one, and as the gate of a self-evolving agent they reject 59.9% of behavior-changing
rewrites against 25.3% for the repository’s tests, at 3.5 s per decision and no model call. TESEARCH is
thus an effective improvement signal for self-evolving agents: strong enough to catch what a rewrite
silently broke, cheap enough to run on every rewrite.
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A The size-niched grid

Suite size is the archive’s only descriptor, and the noise on it is multiplicative: asking for twice
as many tests does not add a fixed error, it scales the error, which is why §4 models landing as
log-normal. The grid is therefore a partition of In s built once, immediately after the seed phase. The
grid is centered on an anchor 3, the size the backbone writes at when no size is named, estimated as
the geometric mean of the seed suites’ sizes. Writing 717, . .., T}, for the n seed suites that measured,

5 = exp(% Z;l In S(TL)> 5)

The mean is taken on the log scale because the noise is multiplicative, and the seeds are unhinted
precisely so that the anchor measures the model rather than our own prompt.

Niches are geometric, with equal width on the log scale. This is the spacing used whenever values
within a constant factor of each other are interchangeable, as in MetaGrad’s exponentially spaced
grid of learning rates [53], and whenever error is relative rather than absolute, as in DDSketch, whose
bucket ratio is set by the relative accuracy it guarantees [38]. Under multiplicative noise, both hold
for suite sizes. Consecutive niches differ by the ratio p = €2 = 1.22, where o = 0.10 is the landing
spread of the transition kernel (§4), so each niche spans ¢ around its center on the log scale. This
width is intended: since §4 models landing noise as log-normal, an aimed draw lands in the niche it
was aimed at with probability 68% under the model.

The grid is built per module over the range [Smin, 5p7], and both ends follow conventions of software
testing [40, 52]. The lower end is set by the module: s,,;, is the number of public functions and
methods of the module under test, counted statically from its AST. A suite with fewer tests than that
must check several of them in one test method, which is the Eager Test smell: such a test is hard to
read, hard to use as documentation of the behavior it checks, and makes tests more dependent on each
other, and the prescribed remedy is to split it until each test method exercises a single method of the
unit [52]. The floor also guards against reward hacking, in which the LLM packs all its checks into a



Algorithm 1 TESEARCH on one module. LLM is the frozen backbone; MEASURE executes a suite in
the module’s container and returns (¢, m) on its passing subset together with its written size s.

Input: module M; call budget NV; seeds ngeeq; hyperparameters o, n, o, ce, H
Output: one delivered suite
Seed phase — the grid does not exist yet, so nothing can be discarded on it.
1: fori=1,...,Ngeeq do
2 T; LLM(SEED, M) // unhinted: no count is named
3 MEASURE(T;); file T; provisionally, dominance off
4: end for
5: 5 < Eq. (5) on the measured seed sizes; Smin — public functions and methods of M
6: derive by . ..bx over [smin, 5p7] (§A); re-file the archive under them
7
8

: 6+ 0; ny, + 0 forall k; hv** « max; hv(T})

: replay the seed landings into @ // a seed asked for no size
Search.

9: while fewer than IV calls have been spent do
10: if the archive is empty then // only after every seed failed to measure
11: regenerate unhinted, measure, file; continue
12: end if
13: fork=2,..., K —1do // the overflow niches 1 and K are never aimed at
14: Py, < the front member nearest 7 in log size on each side of 7 7 §C
15: ar + | exp(In, — )| / the aim, §4
16: Pj (k‘) +— Eq. (3) at ay, for every j // the kernel, run forward
17: Sk = 20 (k)(Q5 = Azj) + cef/ Vi +1 // Eq. (4)
18: end for
19: k* arg maXao<g<K-—1 Sk // deterministic; the bonus already schedules variety
20: mode <— COMPRESS if 7y« lies below the last parent of Py, else EXPAND // Table 4
21: T <+ LLM(BREED[mode], M, Py, aj-)
22: N+ < Npx + 1 // the ask is charged, measured or not
23: if MEASURE(T') succeeds then
24: file T in the niche of its written size, j < niche(s(T))
25: A <+ increment of MOQD, clipped to [0, 1] // the reward
26 6 (1—=n)6+n(Ins(T) - Inay) // LMS update
27: C/Q\j — @j + a(A — C/Q\J) // credited where it landed
28: hv?** < max (hv"*", hv(T)); recompute A by Eq. (4)
29: end if
30: end while
31: return the smallest-written suite among those of maximal hv // Definition 1

single test function to game the size reward. The upper end is relative to the anchor,  niches above it,
and so scales with the size of the module. In software testing, the effectiveness of a suite grows with
its size [23], but only logarithmically [40]. Beyond a minimal suite, one from which no test can be
removed without lowering its mutation score, further tests add nothing but code smells such as Lazy
Test and Test Code Duplication [52]. To keep suite size from growing without bound, and to avoid
spending calls on unreasonably large suites, we set v = 4. The boundaries that fall inside the range,
sorted and with duplicates dropped, are b; < --- < bx_;. A suite outside the range is filed rather
than dropped, into one of two open overflow niches, [0, ;) and [bx—1, 00); the bandit never aims at
them, and a call that lands in one is still charged to the arm it aimed at.

B The search loop

Algorithm 1 states the whole method.

C Parent selection and context assembly

Given the selected niche k£*, TESEARCH selects two parents from all Pareto-front suites in the archive,
rather than only from the target niche. Specifically, one parent is taken from each side of the target
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size: on each side, suites are ranked by their log-size distance to the target,

)

[lns(T") — In 7%~

with hypervolume breaking ties, and the nearest suite is selected. Using the global archive allows
generation even when the target niche is empty, while size proximity provides examples at a scale
close to the requested suite.

The generation context consists of the module under test, execution feedback, the two selected parents,
and the requested size. Execution feedback highlights uncovered lines and surviving mutants. The
parents are ordered from weaker to stronger, placing the stronger example closest to the generation
request. Finally, the LLLM is instructed to generate a suite of the requested size by compressing or
extending the last parent, according to whether the target lies below or above it. §D provides the full
prompt.

Parent selection. Parents are selected by size proximity from the two sides of the target: the
Pareto-front suite nearest 75~ in log size among those smaller than the target, and the nearest among
those larger. Because the grid is geometric, the niche index is log size up to a constant, so each side is
a one-dimensional nearest-neighbor lookup. The two parents therefore always differ in size, and their
relation in Table 3 follows from their hypervolumes: if the smaller parent has no lower hypervolume,
it Pareto-dominates the larger one; otherwise the larger one lexicographically dominates it. When one
side has no suite, the parents come from the other side alone; in that edge case the call must compress
or expand the suite toward the target while raising its hypervolume. The pool is global rather than
niche-local for a structural reason: the acquisition frequently selects a niche no suite has reached
yet, and a draw restricted to that niche’s own front would leave exactly those targets unbreedable.
The w/o nearest-parents ablation replaces the ranking with a uniform draw over the same pool and
changes nothing else — the candidates are still front members, so nothing dominated is ever shown,
and the ordering rule below still applies.

Ordering and annotation. The two parents and the target are arranged ascending under the order
of Definition 1 — by hypervolume first, and by smaller size only when hypervolumes are equal —
with the target always last, immediately before the continuation, where recency weighs the nearest
example most [33, 60, 70]. With one parent on each side of the target size, the arrangement takes one
of two mirror forms (Table 4). If the larger parent L has the higher hypervolume, the order is S, L, T":
L lexicographically dominates S, and the target 7" must Pareto-dominate L, compressing it to the
target size at no lower hypervolume. Otherwise the order is L, S, T: S Pareto-dominates L, and T’
must lexicographically dominate S, expanding it to the target size at strictly higher hypervolume.
The asymmetry is deliberate: a smaller suite at equal hypervolume is already an improvement under
Definition 1, and the only one left once hypervolume saturates, whereas a larger suite is worth its
extra tests only if it raises hypervolume. The second parent carries a one-line note comparing it with
the first, in one of the two forms of Table 3; the note states the measured change in both hypervolume
and size, so it is always a measured claim rather than an inferred narrative.

Table 3: The comparison note attached to the second parent. Together with the target, which always
comes last, the ordered parents form a gradient along the order on (hv, size), so the strongest example
sits nearest the output position, where the model’s recency bias weighs it most [33, 60, 70]. Because
the parents lie on opposite sides of the target size and are ordered first, the later of the two is never the
weaker, so the relation reduces to two cases, and the note reports both changes with their numbers.

Type Condition on (preyv, curr) Emitted note
Pareto dominance no lower hypervolume and perfect improved version of prev
smaller size (hypervolume grow 0.852->0.916, size

decline 24->13)

lexicographic dominance higher hypervolume and larger ~ improved version of prev
size (hypervolume grow ..., size grow

L)
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Table 4: What the target 7' must achieve against the parent placed next to it. S and L are the parents
below and above the target size. The requirement is asymmetric in hypervolume because the step
toward 7' changes size in opposite directions.

Case (order) T against its Hypervolume of 7' Emitted note
neighbor
compress smaller than L' hv(T) > hv(L) perfect improved version of prev
(S,L,T) (hypervolume grow or hold from <hv(L)>,
size decline <size(L)>-><n>)
expand larger than S hv(T) > hv(S)  improved version of prev (hypervolume grow
(L,S,T) from <hv(S)>, size grow <size(S)>-><n>)

D Prompt construction

With the two parents chosen and ordered (§C), three further decisions turn them into a prompt: which
of the two breeding framings the call is given, what execution signal is written into the module source,
and how much of each piece is shown.

Feedback signal. The module source shown in a breeding prompt is annotated with what the
strongest parent still misses, written at the end of the exact line it describes rather than as a separate
list of line numbers: # <- NOT COVERED YET on a line none of its passing tests execute, and # <-
SURVIVING MUTANT: <op> on aline where that mutation survives its assertions. Failing tests inside
an example suite are marked the same way, at the end of the (possibly multi-line) def header, as #
<- FAILING: <exception>. Adjacency is the point: models align a mark sitting next to the code
far more reliably than a position given in a distant block of text. Coverage only ever flags executable
statement lines, so a trailing comment is syntactically safe wherever a mark can land.

Prompts, verbatim. Below are the three system prompts and the user prompt skeleton, exactly as
the implementation emits them; a bracketed [. ..] marks text repeated verbatim from the prompt

above it, and <. . .> marks a slot filled at run time. Throughout this appendix, 'system prompts are

marked in blue and | user prompts  in gray.

System Prompt — SEED

You write ONE complete, self-contained Python test suite (pytest style) for the target module. Output
ONLY the suite source - no prose, no fences. The suite must include its own fixture scaffolding
at module level: import the SUT, bootstrap the runtime, stub collaborators, build inputs - then
the tests. EVERY test must pass against the module as given. Compute expected values yourself by
reading the module source. Prefer many small, strongly-asserting tests spread across ALL
functions/classes of the module.

System Prompt — BREED, compression mode

You write ONE complete, self-contained Python test suite (pytest style) for the target module - a
GLOBAL, whole-suite generation, not targeted at any one function or region. Output ONLY the suite
source - no prose, no fences. The suite must include its own fixture scaffolding at module level:
import the SUT, bootstrap the runtime, stub collaborators, build inputs - then the tests. EVERY
test must pass against the module as given. Compute expected values yourself by reading the
module source. You will be shown EXISTING versions of this suite, ordered from weakest to
strongest by hypervolume (coverage x mutation-kill), the smaller one ranking stronger when
hypervolumes are equal; the LAST one is the strongest shown. Each is labeled with its own size/
coverage/mutation-kill numbers, and the second carries a short, factual note comparing it to the
version immediately before it. Some tests in the versions you are shown FAIL against the module
as given; each is marked ‘# <-- FAILING: <exception>‘ at the end of its ‘def‘ line, and the
numbers in that version’s header were measured on its PASSING tests only. Your task is
CONSOLIDATION, not writing from scratch: the target size is BELOW the last version. Rewrite that
version DOWN to the target size with a hypervolume at least as high as its own, and higher if you
can: merge related assertions into fewer, denser tests; share setup; fold parametrizable cases
together with pytest.mark.parametrize; drop only what is truly redundant. Do NOT drop that
version’s strong, exact-value assertions - they are what kills the mutants. Repair a failing test
if its intent is worth keeping at the target size; otherwise drop it - it is contributing
nothing to the numbers today.
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System Prompt — BREED, extension mode

[...] Your task is EXTENSION, not writing from scratch: the target size is ABOVE the last version.
Grow that version UP to the target size, and make the added tests raise its hypervolume: a larger
suite whose hypervolume does not rise is worse than the version you started from. KEEP that
version’s tests and their strong, exact-value assertions (verbatim or lightly refactored), and
ADD new, strongly-asserting tests that execute the ‘# <-- NOT COVERED YET® lines and assert exact
values/branches around each ‘# <-- SURVIVING MUTANT® so the mutation would fail. Do not pad with
redundant tests - every added test should close an annotated gap. Failing tests carry real
testing intent - REPAIR them by reading the module source and fixing the expected value, rather
than deleting them, unless the same behaviour is already checked elsewhere.

The user prompt is the three pieces and the ask, in order: the module with the residual signal marked
inline, the count, then the ordered parents, strongest last.

User Prompt — BREED (<. . . > are substituted at run time)
[TARGET MODULE] <dotted.module.path>

[MODULE SOURCE - annotated with what the LAST (best) suite below still misses: ‘# <-- NOT COVERED YET‘
marks lines none of its tests execute; ‘# <-- SURVIVING MUTANT: <op>‘ marks lines where that
mutation survives its assertions. Cover those lines, and assert exact values/branches around each
surviving mutant so the mutation would faill
<module source, in full, with inline residue marks>

[TARGET SIZE] exactly 18 test functions. This is a HARD REQUIREMENT: the suite MUST contain exactly 18
functions whose name starts with ‘test_¢. Count them before you finish and adjust until the
count is 18

[test_suite_v0 - size=24 green=22 pass_rate=0.917 coverage=0.947 mutation=0.900 loc=476]

(2 of its 24 tests FAIL - each marked inline below; the coverage/mutation above come from the 22 that
pass)

<weaker parent, in full>

[test_suite_vl - size=13 green=13 pass_rate=1.000 coverage=0.982 mutation=0.933 loc=273]
(perfect improved version of prev (hypervolume grow 0.852->0.916, size decline 24->13))
<stronger parent, in full>

Write test_suite_v2 now: the next, improved complete suite. Complete file, no prose, no fences.

An arm whose niche the archive cannot supply parents for at all — only possible before the archive
has any occupant — falls back to the seed prompt with the size instruction appended.

E Revision intents and examples

The self-evolving experiment of §5.3 revises eight modules of mini-swe-agent [51], chosen to cover
the harness end to end: the agent loop, the local execution environment, the two action parsers,
the cache-breakpoint policy, the message flattener, the model client and the config merger (Table 2
gives the role of each). For each module, GPT-5.4 is shown the module source together with a
revision intent and returns one complete revised module. Intents are drawn from the fixed list in
Table 5, which covers the kinds of self-modification a harness-evolving agent proposes in practice: a
behavior-preserving intent asks for the module to be improved without changing what it does, and a
behavior-changing intent asks for an edit that alters observable behavior. Table 6 shows representative
revisions of each kind.
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Table 5: Revision intents. Class is what the intent asks for, not what the revision turns out to do; a
revision enters Table 2 only if human verification confirms that it realizes its intent (§5.3). Intents
come in pairs: each behavior-changing intent is the failure mode of the behavior-preserving intent
above it, with the same goal and the same shape of edit. n counts revisions generated under each
intent, pooled over the eight modules.

Family Intent Class n
Performance cache a function whose result depends only on its arguments preserving 16
cache a function that reads changing state (clock, counter, file) changing 16
list to set, where order and duplicates are unused preserving 16
list to set, where order or duplicates are relied on changing 16
batch independent calls, keeping results and their order preserving 16
batch calls, changing which error surfaces and when changing 16
return early where no side effect follows preserving 16
return early, skipping a side effect (log, counter, cleanup) changing 16
Token shorten the output, keeping every field a reader uses preserving 16
shorten the output, changing a key or separator a reader parses changing 16
truncate long output, keeping head and tail with a marker preserving 16
truncate long output, keeping only the head changing 16
stop emitting a field that no code reads preserving 16
stop emitting a field read only on a rare path (e.g., errors) changing 16
merge repeated outputs that are byte-identical preserving 16
merge outputs that print alike but differ (e.g., exit code) changing 16
Robustness retry a call that is safe to repeat preserving 16
retry a call whose repetition has an extra effect changing 16
add a timeout that reports expiry as a failure preserving 16
add a timeout that returns partial output as complete changing 16
narrow except Exception to every type the block raises preserving 16
narrow except Exception, missing a type the block raises changing 16
handle None where the value is legitimately optional preserving 16
return None silently where the code should raise changing 16
Structure extract a helper, keeping captured variables and defaults preserving 16
extract a helper, changing a captured variable or default changing 16
group parameters into a fresh object per call preserving 16
group parameters into an object shared across calls changing 16
merge two branches with identical bodies preserving 16
merge two nearly identical branches, losing the difference changing 16
add type hints and docstrings only preserving 16
add type hints plus a small change to a conversion or default changing 16
Total 512
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Table 6: Example divergent and equivalent revisions for six of the eight harness modules, with the

revision intent and content. eq and div abbreviate equivalent and divergent.

Module Intent What the revision did Label
agents/default narrow except Exception,  narrows except Exception around the model — div
missing a type the block raises  call to ValueError and TypeError; a model
raising KeyError or OSError now escapes the
loop
environments/local return early, skipping a side checks for the submission sentinel only when the  div
effect (log, counter, cleanup) command failed, so a successful submit no
longer ends the episode
extract a helper, keeping moves the decoding of a failed command’s eq
captured variables and defaults partial output into a module-level helper, called
at the same point on the same exception
actions_toolcall list to set, where order and tests for the required command argument with a eq
duplicates are unused one-element set’s issubset instead of in
actions_text cache a function that reads reads the clock once at import, so every div
changing state (clock, counter, observation carries the same stale timestamp
file)
cache_control stop emitting a field read only  deletes both places that attach the ephemeral div
on a rare path (e.g., errors) cache_control marker, so no breakpoint is
ever set
cache a function whose result  caches the content-text lookup behind a function  eq
depends only on its arguments  that returns its argument, so a cache hit returns
what a fresh call would
serialize merge two branches with folds the merge-into-existing and fresh-copy eq

identical bodies

branches into one call, passing None for a
missing previous value, which the merge already
skips
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F Additional related work

Self-evolving agents in verticals. A general-purpose agent becomes useful in a vertical domain
through knowledge its weights do not hold, and with frozen weights (§2) it evolves by how that
knowledge is streamed in, managed and retrieved. Streaming turns raw domain input, arriving
continuously, into a structured form an agent can consume: knowledge graphs constructed from
unstructured threat reports [10], hybrid system logs parsed by a user-adaptive parser [59], and natural
language translated into first-order logic that symbolic reasoners can consume [46]. Management
organizes and revises what has been accumulated: cyber threat intelligence (CTI) corpora organized
into agent-native scaffolds that agents consume directly [13], documentation optimized as repository-
specific playbooks for coding agents [12], and behavioral specifications of program entities refined
recursively from the failures of the code generated from them [11], where a local improvement must
be kept from causing a regression elsewhere. Retrieval decides what of it reaches the agent at decision
time, as benchmarked for retrieval-augmented LLMs over heterogeneous CTI sources [14]. Across
the three stages, what lets a vertical agent evolve rather than drift is a signal, grounded in its domain,
that decides which revisions of its knowledge to keep: knowledge graphs, corpora and parsers are
typically judged once, by extraction or answer accuracy, and specifications and documentation by
tests taken as given. This paper turns to that signal itself. In software, where it is executable, we
search for the test suite that serves as it, strong enough to catch a revision that silently changes
behavior and small enough to run on every revision, whether what is revised is documentation, a
specification or, as in §5.3, the agent’s own harness.
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