EvoAgentBench: Benchmarking Agent Self-Evolution via Ability Transfer
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Abstract

Agent self-evolution in long-horizon LLM sys-
tems is largely procedural: useful experience is
not merely stored information, but reusable pro-
cedures for searching, debugging, and verifica-
tion. Yet current evaluations do not isolate this
form of transfer. Agent benchmarks test single-
episode task solving; memory benchmarks tar-
get information retention rather than procedural
reuse. We introduce EvoAgentBench, a bench-
mark for agent self-evolution with Ability-
guided transfer evaluated separately in four
agentic domains: web research, algorithmic rea-
soning, software engineering, and knowledge
work. EvoAgentBench extracts trace-grounded
Abilities from agent executions, canonicalizes
them into operational units, and builds domain-
specific Ability Graphs linking tasks that share
procedural overlap. By design, every test task is
backed by verified training-side Ability support.
Across a 528/267 train/test split, two scaffolds,
and three backbones, curated Ability content
yields a positive aggregate effect and positive
gains in every evaluated configuration, while
gains from current automatic methods remain
inconsistent across configurations. EvoAgent-
Bench shifts self-evolution evaluation from ag-
gregate accuracy comparison to fine-grained
diagnosis of experience encoding, routing, ex-
posure, and uptake. The benchmark is pub-
licly available at https://huggingface.co/
datasets/EverMind-AI/EvoAgentBench.

1 Introduction

A useful agent should not solve every task from
scratch. After prior executions, it should retain
reusable procedures for searching, debugging, and
verification. As LLM agents increasingly mas-
ter isolated long-horizon tasks (Patwardhan et al.,
2026; Chen et al., 2026; Jain et al., 2025; Jimenez
et al., 2024), the evaluation frontier is shifting to-

*Co-corresponding authors.
"Project leader.

ward exactly this capability: improvement from
experience.

We study skill-based agent self-evolution, where
past trajectories are distilled into external arti-
facts such as skills, cases, workflows, or evolved
prompts, and made available when solving future
tasks. This paradigm offers a lightweight, model-
agnostic path to improving agent reliability (Shinn
et al., 2023; Zhao et al., 2024; Wang et al., 2025,
2024; Fernando et al., 2024).

Current evaluations fail to isolate trajectory-to-
procedure transfer. Task-centric benchmarks mea-
sure whether an agent can solve a held-out task, but
they never test whether prior experience converts
into reusable procedural knowledge (Patwardhan
et al., 2026; Chen et al., 2026; Jain et al., 2025;
Jimenez et al., 2024; Mialon et al., 2024). Long-
context and memory benchmarks evaluate recall,
retrieval, and personalization over stored informa-
tion, but stop at information retention, never reach-
ing procedural reuse (Bai et al., 2024; Maharana
et al., 2024; Wu et al., 2025).

Benchmarks for self-evolving agents come
closer but still fall short. These evaluate how skill
libraries grow over sequential tasks, yet they entan-
gle artifact quality with task order, retrieval policy,
and scaffold dynamics (Cai et al., 2025; Wu et al.,
2024; Jiang et al., 2026). Skill-oriented bench-
marks probe procedure quality, but evaluation oper-
ates within individual tasks rather than measuring
cross-task transfer (Li et al., 2026; Zhong et al.,
2026). The result is a shared blind spot: no cur-
rent benchmark explicitly controls for ability-
level support while measuring whether reusable
procedures transfer to unseen tasks with related
but non-identical demands.

Evaluating trajectory-to-procedure transfer intro-
duces a tension absent from ordinary held-out eval-
uation. Evaluation tasks must be related enough
to prior experience that transferable procedures ex-
ist, yet distinct enough that improvement cannot
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stem from memorized answers or near-duplicate
exposure. How can a benchmark guarantee both?
We resolve this with a single structural principle: a
benchmark for agent self-evolution must be ability-
supported yet instance-disjoint.

We introduce EvoAgentBench, a multi-domain
benchmark built around this principle. It provides a
training split on which self-evolution methods col-
lect experience and construct reusable artifacts, to-
gether with held-out tasks requiring related capabil-
ities without duplicating instances. The benchmark
spans four long-horizon agentic domains: web re-
search, algorithmic reasoning, software engineer-
ing, and knowledge work. Rather than using bench-
mark or domain labels as transfer units, EvoAgent-
Bench extracts trace-grounded Abilities from agent
executions to build domain-specific Ability Graphs
whose splits measure procedure-level transfer sepa-
rately within each domain rather than random task
separation. Under matched external conditions, au-
tomatic methods differ only in how they encode
and reuse training experience; the benchmark’s
own Ability-grounded skills serve as a diagnostic
reference with curator-side routing.

Using EvoAgentBench, we expose a substan-
tial gap between high-quality procedural content
and current automatic self-evolution methods. The
Ability-grounded reference condition improves
held-out performance in each of the four domain-
specific evaluations, but automatic methods remain
brittle, with gains varying across settings. We also
identify instances of negative transfer, where in-
jected artifacts hurt task performance. Finally, in-
teraction cost is an unreliable proxy for accuracy,
motivating joint reporting of performance and over-
head.

In summary, this paper makes three contribu-
tions:

» Evaluation framework. We formulate agent
self-evolution as a controlled experience-to-
transfer evaluation problem and provide a
matched evaluation substrate so that methods
differ only in how they encode and reuse train-
ing experience.

¢ Benchmark. We introduce EvoAgentBench,
a multi-domain benchmark whose trace-
grounded Ability Graphs enable separate
procedure-level transfer measurement within
each of four agentic domains.

* Empirical findings. Evaluation across two

scaffolds and multiple backbones shows that
reusable procedural content transfers when
correctly delivered, but current automatic
methods remain brittle as the evaluated do-
main, scaffold, and cost regime change.

2 Related Work

Agent self-evolution via reusable artifacts.
Methods for non-parametric self-evolution can be
organized by artifact type. Reflexion (Shinn et al.,
2023) introduced verbal reinforcement via tran-
sient reflections; ExpeL (Zhao et al., 2024) gen-
eralized this across tasks into natural-language
insights; Voyager (Wang et al., 2024) built exe-
cutable skill libraries. AWM (Wang et al., 2025)
targets workflows, while prompt-evolution systems
such as Promptbreeder and GEPA (Fernando et al.,
2024; Agrawal et al., 2026) target evolved prompts.
Continuously updated or structured memories in-
clude Dynamic Cheatsheet (Suzgun et al., 2026),
streaming reasoning pools (Ouyang et al., 2026b),
Memento (Zhou et al., 2025), EverMemOS (Hu
et al., 2026a), and HyperMem (Yue et al., 2026).
A recent wave converges on curated skill packages
that distill trajectories into structured, persistent
files (Zhou et al., 2026; Ouyang et al., 2026a; Mi
et al., 2026; Yang et al., 2026). Yet no method ex-
plicitly models which reusable abilities are present
in training and whether they transfer. The gap is
not artifact diversity but transfer awareness: with-
out modeling which abilities are present at training
time, a method’s improvement could stem from
its extracted procedures, retrieval, or incidental
task-level overlap. EvoAgentBench grounds trans-
fer evaluation in trace-derived Ability units and
evaluates automatic self-evolution methods under
matched task, tool, and scoring conditions.

Benchmarks for self-evolving agents. Existing
benchmarks are largely streaming: LifelongA-
gentBench (Zheng et al., 2025), SEA-Eval (Jiang
et al., 2026), StuLife (Cai et al., 2025), and Evo-
Memory (Wei et al., 2025) study how memory
or skill libraries evolve as tasks arrive sequen-
tially, conflating artifact quality with scheduling
and retrieval dynamics. AMA-Bench (Zhao et al.,
2026) and EverMemBench (Hu et al., 2026b) tar-
get in-episode agentic or multi-party conversational
memory rather than cross-task procedural transfer.
SkillsBench (Li et al., 2026), SkillFlow (Zhang
et al., 2026), and SkillLearnBench (Zhong et al.,
2026) probe skill-artifact quality: SkillsBench re-
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Benchmark Eval Target Cross-Task Abil.-Aware Split #D #Tasks
LongMemEval Info. retention X X 1 500
AMA-Bench Traj. memory X X 6 3,696
StreamBench Online adapt. v X 5 9,702
LifelongAgentBench Online adapt. v X 3 1,396
SEA-Eval Online adapt. v X 2 90
SkillsBench Skill quality X X 11 84
SkillLearnBench Skill learning X X 6 100
SkillFlow Skill evolution v X 5 166
EvoAgentBench Proc. transfer v v 4 528/267*

Table 1: Comparison with related benchmarks. #D: number of domains. * Train/ test split; other benchmarks report

undivided evaluation pools or sequential streams.

ports that curated skills substantially outperform
self-generated ones, and even SkillLearnBench’s
three-level evaluation operates within individual
tasks. Yet when a method fails, none can pinpoint
whether the bottleneck lies in missing training-side
ability, flawed extraction, or retrieval breakdown, a
distinction essential to method development.

EvoAgentBench closes this gap (Table 1) with an
Ability Graph that guarantees training-side Ability
support for every test task, enabling diagnosable
transfer evaluation.

3 EvoAgentBench

EvoAgentBench is built around an Ability Graph.
Nodes are tasks, and edges indicate shared reusable
Abilities extracted from agent executions. An Abil-
ity is not a dataset label, topic, or repository name;
it is a reusable operation such as a search strategy,
debugging procedure, or validation workflow. Task
relatedness, data splitting, and diagnostic construc-
tion all derive from these operations rather than
surface metadata. Figure 1 overviews the three-
stage construction pipeline.

3.1 Benchmark Formulation

Let Diyain and Dyest denote the training and test
splits. A self-evolution method m receives training-
side evidence only—task prompts, verifier out-
comes, associated metadata, and training trajec-
tories, either the benchmark’s construction traces
or rollouts the method itself performs on Dyyain
(the protocol in our experiments; Section 4)—and
produces an evolution state z,,, encoding this expe-
rience into a reusable form such as a skill library,
case bank, workflow set, or evolved prompt. The
benchmark is not tied to a particular representation;
future methods may instantiate z,, as lightweight

updates, provided the update derives only from
training-side evidence.

During evaluation, the agent is run on Djest With
zm available through the method’s own interface.
Let D denote the evaluated domains and D,
the test tasks in domain d. For a fixed scaffold-
backbone configuration s, let ro s(z) be the no-
evolution baseline score on test task z, and 7y, ()
the score after applying method m. The primary
observable is the domain-balanced average transfer
gain:

1

d
5m,s

(Tm,s(x) —To,s ($)) ,

‘Diflest’ reDd

test

1
Am’s — ? Z 5%’8.
Pl

Thus, taskwise gains are averaged within each
domain before the domain means receive equal
weight. When reporting an aggregate across a
set S of evaluation configurations, we additionally
give each configuration equal weight: A%verall —
IS|71 Y5 Am,s. In our experiments, |D| = 4
and |S| = 6. We additionally report cost changes
when available.

Within each agent—backbone setting, we fix the
task statement, tool set, scoring contract, timeout,
and base agent configuration. Methods differ only
in what evolution state they construct and how
that state is applied at test time, and EvoAgent-
Bench measures whether each chosen form of self-
evolution improves test-time behavior on tasks with
verified train-side Ability support.

3.2 Ability-Guided Data Construction

EvoAgentBench covers four long-horizon agen-
tic domains: web research, algorithmic rea-
soning, software engineering, and knowledge
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Figure 1: EvoAgentBench construction pipeline. Stage 1: no-skill executions from multiple backbones across four
domains yield a trace pool with reusable spans. Stage 2: raw Ability cards are merged into canonical families
(Method, Guard, or Workflow) via embedding blocking, LLM adjudication, and expert review. Stage 3: the
task—Ability graph is partitioned into communities, and constrained splitting guarantees train-side Ability support

for every test task.

work, instantiated with BrowseComp-Plus, Live-
CodeBench, SWE-Bench Verified, and GDPVal
respectively (Chen et al., 2026; Jain et al., 2025;
Jimenez et al., 2024; Patwardhan et al., 2026). Each
domain favors distinct reusable procedures: search
and verification strategies for web research, al-
gorithm design and debugging patterns for algo-
rithmic reasoning, repository-level repair proce-
dures for software engineering, and artifact con-
struction or validation workflows for knowledge
work. Rather than treating source benchmark la-
bels or domain metadata as transfer units, EvoA-
gentBench builds transfer structure from trace-
grounded Abilities.

3.2.1 Multi-Backbone Trace Collection

Ability construction is grounded in agent behav-
ior rather than task metadata alone. For each task,
we collect executions from a set of construction
backbones Biyace. In our implementation, Biyace
contains three construction backbones: Kimi-K2.5,
GLM-5.1, and DeepSeek-V3.2 (Team et al., 2026;
GLM-5-Team et al., 2026; DeepSeek-Al et al.,
2025).

For each task x and backbone b € Bi;ace, We col-
lect executions across construction scaffolds (Ap-
pendix A.2); 7, denotes the resulting trace set,
with o, ; and v, ; the corresponding outputs and
verifier scores (binary, scalar, or structured depend-

ing on the source benchmark). The task-level multi-
backbone trace pool is T (x) = { (T4 b, 0z b, Vap) :
b € Birace}- The extractor compares successful
and failed attempts across backbones, identifying
recurring procedures, failure modes, and discrim-
inative verification steps at the task level. This
cross-backbone aggregation reduces sensitivity to
any single model’s shortcuts, tool-use habits, or
idiosyncratic failures.

3.2.2 Trace-Grounded Ability Extraction

EvoAgentBench defines transfer over Abilities:
trace-grounded abstractions of reusable operations
with explicit applicability conditions, specifying
when an agent should apply a procedure, correc-
tion, or validation step.

For each task x, the extractor observes the task
query g, the ground-truth target v, and the multi-
backbone trace pool 7 (), and produces task-local
raw Ability cards Avaw (2) = Eg (o, y3, T(2)).

Each raw Ability card is a tuple a
(Yas Tas Eas Ou, Pa)» Where 7, is a trigger condition,
T, is the reusable procedure, and &, is support-
ing evidence linking the card to trajectory spans,
outputs, verifier results, and the ground-truth tar-
get. The boundary 0, restricts when the procedure
should transfer, preventing broad instructions from
forming spurious Ability links, and p, assigns one
of three roles: Method for primary task-solving
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procedures, Guard for corrections against recur-
ring invalid behavior, and Workflow for execution-
control procedures such as verification. These roles
support analysis and auditing but do not define sep-
arate evaluation metrics.

The extractor operates jointly over multi-
backbone evidence for each task rather than pro-
cessing individual runs independently, letting
compare successful and failed executions, iden-
tify operations that distinguish reliable completions
from brittle attempts, and abstract recurring failure
patterns into corrective procedures.

3.2.3 Ability Canonicalization

The raw Ability cards produced by Ey are task-
local: different tasks may describe the same opera-
tion with different wording, while superficially sim-
ilar cards may correspond to different procedures.
EvoAgentBench therefore canonicalizes raw cards
through conservative adjudication targeting opera-
tional equivalence rather than semantic clustering.

For each domain d, we use embedding similar-
ity as a recall-oriented blocking step over the do-
main’s raw cards A% =, Dy Araw(2). We em-
bed each card using its trigger, procedure, bound-
ary, and role fields, and take as candidates all
pairs whose embedding cosine similarity meets a
domain-specific threshold 8. The threshold serves
only to select pairs for adjudication; embedding
similarity is never a merge criterion.

Each candidate pair is judged under an
operational-equivalence rubric. A merge requires
the same role type, compatible triggers, equiva-
lent reusable procedures, the same success mecha-
nism or correction target, and compatible applica-
bility boundaries. Shared topic, lexical overlap, or
generic verbs (“search”, “debug”, “validate™) are
insufficient.

To reduce single-judge variance, each pair is
evaluated by three independent LLM adjudicators;
unanimously approved pairs are accepted automati-
cally, and all others are reviewed by domain experts
under the same rubric, yielding pair-level merge
and cannot-link decisions.

Merge decisions are not transitively closed: a; ~
aj and a;j ~ ay, does not imply that a;, a;, a, form
one Ability. Accepted links define a compatibil-
ity graph, but a connected component becomes a
canonical Ability unit only after a group-level con-
sistency check confirms that every internal pair is
merge-compatible and none carries a cannot-link
decision. Domain experts split components that vi-

olate this condition, assigning broad bridge cards to
their most specific compatible unit or downgrading
them to annotation-only status.

Each accepted unit U =
(Ru, T, Iy, Eu,y O,y pu, Xy)  aggregates  the
member raw cards R, into canonical fields (I',
trigger, II, procedure, &, aggregated evidence,
J, boundary, p, role), with supporting task set
Xy = {z : Ry N Araw(x) # @}. Units whose
procedure becomes too generic after merging
are retained for annotation rather than used as
transfer-defining Abilities. The resulting canonical
units form the shared Ability vocabulary for
constructing the Ability Graph.

3.2.4 Ability Graph Construction

We map canonical units back to tasks through their
supporting raw cards. Let {/; denote the canonical
Ability units in domain d; the Abilities assigned to
task x are A(z) = {u e Uy : © € X, }.

Not every canonical unit defines a transfer edge.
A unit is edge-eligible if at least two distinct tasks
support it and its procedure remains operationally
specific after merging; singleton, overly broad, and
annotation-only units are retained for audit but can-
not create graph edges. Let A™(x) C A(z) denote
the edge-eligible Abilities of task x.

For each domain d, we retain tasks with at
least one edge-eligible Ability and construct an
undirected Ability Graph G4 = (Vy, E4), where
Vy={x € Dg: A" (z) # @}. Across the four
domains, this filtering retains 1,128 task nodes. An
edge (z;,x;) € Eq is added exactly when two
tasks share at least one edge-eligible Ability, i.e.,
At (z;) N AT (z;) # @. Each edge stores the
shared Ability identifiers and their roles, enabling
later analysis of whether a relation is induced by
Method, Guard, or Workflow Abilities. Tasks with-
out an edge-eligible Ability are excluded before
graph construction.

We then partition each domain graph into Abil-
ity communities via Louvain community detec-
tion (Blondel et al., 2008): local regions of pro-
cedural overlap, not external labels, used only to
localize train-side support during split construction.

3.2.5 Ability-Aware Transfer Split

We sample the supported evaluation subset from
the retained graph nodes V; within each domain
by community, so that train-side support comes
from the same local Ability neighborhood: every
test task must share at least one edge-eligible Abil-
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Eval. Tasks Full Ability Graph
Domain Train Test Abl. Comm. AbL/T
BrowseComp-Plus 154 65 41 14 234
SWE-Bench Verified 87 56 37 15 2.16
LiveCodeBench 182 86 61 23 219
GDPVal 105 60 34 7 257
Total 528 267 173 59 229

Table 2: Dataset statistics. Train/Test report the sup-
ported evaluation split used in experiments. The Ability
Graph columns summarize the full retained graph be-
fore evaluation-subset sampling. Abl.: edge-eligible
canonical Ability units; Comm.: Ability communities;
AbL./T: average edge-eligible Ability units per retained
graph task. Zero test tasks are unsupported.

ity with a training task in its own community. We
perform constrained sampling under this invariant:
moving a task into the test split is allowed only
if it and all previously selected test tasks retain
train-side support. Among feasible assignments,
no-evolution verifier scores are used only as a sec-
ondary stratification signal to balance baseline dif-
ficulty, preventing the test split from being domi-
nated by either ceiling or floor cases.

The resulting evaluation split contains 528 train-
ing tasks and 267 test tasks, with zero unsup-
ported test tasks. The splits are instance-disjoint:
Dirain N Diesy = @; training and test tasks may
share canonical Abilities but never the same source-
task instance.

3.3 Dataset Statistics and Construction
Checks

Table 2 separates graph-level task counts from the
supported evaluation subset used in the main ex-
periments. The source pool contains 2,605 tasks
across four domains, and trace-grounded extraction
produces 7,326 raw Ability cards from 2,516 tasks.
Of the adjudicated canonical Ability units, 173 sat-
isfy the edge-eligibility criterion and induce graph
edges. Retaining tasks with at least one such unit
yields a full Ability Graph of 1,128 transferable
task nodes. The main experiments use a supported
subset of 795 graph nodes, containing 528 training
tasks and 267 test tasks with zero unsupported test
tasks; the remaining 333 graph nodes are not part
of the evaluation split.

4 Experiments

4.1 Experimental Setup

Evaluation settings. We evaluate two agent
scaffolds, OpenClaw (OpenClaw Contributors,
2026) and Nanobot (Ren and Nanobot Contrib-
utors, 2026), with three backbones: Qwen3.5-27B,
Qwen3.5-397B, and Gemma-4-31B (Qwen Team,
2026; Gemma Team et al., 2026). The resulting
six combinations of scaffold and backbone span
two scaffold architectures and two model families,
including two scales of Qwen3.5. Within each set-
ting, tasks, MCP tools, timeouts, scoring contracts,
and base agent configuration are fixed across meth-
ods; results are averaged over three independent
runs per instance, and we report the standard error
across tasks.

Evolution conditions. We compare Vanilla,
which has no evolution state, with three auto-
matic self-evolution methods and one diagnos-
tic reference. Memento retrieves the closest re-
tained training case (Zhou et al., 2025); Reasoning-
Bank retrieves from a distilled reasoning-memory
pool (Ouyang et al., 2026b); and GEPA evolves
one prompt on Dy;,in and broadcasts it to all test
tasks, making it the only no-retrieval evolution con-
dition (Agrawal et al., 2026). Anchor SKkill loads
Ability-grounded skills produced by our extraction
pipeline and retrieved by the test task’s curator-side
Ability cluster. Anchor Skill is not a deployable
method because it uses Ability labels provided by
curators, which are unavailable to automatic meth-
ods. Its skill content is constructed exclusively
from evidence in the training split. Canonical fam-
ily descriptions and skill text use only raw cards
extracted from training tasks, while raw cards from
test tasks contribute to neither. Test information
therefore enters Anchor only through the routing la-
bel. Its construction backbones (Kimi-K2.5, GLM-
5.1, DeepSeek-V3.2) are disjoint from the evalua-
tion backbones, allowing Anchor to test whether
the resulting Ability content remains useful across
model families.

Protocol and metrics. All methods build their
evolution state from Dy,,in, only, before any test
evaluation begins. Each automatic method runs
its own ingestion on Dy,,j, with the same com-
bination of scaffold and backbone used at eval-
uation, with task prompts and verifier outcomes
available; test answers, successful test trajecto-
ries, and test-specific shortcuts are excluded. Do-
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Method OpenClaw Nanobot
Web Algo SWE Kw Avg. Web Algo SWE Kw Avg.
Qwen3.5-27B
Vanilla 10.8+3.4 51.9+5.2 423453 43.6+4.6 372 8.7+2.6 52.745.0 45.8+5.5 43.9+44 37.8
+Memento  11.34+3.0 +0.5  53.945.0+2.0 452454 +29 4434+43+0.7 38.7 +1.5 +£10.5 12.3+3.143.6 57.04£52+43 9.5434-363 47.6+4.8+3.7 31.6 —6.2 +8.5
+RB 12.8+28 +2.0  57.445.1 455 36.945.1-54 482+45+46 38.8 +1.7 £6.4 9.2432+0.5 624451497 53.0£5.6+7.2 49.244.7+53 435 4+5.7 £3.6
+ GEPA 149436 +4.1  53.9+50+2.0 41.7+58-0.6 31.3+4.0-123 355 —1.7 £13.8 11.8+34+3.1 60.5+5.0+78 48.8+57+3.0 46.6+4.6+2.7 41.9 +4.2 +13.7
+ Anchor’ 149+29 +4.1  60.5+4.8 +8.6 524452 +10.1 48.6+59+50 44.1 +7.0 £4.3 13.3+£2.9+4.6 63.245.1 +10.5 49.4+54+3.6 57.7+£52+13.8 459 +8.1 £7.7
Qwen3.5-397B
Vanilla 31.8+4.6 52.7+5.2 66.7+5.7 55.8+4.9 51.8 12.8+2.9 57.8+5.1 62.5+5.8 53.4+44 46.6
+Memento  33.844.8+2.0 60.945.1+82 63.7453-3.0 50.0+4.6-58 52.1 +0.3 £6.7 169434 +4.1 63.5+£5.1+5.7 64.9457+24 522449-12 494 +2.8 £11.5
+RB 39.0+£5.0+7.2  59.3+52+6.6 61.3+£58-54 57.3+£45+1.5 542425 +4.5 159434431 643450465 63.1+£55+0.6 52.544.9-09 49.0 +2.3 £4.6
+ GEPA 323444405 61.6£5.1+89 67.9+56+12 56.5+4.7+0.7 54.6 +2.8 £9.5 149433 +2.1 65.1+48+73 T1.4+£53 489 522445-1.2 50.9 +4.3 £10.0
+ Anchor’  45.3£37 4135 64.0+4.9 +113 768449 +10.1 59.6+4.4 438 61.4 4+9.7 £3.1  20.044.1 472 69.844.6 +12.0 79.844.7 +173 620444486 57.9 411.3 £2.9
Gemma-4-31B
Vanilla 13.3+33 72.1+4.6 25.0+4.9 44.1+4.8 38.6 9.2+42.7 69.0+4.8 17.3+44 43.2+45 34.7
+Memento 16.4+4.0+3.1 67.844.8 43 20.2+39-48 332+46-109 344 —-4.249.6 103+34+1.1 72.4+46+34 21.4+4.6+41 462450430 37.6+2.9 +4.9
+RB 13.3+3.3+0.0 61.2453-109 31.54£5.1+6.5 42.7+49-14 372 +7.4  4.64£22-46 T2.5+47+35 244446+7.1 46.5+47+33 37.0+2.3 +£1.2
+ GEPA 17.444.1 +4.1 69.84+4.6 2.3 423457 +17.3 44.8+4.6 +0.7 9.742.7+0.5 702447 +12 37.5+55+202 479447 +4.7 413 +6.7 +6.3
+ Anchor 17.943.1 +4.6  72.544.6 +04 327448 +7.7 54.8+43+10.7 445 +5.8 £3.8 123433 +3.1 73.3+45+43 26.8+4.8+9.5 49.34+4.6 +6.1 404 +5.8 £3.7

Table 3: Main results on EvoAgentBench. Per-domain accuracy (%), averaged over three runs per task; +
denotes the standard error across tasks. Colored values show A vs. Vanilla (positive, negative). Avg. is the equal-
weighted four-domain mean; blue + values are 95% paired-bootstrap CI half-widths for A. Web = web research;
Algo = algorithmic reasoning; SWE =software engineering; KW =knowledge work. fCurator-side diagnostic

reference with deterministic Ability-cluster routing.

mains use their native metrics and evaluation
prompts: BrowseComp-Plus uses LL.M-as-judge
with the official evaluation prompt (Chen et al.,
2026), SWE-Bench Verified uses hidden reposi-
tory test suites and resolve rate (Jimenez et al.,
2024), LiveCodeBench uses hidden test cases and
pass@1 (Jain et al.,, 2025), and GDPVal uses
reference-based LLM judging (Patwardhan et al.,
2026). Within each combination of scaffold and
backbone, Avg. is the equally weighted mean of the
four domain scores. For uncertainty in Avg. A, we
average the three trials per task, compute paired dif-
ferences relative to Vanilla, bootstrap tasks within
each domain (B = 10,000), and combine the four
domain effects with equal weight; aggregate ef-
fects additionally average the six configurations
with equal weight. Intervals for individual configu-
rations are descriptive and unadjusted for multiple
comparisons. Cost is reported as the percentage
change in agent turns relative to Vanilla.

4.2 Main Results

Table 3 reports accuracy by domain and average
transfer gain (A) across six combinations of scaf-
fold and backbone. We focus on the consistency
of transfer across evaluation configurations rather
than ranking methods by a single average.

Curated Ability content transfers consistently
across model families. Anchor Skill yields pos-

itive average A in all six configurations, with ev-
ery paired confidence interval excluding zero. Its
average gains by backbone are +7.5, +10.5, and
+5.8 points, and all 24 domain comparisons have
positive point estimates. Averaging the six con-
figurations gives an aggregate gain of +7.9 points
with a 95% confidence interval of [+5.6, +10.3].
The disjoint construction and evaluation backbones
show that curated Ability content remains useful
across model families.

Automatic gains vary across configurations.
Memento, GEPA, and ReasoningBank have nega-
tive point estimates in 7, 4, and 6 of the 24 domain
comparisons, respectively. The paired intervals re-
inforce this heterogeneity, with positive evidence
concentrated in selected configurations. No auto-
matic method maintains positive transfer across all
evaluation conditions, which motivates evaluation
across multiple configurations rather than reliance
on a single aggregate score.

The observed gap motivates a controlled rout-
ing analysis. Anchor combines curated content
construction with curator-label routing, whereas
automatic methods construct and retrieve reusable
artifacts from training trajectories. We next isolate
test-time routing by holding the curated skill library
and one-skill injection procedure fixed.
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Algo (n = 86) SWE (n = 56)

Routing Hit@1 A Hit@1 A
Curator label — +11.3 — +10.1
Reranker top-1 919% +7.8 893% +7.3
Embedding top-1 68.6% +5.6 62.5% +7.2
Random top-1 00% +0.0 1.8% +3.7

Table 4: Routing ablation on OpenClaw x Qwen3.5-
397B. The curated skill library and one-skill injection
procedure are fixed across conditions. Hit@1 is agree-
ment with the skill selected by Anchor’s curator-label
routing; it is not applicable to the curator-label refer-
ence itself. A is the absolute performance change in
percentage points relative to Vanilla, averaged over three
independent trials per task.

4.3 Routing Ablation

We compare curator-label routing with embedding
top-1 retrieval, a cascade of embedding retrieval
and reranking, and random top-1 selection. We
run the ablation on OpenClaw x Qwen3.5-397B in
algorithmic reasoning (LiveCodeBench; n = 86)
and software engineering (SWE-Bench Verified;
n = 56), the two domains with deterministic veri-
fiers. Automatic routing uses the test task statement
as the query and skill triggers as retrieval docu-
ments; the reranking condition retrieves five candi-
dates with Qwen3-Embedding-8B and selects one
with Qwen3-Reranker-8B (Zhang et al., 2025). We
count a top-1 hit when the selected skill matches
the skill chosen by Anchor’s curator-label routing.

Table 4 shows an ordered pattern in the Algo
point estimates: curator-label routing obtains
+11.3 points, followed by reranking (47.8), em-
bedding top-1 (+5.6), and random selection (+0.0).
Reranking also increases Hit@1 over embedding
top-1 from 68.6% to 91.9%. On SWE, the corre-
sponding point estimates are +10.1, +7.3, +7.2,
and +3.7 points; reranking increases Hit@1 from
62.5% to 89.3%, while its downstream gain differs
from embedding top-1 by only 0.1 points. Thus,
agreement with curator-label routing has a clearer
relationship with downstream performance on Algo
than on SWE in this setting.

4.4 Error Analysis

Self-evolution depends on four observable stages:
training experience must be encoded into a reusable
artifact, routed to a relevant task, exposed in the
agent’s working context, and faken up in agent
behavior. We inspect artifact structure, a fixed-
library routing ablation, and session-level traces to

identify failure signatures at each stage.

Encoding. Automatic methods suggest distinct
granularity trade-offs. GEPA compresses the train-
ing experience into one prompt and broadcasts it
to every test task, removing task-level selectivity.
ReasoningBank instead distills trajectories into ab-
stract strategies, which may omit executable de-
tails. Their contrasting behavior is consistent with a
trade-off between broad coverage and task-specific
procedural content.

Routing. The fixed-library ablation in Table 4
shows that embedding retrieval often disagrees
with curator-label routing. Qualitative inspection
of embedding-retrieval misses suggests that surface
similarity can obscure procedural mismatch: the
same few software-engineering skills recur across
multiple retrieval misses. This pattern is also con-
sistent with Memento’s vulnerability to lexically
similar but operationally mismatched cases. Offline
reranking substantially improves Hit@ 1, while its
downstream effect remains domain-dependent.

Exposure. Because the evaluated methods ex-
pose their artifacts directly in the agent context, we
additionally inspect Trace2Skill (Ni et al., 2026)
as a skill-based method whose executable proce-
dures are stored in auxiliary reference files rather
than injected inline. Across 426 sessions on the
same 142 Algo and SWE tasks, with three trials
per task, agents did not access any reference file.
Consequently, the file-resident procedures never
entered the agents’ working context, revealing a
gap between stored skill content and the content
actually exposed during execution.

Uptake. The effect of relevant inline content
can be observed in agent behavior. On Tile Dis-
tance 2 (AtCoder ABC359 C, abc359_c) from
LiveCodeBench (Jain et al., 2025), which requires
mapping grid coordinates to 2 x 1 tiles, the curator-
routed skill provides the key mapping L = Sx -
((Sx + Sy) % 2), which appears verbatim in
all three passing programs. Under an unrelated
retrieved skill, the generated programs contain no
trace of this procedure. This case illustrates how
relevant inline procedural content can be taken up
when correctly routed.

4.5 Cost Analysis

Evolution does not uniformly reduce cost. Ta-
ble 5 reports turn cost change relative to Vanilla on
all tasks, on tasks solved after evolution, and on
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Method OpenClaw Nanobot

All  Solv. Uns. All  Solv.  Uns.
Qwen3.5-27B

+ Memento +39.9 +38.6 +24.7 -23 +57 24

+ RB =55 42 -147 +42 +44 +64

+ GEPA -45 +44 -170 -7.8 +8.6 -134

+ Anchorf -14 -124 -39 -91 -90 -94
Qwen3.5-397B

+ Memento -52 +3.1 -202 -89 -99 -22.7

+RB -11.1  -04 -260 -1.7 +19 452

+24.0 +27.5 +13.5 +15.1

+ Anchor' -6.6 -6.1 -103 -33 +14 +83

Gemma-4-31B
+Memento +13.1 +40.7 +12.2 +44.7 +12.5 -17.5
+RB +33.6 +31.3 +43.0 +37.6 +28.9 +40.5
+ GEPA +44.7 +40.8 +53.9 +404 +105 7.1
+ Anchor’ +6.3 +15.9 +26.0 +33.5 +13.0 -8.2

Table 5: Turn cost change (AT %) relative to Vanilla,
averaged across four domains per scaffold. Negative
(fewer turns) is desirable; positive (more turns) indi-
cates overhead. Solv.=tasks solved after evolution;
Uns. =tasks unsolved. All, Solv., and Uns. are per-
domain means averaged with equal domain weights, so
All need not lie between Solv. and Uns. TDiagnostic
reference.

tasks remaining unsolved. Across the six combi-
nations of scaffold and backbone, Anchor reduces
overall cost in four (savings up to —9.1%); Rea-
soningBank reduces overall cost in three; GEPA in-
creases cost in four of six settings, while Memento
is evenly split between increases and reductions.
Gemma-4-31B is the most costly backbone: Me-
mento, GEPA, and ReasoningBank all add double-
digit overhead on Gemma settings, and even An-
chor incurs +6.3% to +33.5% on this backbone.

The relation between cost and accuracy depends
on the method. When evolution provides a pro-
cedure well-matched to the test task, the agent
can bypass early-stage exploration and follow a
directed strategy, reducing turn count. This pattern
is clearest for Anchor on Qwen backbones, which
saves turns on solved tasks in three of the four
Qwen settings (ReasoningBank in two of four). In
contrast, Memento and GEPA frequently increase
turns even on tasks the agent eventually solves
(e.g., Memento +38.6% on solved / OpenClaw
/ Qwen3.5-27B), suggesting that generic or poorly

matched artifacts add overhead without shortcut-
ting exploration. Cost overhead is not a stable func-
tion of method type or accuracy direction; reporting
accuracy alone hides substantial heterogeneity in
how methods reshape the agent’s behavioral distri-
bution.

5 Conclusion

We introduced EvoAgentBench, a benchmark for
agent self-evolution with guaranteed training-side
Ability support within each of four domain-specific
graphs. Evaluation across two scaffolds and three
backbones shows a positive aggregate effect for cu-
rated Ability content, while gains from automatic
methods vary across configurations and remain un-
certain in aggregate. Transfer gain depends jointly
on the evaluated domain, scaffold, and backbone,
which makes evaluation across multiple configura-
tions essential for reliable method comparison. The
critical question is not whether an agent improves
with experience, but where improvement breaks
down: in experience encoding, routing, exposure,
or uptake.

Limitations

We evaluate within-domain, cross-task transfer
across four long-horizon text-based agentic do-
mains; benchmark construction uses three open-
source backbones. The evaluation does not cover
multimodal or embodied agents, or larger or pro-
prietary model families. Ability extraction uses
a single LLM, so the resulting vocabulary may
depend on the extractor; we do not evaluate alter-
native extractors. Each evaluation cell aggregates
three independent runs over per-domain test sets of
56 to 86 tasks, limiting finer-grained per-domain
analysis.

Ethical Considerations

EvoAgentBench is intended for research evaluation
of text-based agents. It draws on public benchmark
releases, and reuse of source-task content remains
subject to the licenses and terms of the correspond-
ing source benchmarks. The construction pipeline
combines LLM-based extraction and adjudication
with domain-expert review; consequently, the re-
sulting Ability vocabulary may inherit biases or
omissions from both the source benchmarks and
the construction models. Benchmark performance
should not be interpreted as evidence that an agent
is safe for deployment in unconstrained settings.
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A Construction Pipeline Details

A.1 Source Task Selection

EvoAgentBench draws from the full public releases
of four source benchmarks: BrowseComp-Plus
(830 tasks), SWE-Bench Verified (500 instances),
LiveCodeBench V6 (1,055 problems), and GDP-
Val gold subset (220 tasks), yielding a source pool
of 2,605 tasks. No task-level filtering is applied at
this stage; all publicly available instances enter the
trace collection phase.

A.2 Trace Collection

For each task, we collect no-skill executions using
two agent scaffolds, OpenClaw (OpenClaw Con-
tributors, 2026) and Nanobot (Ren and Nanobot
Contributors, 2026), each run twice per construc-
tion backbone. The three construction back-
bones are Kimi-K2.5, GLM-5.1, and DeepSeek-
V3.2 (Team et al., 2026; GLM-5-Team et al., 2026;
DeepSeek-Al et al., 2025), yielding four trials per
backbone per task. Each execution uses only the
scaffold’s default tool set for the target domain,
with a uniform timeout of 1,800 seconds. No evo-
lution artifacts are injected during trace collection;
these are strictly no-skill baselines.

A.3 Ability Extraction

The extractor Ey is instantiated with Claude Son-
net 4.6 (Anthropic, 2026). For each task, Ej
jointly reads the task query, reference target, and all
construction-backbone trajectories to produce task-
local raw Ability cards. A raw card is retained only
when it satisfies three conditions: (1) it is grounded
in at least one trajectory span, (2) it specifies an
actionable operation rather than a topic label or
generic advice, and (3) its applicability boundary
is narrow enough to support meaningful transfer.

Table 6 reports the raw card statistics. Extrac-
tion produces 7,326 raw Ability cards from 2,516
tasks (of the 2,605 source tasks, 89 produced no ex-
tractable cards). The per-task Ability count ranges
from 1 to 8, with a median of 3.

A.4 Canonicalization

Embedding blocking. We embed each raw card
using Gemini Embedding 001 (Lee et al., 2025)
and construct candidate pairs within each domain
using cosine similarity thresholds: 8 = 0.85 for
BrowseComp-Plus and GDPVal, and § = 0.82 for
SWE-Bench Verified and LiveCodeBench. These

Domain Tasks Raw Avg. 1 2 3 4+

Web Research 814 2,486 3.05 69 221 260 264
Algo. Reasoning 993 2,554 2.57 120 430 268 175
Software Eng. 490 1,402 2.86 45 185 130 130
Knowledge Work 219 884 4.04 5 25 45 144

2,516 7,326 291 239 861 703 713

Total

Table 6: Raw Ability card statistics over source tasks
that produce at least one raw card. Raw: total cards;
Avg.: cards per task; 1-4+: tasks with exactly 1, 2, 3, or
>4 cards.

thresholds serve only as a recall-oriented prefilter;
embedding similarity is never a merge criterion.

LLM adjudication. Each candidate pair is inde-
pendently judged by the three construction back-
bones (Kimi-K2.5, GLM-5.1, DeepSeek-V3.2),
providing model-diverse adjudication. Each ad-
judicator assigns one of the following labels:

* Accept (merge): Same_Tactic,
Same_Strategy, or Same_Diagnostic,
i.e., the two cards describe operationally
equivalent procedures.

* Reject: Related_Only (shared topic but
different operation), Different (unrelated),
Conflict (contradictory procedures), or
Invalid (malformed card).

Pairs with unanimous positive agreement (v =
3) are accepted automatically. All non-unanimous
pairs are reviewed by a domain expert under the
same rubric (see Appendix C).

Group consistency and canonical families. Ac-
cepted merge links define a compatibility graph
over raw cards. Connected components are con-
verted into canonical Ability families only after a
group-level consistency check: all internal pairs
must be merge-compatible, and no internal pair
may carry a cannot-link decision. Components
that violate this condition are split by domain ex-
perts. Broad bridge cards are assigned to their
most specific compatible family or downgraded to
annotation-only status.

A.5 Graph Construction

Table 7 reports the full retained Ability Graph statis-
tics per domain. A canonical Ability unit is edge-
eligible if it is supported by at least two distinct
tasks and its procedure remains operationally spe-
cific after merging. Retaining tasks with at least
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Domain Nodes Edges Dens. Deg.
Web Research 337 12,318 218 73.1
Algo. Reasoning 402 7,593 .094 37.8
Software Eng. 213 2,864 127 269
Knowledge Work 176 2,217 .144 252
Total 1,128 24,992 039 443

Table 7: Ability Graph statistics. Dens.: density per
domain subgraph; Deg.: average degree.

one edge-eligible unit yields 1,128 graph nodes,
and graph edges are induced by 173 such units.
Of these nodes, 795 form the supported evaluation
subset reported in Table 2 (528 train and 267 test);
the remaining 333 are not part of the evaluation
split.

BrowseComp-Plus exhibits the highest graph
density (0.218), reflecting extensive procedural
overlap among information-seeking tasks (e.g.,
shared search and verification strategies).

A.6 Split Algorithm

The evaluation split is constructed independently
per domain after Ability extraction and canonical-
ization. The inputs are the retained graph nodes V,
their community assignments c(t), the unit assign-
ments F'(t) per task, and the no-evolution baseline
reward for each task. The split is a supported eval-
uation subset of the retained graph rather than a
partition of every graph node.

Procedure.

1. Initialize the candidate pool. Use the re-
tained graph nodes Vj, each of which has at
least one edge-eligible canonical Ability unit.

2. Balance baseline difficulty. Stratify fea-
sible candidates by no-evolution verifier
score and sample across baseline-performance
ranges. Secondary objectives include preserv-
ing Ability-unit coverage and avoiding test-
only units.

3. Select test tasks under support constraints.
A task t enters the test split only if at least one
unit in F'(t) retains train-side support within
the same community: V¢ € Dyegt, 3f € F(1)
such that [{t' € Diyain : ¢(t') = c(t) N f €
F(t")} > 0.

4. Validate unit-level support. Every Ability
unit that appears in test must also appear in
train.

Domain Test Supp@10 Zero
Web Research 65 9.72 0
Algo. Reasoning 86 7.17 0
Software Eng. 56 7.11 0
Knowledge Work 60 8.83 0
Total 267 8.15 0

Table 8: Train-side support per test task. Supp@10:
average supporting training tasks (capped at 10). Zero:
number of unsupported test tasks.

5. Select skill-train evidence. For each test-
relevant unit, select train-side evidence tasks
for skill construction, prioritizing failure ev-
idence, success contrast, informative traces,
and task diversity within the unit.

Guarantees. The resulting split satisfies three
invariants: (1) every test task shares at least one
edge-eligible Ability unit with a training task in the
same community, (2) every test-side Ability unit
has train-side task support, and (3) every test-side
Ability unit has selected train evidence for skill
construction.

Support distribution. Table 8 reports the train-
side support available to each test task. Sup-
port@10 denotes the effective support count
capped at 10, matching the retrieval budget used by
skill- and case-based evolution methods.

B Information Access and Leakage
Control

Table 9 specifies the information available to each
party in the EvoAgentBench protocol. The curator
uses all task data (including test answers, test traces,
and Ability labels) during benchmark construction;
this information is never exposed to self-evolution
methods or the test-time agent.

Automatic self-evolution methods receive train-
ing prompts and training verifier outcomes, and
generate their own training trajectories by rolling
out on Dy,,i, with the same scaffold—backbone pair
used at evaluation. They do not receive any test-
side information during evolution-state construc-
tion. At evaluation time, methods receive only the
test prompt and apply their evolution state through
their own routing mechanism.

The Anchor Skill diagnostic reference uses
curator-side test Ability labels to retrieve skills
from the training skill library. It does not access
test answers or test traces, and skill content is con-
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Curator Auto. Anchor’ Agent

Train prompts v v v —
Train traces v v v via zm
Train verifier v v v —
Train Ability labels v — v —
Test prompts v ateval ateval ateval
Test answers v — — —
Test traces v — — —
Test raw cards v — — —
Test Ability labels v — v —

Table 9: Information access by party. v': full access;
—: no access; at eval: available only during test exe-
cution; via z,,: through the method’s evolution state.
Automatic methods’ train traces are their own rollouts
on Di,.;n With the evaluation scaffold—backbone; An-
chor skill content derives from train-side raw cards only.
Diagnostic reference.

structed exclusively from train-side evidence: raw
cards extracted from test tasks contribute neither to
canonical family text nor to skill content. Because
it uses curator-side labels for retrieval, it is a diag-
nostic reference rather than a deployable method.

C Human Review Protocol

Canonicalization quality depends on the expert re-
view of non-unanimous adjudication pairs. We
employ four domain experts, one per domain, each
with research or professional experience in their
respective area: web research for BrowseComp-
Plus, software engineering for SWE-Bench Ver-
ified, algorithmic reasoning for LiveCodeBench,
and knowledge work for GDPVal.

Workflow. For each non-unanimous pair (v # 3),
the assigned domain expert reviews the two raw
Ability cards alongside their trajectory evidence,
following the same operational-equivalence rubric
used by the LLM adjudicators. The expert assigns
a final merge or reject decision. Additionally, ex-
perts review all group-level consistency violations:
when transitive closure produces components with
incompatible internal pairs, the expert splits the

component and reassigns broad bridge cards.
Rubric. A merge requires:

1. Same role type (Method, Guard, or Work-
flow).

2. Compatible trigger conditions.

3. Equivalent reusable procedures (same mecha-
nism, not merely same topic).

4. Same success mechanism or correction target.
5. Compatible applicability boundaries.

Shared topic, lexical overlap, or generic verbs
(“search”, “debug”, “validate”) are explicitly in-

sufficient for a merge.

D Ability Examples

We illustrate the Ability concept with a concrete
example from the algorithmic reasoning domain.
Figure 2 shows the full extraction flow: from the
source task and baseline failure to the extracted raw
Ability card.

E Evaluation and Method Details

E.1 Domain-Specific Evaluation

Each domain uses its native evaluation protocol.
We adopt the official evaluation prompts and har-
nesses without modification. For the two judge-
based benchmarks, BrowseComp-Plus and GDP-
Val, we use GPT-40 (OpenAl, 2024) as the fixed
judge across all scaffold—backbone settings.

Web Research (BrowseComp-Plus). The
agent’s answer is compared against the ground-
truth reference using an LLM-as-judge with
the fixed evaluation prompt provided by the
benchmark (Chen et al., 2026). The judge outputs
a binary correct/incorrect decision. We use the
same prompt template with GPT-4o.

Algorithmic Reasoning (LiveCodeBench).
Each generated program is executed against the
benchmark’s hidden test cases (averaging ~17 per
problem) in an isolated sandbox. The metric is
pass@1: a problem is solved only if all test cases
pass. No LLM judge is involved; evaluation is
purely programmatic (Jain et al., 2025).

Software Engineering (SWE-Bench Verified).
The candidate patch is applied to the target repos-
itory and evaluated by running the instance’s des-
ignated FAIL_TO_PASS and PASS_TO_PASS test
suites. An instance is resolved only when all tests
pass. No LLM judge is involved; evaluation is
purely programmatic (Jimenez et al., 2024).

Knowledge Work (GDPVal). The model’s de-
liverable is compared against a human expert’s ref-
erence using LLM-as-judge with task-specific eval-
uation prompts from the benchmark. The judge as-
signs a score based on pairwise comparison (model
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Domain: Algorithmic Reasoning Task: String Transformation (Cyclic Shift Counting)

Task description. Count how many ways string s can be transformed into string ¢ after exactly k cyclic suffix-prepend
operations. Input length up to 5 x 10°.

Baseline failure. The agent correctly identifies that the operation is a cyclic shift, but enumerates shifts by slicing the
doubled string at every position:

for p in range(n): if (s+s)[p:p+n] == t:

This creates an O(n) substring per shift, so the shift-counting phase is O(n?). Public examples pass; a large hidden test
times out.

Extracted Raw Ability Card

Name Linear-Time Substring Matching for Cyclic Shift Counting

Trigger Use when a task requires finding all cyclic rotations or shift positions of a long string, especially
under large-length constraints.

Procedure (1) Construct S = s + s. (2) Treat ¢ as the pattern. (3) Run a linear-time matching algorithm (KMP,
Z-algorithm, or rolling hash) over S. (4) Keep only positions p < n. (5) Split counts by p = 0 vs.
p # 0if needed. (6) Sanity-test on large n.

Boundary Must not contain an O(n)-length substring extraction inside a loop over all shifts.

Role Guard (corrects a recurring O(n?) anti-pattern).

Canonical Ability Family: String Pattern Matching for Large-Scale Cyclic Transformations

The reusable intervention is not a memorized answer but a procedural correction: when cyclic string matching is large-scale,
replace repeated slicing with a linear pattern-matching algorithm. This family links multiple tasks that share the same

anti-pattern and the same fix.

Figure 2: Ability extraction example from the algorithmic reasoning domain. Top: source task and baseline failure.
Middle: extracted raw Ability card with trigger, procedure, boundary, and role. Bottom: the canonical Ability family

this card belongs to.

vs. expert reference). We use the official evaluation
prompts with GPT-40 (Patwardhan et al., 2026).

E.2 Agent Scaffold Configuration

We evaluate on two scaffolds of different scale and
design philosophy:

* OpenClaw (OpenClaw Contributors, 2026): a
full-featured, modular agent framework with
26 built-in tools spanning filesystem opera-
tions, shell execution, web search and fetch-
ing, browser automation, memory manage-
ment, and session control.

¢ Nanobot (Ren and Nanobot Contributors,
2026): an ultra-lightweight agent framework
(~4K lines of Python) with 7 core tools cov-
ering filesystem, shell execution, web search,
and communication.

Both scaffolds are MCP-native and support ex-
tensibility through external tool servers. In all
experiments, each scaffold’s full default tool set
is enabled across all four domains. The one
domain-specific addition is BrowseComp-Plus,
where we attach an MCP search server that ex-
poses a FAISS (Douze et al., 2024) index over the
official BrowseComp-Plus corpus (embedded with

Qwen3-Embedding-8B (Zhang et al., 2025)). The
agent queries this server via a search tool that re-
turns top-k snippets by embedding similarity. This
tool replaces open-web access: web_search and
web_fetch are disabled for this domain so that all
evidence comes from the controlled corpus. Other
domains use only the scaffold’s built-in tools with
no additional servers.
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