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Abstract

LLM-agent “skills” (SKILL.md files plus optional scripts) in-
ject procedural knowledge at inference time, but how that
knowledge is packaged determines whether the agent treats
it as a tool or as homework. We build SkillOpt, a verifier-
grounded same-task skill compiler that takes a task’s
instruction, verifier source, and a no-skill trajectory, con-
sults a Markdown knowledge base of learned patterns, emits
a script-maximized skill, validates against the verifier, and
iterates with verifier feedback when reward regresses. The
optimization is per-task and offline; the resulting artifact is
amortized over repeated agent runs of the same task and
environment, not claimed to generalize to held-out fixtures.
We run SkillOpt across 87 SkillsBench tasks. It produces 33
positive-reward wins (skills that earn nonzero reward
at non-regressing reward while reducing cost) with me-
dian reductions of 40% in tool calls, 63% in tokens, and
62% in wall-clock latency; 13 of these are 0.0 — >0.5
verifier-guided rescues where the no-skill agent failed
entirely. An additional 16 “efficient failure” tasks reduce cost
while reward remains 0 (a useful but weaker signal), bring-
ing total efficiency-improving runs to 49. The knowledge
base grows from 5 seeded patterns to 19, including domain-
specific gotchas the optimizer surfaced (e.g. “Project to met-
ric CRS for geospatial distances”). A small input-ablation
study on 9 stratified tasks separates the contributions of
the trajectory and the KB: the full configuration beats KB-
off on 9/9 tasks (lexicographic, reward primary) and beats
trajectory-and-KB-off (naive) on 7/9, with no-KB-vs-naive
splitting roughly evenly — so on this sample each input does
measurable work, though neither is strictly necessary on ev-
ery task. We additionally publish skill_optimizer.yaml,
a provenance schema that records categorical edits and be-
fore/after measurements so future optimizers can publish
comparable numbers.

1 Introduction

A skill in the SKILL . md ecosystem [1, 2] is a small markdown
file (frontmatter plus prose) that an agent loads at inference
time, optionally accompanied by scripts and other resources.
Skills have spread quickly: at the time of writing, Claude
Code, Gemini CLI, Codex CLI, OpenClaw, and Cursor all
consume the same format with minor harness-specific differ-
ences. The SkillsBench benchmark [3] reports that human-
curated skills lift average pass rate by roughly 16 percentage
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points, but the per-task gains range from +52 pp to nega-
tive deltas, suggesting that the quality of a skill is at least as
important as its presence.

In production, LLM agents are often invoked repeatedly
for recurring procedures in fixed software environments —
daily data audits, recurring code migrations, scheduled CI
checks — where the bottleneck shifts from one-shot general-
ization to unit economics: the same procedure runs hundreds
of times against the same verifier, so the operative question
is the per-invocation cost. This is what SkillOpt targets.

There are two natural research questions about skill qual-
ity. The first is generation: given a task and a verifier, can we
author a working skill from scratch that approaches human
performance? The second is optimization: given a skill (or
a self-generated trajectory) that already produces correct
output, how much further can we compress the agent’s work
without harming reward? This paper is about the second
question. Generating skills from scratch is a complementary,
parallel direction; we keep our scope to optimizing skills
against three measurable axes:

e Tool calls — count of agent-issued tool invocations.

o Token usage — input, output, cache-read, and cache-
write tokens, captured directly from the API exchange.

e Wall-time latency — total time from agent start to
verifier completion.

As a design constraint, our optimizer produces skills that
use script-relative paths and a single CLI entrypoint, so they
are designed to be portable across Claude Code, Codex, and
Gemini CLI; we did not run cross-harness measurements
for this submission, so we treat portability as a structural
property of the artifacts rather than an empirical claim.

Contributions.

1. An automated SkillOpt same-task skill com-
piler (Section 4) that, given a task’s instruction,
verifier, no-skill trajectory, and a learned-pattern
knowledge base, emits a script-maximized deployable
SKILL.md+scripts artifact, validates it on the same
task’s verifier, and iterates up to three rounds with
verifier feedback when reward regresses. Optimiza-
tion is per-task and offline; the artifact’s purpose is
amortized agent-side cost reduction over future runs
of the same task and environment.



2. A SkillsBench-scale evaluation (Section 5): across
87 attempted tasks, 33 positive-reward wins (a work-
ing skill at non-regressing reward, median —40% tool
calls, —63% tokens, —62% latency), of which 13 are
verifier-guided rescues from 0.0 to >0.5, plus 16 ef-
ficient failures that cut cost without earning reward,
for 49 total efficiency-improving runs.

3. Reusable-memory construction via pattern ex-
traction (Section 6). After every successful optimiza-
tion, a second LLM call extracts at most one reusable
pattern (or returns SKIP) and appends it to a single
Markdown file. The KB grew from 5 seeded to 19 pat-
terns over the sweep (14 auto-extracted, of which 2
are anti-patterns) without bloating. A 3-arm input
ablation on 9 tasks (Full, no-KB, naive) isolates the
contributions of the KB and the no-skill trajectory.

4. Measurement infrastructure for SkillsBench
(Section 2) that captures real per-prompt token
counts (input/output/cache) by intercepting the ACP
session/prompt response payload, which the canon-
ical BenchFlow trajectory dumps did not retain.

5. A standardized skill_optimizer.yaml prove-
nance schema that records the categorical edits ap-
plied (path resolution, tool-call consolidation, depen-
dency minimization, etc.) alongside the before/after
measurements, so any future optimizer can publish
comparable numbers.

Sections 2-3 build up to the automated optimizer by es-
tablishing measurement infrastructure and demonstrating
the achievable optimization gap on four hand-tuned skills as
an existence proof. Sections 4-6 are the headline: the opti-
mizer, the sweep, and the pattern-extracted KB. Sections 7-8
discuss limits and related work.

2 Background and Setup
2.1 SkillsBench task anatomy

Each SkillsBench task ships an instruction.md, a Docker-
ized environment with input fixtures, a deterministic veri-
fier (tests/test_outputs.py) that returns a [0, 1] reward,
and environment/skills/<name>/ containing one or more
skills. The default execution path runs an ACP-protocol agent
(here, Claude Code via the claude-agent-acp npm wrap-
per) inside the container; on completion the verifier writes a
CTRF JSON and a binary reward file.

2.2 Token capture

The Zed Industries claude-agent-acp wrapper, used by
SkillsBench’s claude-agent-acp agent, emits a per-prompt
usage payload containing inputTokens, outputTokens,
cachedReadTokens, and cachedWriteTokens on the JSON-
RPC session/prompt response. BenchFlow’s ACPClient
parses this response with a Pydantic model that drops
unknown fields, so the canonical result.json only
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reports the tool-call count, not tokens. We instru-
ment ACPClient._send_request to capture the raw
usage dict before model validation, and write it to
trajectory/usage_trajectory. json alongside the stan-
dard ACP trajectory. All token figures in this paper
come from this capture. Latency is the result.json
timing.total field, end-to-end wall-clock from agent start
through verifier completion — this includes the = 6 s of en-
vironment setup and verification overhead, and is therefore
the user-visible total, not pure agent execution time. Tables
that report latency reflect this same end-to-end wall-clock
measurement.

2.3 Optimization categories

Both hand-optimization and the automated optimizer apply a
small vocabulary of categorical edits, recorded in each skill’s
skill_optimizer.yaml:

e Tool-call consolidation. Replace N agent tool calls
(typically a sequence of Read/Bash invocations) with
a single CLI invocation that performs all the work.

e Path resolution. Replace harness-
specific absolute paths with
os.path.dirname(os.path.abspath(__file__))-
relative paths, harness-portable as a side effect.

e Dependency minimization. Use stdlib where the
imported library is overkill (e.g. struct for binary
parsing; no numpy for cross-products of length-3 vec-
tors).

e Constraint preservation. Move correctness invari-
ants (e.g. “volume is in cubed units of the STL coor-
dinates; do not assume mm”) from human-readable
prose into the script, where the agent cannot override
them.

e Data inlining. Embed small, stable lookup tables (e.g.
material density) into the script rather than asking
the agent to read and parse a separate file.

3 Hand-optimization: an existence proof

Before automating, we verified that meaningful gains ex-
ist by hand-optimizing four SkillsBench tasks against the
categories above. Table 1 reports the measurements.

What hand-tuning shows. On every task, the SkillOpt
skill matches or exceeds the human-authored skill’s reward,
and on three of four it strictly dominates on every measured
metric. The cleanest case is 3d-scan-calc: the human skill
ships a Python class plus a 60-line prose “Critical Note on
Units”; SkillOpt collapses both into a single CLI that embeds
the density table and writes JSON, halving tool calls and
tokens. In a separate stress trial outside the headline cell the
human skill returned 0.0 via the exact unit error the prose
warning was meant to prevent (34.65 g vs. 34,648.04 g, off
by 1000x); SkillOpt scored 1.0 across all four trials — cor-
rectness invariants in prose are fragile, the same invariants
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Table 1. Hand-optimized headline cases on four SkillsBench tasks (mean+stdev where N > 1, with trial count N shown).
Reward is the verifier’s [0, 1] score; tokens is the sum of input, output, cache-read, and cache-write tokens captured directly
from the API exchange. Latency is the BenchFlow timing. total field (agent start through verifier completion, including ~ 6 s
of environment overhead). Best value per (task, metric) row block in bold.

Task Condition Reward Tool calls Total tokens Latency (s)
no skill (N=1) 0.000 4 50,957 70.4
3d-scan-calc human-authored (N=2) 1.000 7.5+0.7 101,882+7,287 70.7+0.1
SkillOpt (N=4) 1.000 4.5+0.6 54,336+4,967 71.3£1.0
no skill (N=1) 1.000 9 162,348 105.0
econ-detrending-correlation human-authored (N=2) 1.000  14.5+£0.7 271,617+43,259 123.5+20.7
SkillOpt (N=3) 1.000 5.3+1.2 68,160+14,260 75.7+1.1
no skill (N=1) 0.833 5.0 165,769 2219
dialogue-parser human-authored (N=2) 0.833 8.0+1.4 291,540+60,710 222.8+42.2
SkillOpt (N=3) 1.000 9.0+3.0 173,080+67,330 83.3+17.2
no skill (N=1) 0.000 12 215,262 164.7
invoice-fraud-detection human-authored (N=2) 1.000 12.0+1.4 246,040+37,230 157.1+30.8
SkillOpt (N=2) 1.000 5.5+0.7 77,170£9,900 97.0+27.9

compiled into a script are not. This four-task comparison is
illustrative, not a systematic human-authored-skill sweep;
the large-scale evaluation below uses the no-skill baseline
as the common comparator. As task complexity grows, so
does the gap between “skill as documentation” and “skill
as compiled procedure”. The next step is automating the
transformation.

4 The SkillOpt automated optimizer

The system has three components: an optimizer (a Claude
Opus session that produces the skill), a knowledge base (a
single Markdown file of learned patterns loaded into every
optimizer call), and a pipeline (the iterative loop that drives
baseline, optimization, and validation, and grows the KB).

4.1 Optimizer

The optimizer is a single claude -p headless invo-
cation whose prompt assembles, in order: the task’s
instruction.md, the verifier source (test_outputs.py,
which is the ground truth for “correct”), the human-authored
skill if present, a compacted no-skill trajectory (the agent’s
own working code from the baseline run, retrieved from the
ACP trajectory dump), and the current Markdown knowl-
edge base. It emits two files under out/: SKILL.md and
scripts/<name>.py, with the constraints that the script
must use self-relative paths, expose a single one-shot CLI,
and produce output in the verifier’s expected format.

On verifier access: SkillOpt as a task compiler. The
optimizer is given the verifier source as input. We conceptu-
alize SkillOpt not as a general-purpose learner but as a task
compiler: in software engineering the verifier (unit tests)
is the executable specification of correctness, and just as a
developer uses tests to ground an implementation, SkillOpt

uses the verifier as the absolute ground truth to “compile”
high-level instructions into optimized scripts. The deployed
setting matches: a SkillsBench task ships its verifier as part of
the public artifact. The optimizer can absolutely encode test-
case-specific behavior; we do not claim distributional gener-
alization, by design. SkillOpt-emitted skills are for fixed-task
production deployments, not benchmark-leaderboard gener-
alization. A held-out or drifted-verifier variant — where the
optimizer sees example behavior but not the verifier source,
or must survive changed tolerances, renamed fields, added
assertions, and evolving production verifiers — is a separate
robustness claim left to future work; the rescues here are
same-verifier wins.

4.2 Iterative loop

The pipeline runs, per task: (1) no-skill baseline trial, cap-
turing reward, tool calls, tokens, and latency; (2) optimizer
call, producing a candidate skill; (3) validation trial with the
candidate. If reward regresses, the loop re-invokes the opti-
mizer with the verifier stdout and the failed skill appended
as “previous attempts.” After three failed iterations, the run
is recorded as skillopt_giveup and the pipeline moves
on. Fig. 1 shows the iteration distribution; most successes
converge in one round, with the second and third rounds
providing meaningful but diminishing rescue. Importantly,
the trajectory-feedback loop closes a real gap — the optimizer
can read what its previous attempt got wrong from the ver-
ifier’s own error output, which is more directly grounded
than its own prior reasoning.

4.3 Knowledge base extraction

On any successful, efficiency-improving optimization, a sec-
ond claude -p call is invoked with the resulting skill, the



Reward per iteration: orange = iterated (4 tasks needed >1 round); grey = converged in iter 1
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Figure 1. Reward at each optimization iteration
for the tasks that needed more than one round.
Three converged eventually: jax-computing-basics
at iter 3; lab-unit-harmonization and
pedestrian-traffic-counting at iter 2. Three ex-
ited as skillopt_giveup after iter 3 still below baseline
reward. The remaining 46 efficiency-improving runs
converged in iteration 1 and are not plotted.

trajectory deltas, and the existing KB; it is asked to extract
at most one new pattern in the form (trigger, transformation,
why-it-helps, evidence), or to output SKIP if existing patterns
already cover the case. The extracted pattern is appended
verbatim to knowledge_base/reflexes.md. We discuss the
resulting growth and category distribution in Section 6.

4.4 Provenance format

Each optimized skill ships a sibling skill_optimizer.yaml
recording schema_version, skill_name, an
optimization_record with baselines and the op-
timized cell ({calls, tokens, reward}), the list of
categories_applied, and a path_resolution field. The
schema is the same for hand- and automated optimization,
which is what makes the existence proof in Section 3
comparable to the sweep. We propose it as a standardized
provenance format for agentic-optimization research: future
optimizers can compare not just aggregate gains but which
edit categories produced them — the part of the comparison
that pass-rate-only tables hide. Schema, sample, and per-task
records are in the artifact.

4.5 Configuration and reproducibility

Table 2 fixes the configuration. The optimizer model is the
latest Claude Opus version reachable via the claude -p head-
less CLI; we do not override the temperature. Each iteration
is one claude -p call. KB extraction is one further claude
-p call per successful, efficiency-improving optimization.

What the reported tokens count, and breakeven. Head-
line savings are the agent’s trial tokens; optimizer cost is
excluded because optimization is one-shot per task while the
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Algorithm 1 SkillOpt per-task pipeline

: Run no-skill baseline trial; record (rp, cp, tp, £p)
. prevAttempts < ()
: fori=1to3do
skill « CLaUDEPCALL(instruction, verifier, baseline-
Traj, KB, prevAttempts)

Wy

5: Run validation trial with skill; record (rs, cs, ts, £s)
6: if r¢ > rp and (skill strictly improves any of ¢, t,¢)
then
7: success; EXTRACTPATTERN (second claude -p
call) appends a pattern or SKIP
8: return
9: end if
10: prevAttempts — prevAttempts U
{(skill, verifierStdout) }
11: end for

12: record skillopt_giveup

Table 2. SkillOpt configuration. Versions pinned at submis-
sion time so the sweep is reproducible.

Hyperparameter Value

claude-opus-4-5 (resolved via
claude -p headless on 2026-05-03)
Claude Code 2.1.126
claude-agent-acp via BenchFlow,
model claude-opus-4-5

f321e9c¢ (Move default-excluded tasks
out of tasks)

Temperature CLI default; not controlled

Max optimization iters 3

Validation timeout 900 s wall-clock per trial

Optimizer budget 1 claude -p call per iteration
Baseline trial no skill loaded; same agent and har-
ness as validation

SkillOpt skill loaded via bench run
-skills-dir

on regression, append (failed-skill,
verifier-stdout) to next prompt

after each successful efficiency-
improving optimization

1 further claude -p call (no agent
execution)

4 tasks in parallel during the sweep

Optimizer model

Optimizer CLI
Eval agent (in-trial)

SkillsBench commit

Validation trial

Retry policy
KB-extraction trigger
KB-extraction budget

Concurrency

skill ships into many same-task runs (no held-out general-
ization claimed, Section 4). Each claude -p call sends ~ 75k
tokens; 2 calls is the median (30/33 positive-reward wins con-
verged in one optimizer iteration plus the KB-extraction call).
On the median positive-reward win the agent saves 308k to-
kens per use against ~ 150k optimizer overhead, so a single
future same-task run already amortizes the optimizer
overhead (+158k after 1 use, +466k after 2, +1.39M after
5). The 3 skillopt_giveup tasks cost ~ 225k tokens each
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Table 3. Outcomes across 87 attempted SkillsBench tasks.
Each task is counted in exactly one row. Positive-reward
wins are tasks where SkillOpt produced a working skill
(reward>0) at non-regressing reward and strictly improved
at least one efficiency axis; this is the conservative head-
line. Efficient failures are tasks where both baseline and
SkillOpt scored 0 but SkillOpt was cheaper; they are real
efficiency wins but contribute no useful capability. The per-
task figures in Sections 5.1-5.2 are computed over the 49
efficiency-improving runs; baseline-failed tasks are excluded
from per-task efficiency-delta plots because there is no com-
parable baseline trajectory.

Outcome N

Positive-reward wins (working skill at non- 33
regressing reward, cheaper)
decomposition (subtotals, not separate outcomes):

strict optimization (baseline reward > 0) 20
verifier-guided rescue (0.0 — >0.5) 13
Efficient failure (both 0, SkillOpt cheaper) 16

Tied at reward 1.0 (both succeed; SkillOpt did not 4
strictly improve cost)

Tied at reward 0.0 (both failed; SkillOpt not cheaper)
SkillOpt regressed reward below baseline
skillopt_giveup (3 iters, never matched baseline)
Baseline-failed (no trajectory; SkillOpt ran from in-
struction+verifier alone)

SkillOpt phase did not complete (mid-pipeline; no 4
usable trial)

SkillsBench env infra (Docker / apt / npm; never 13
reached agent)

0 W N W

Total efficiency-improving runs (positive-reward + ef- 49
ficient failure)

Total (excluding subtotals) 87

with no realized saving. This flips the unit economics of
agent deployment: the “intelligence cost” is paid upfront
during one-shot offline compilation, while the marginal cost
of subsequent production runs is cut by over 60% in tokens
for the median win.

5 Results across SkillsBench

We ran SkillOpt against the 87 attempted SkillsBench tasks
(the official runnable subset). Table 3 is a flow-style break-
down of where the 87 tasks ended up; each task lands in
exactly one row. Of the 87, 74 reached the agent (the re-
maining 13 were SkillsBench-side environment failures); of
those, 66 produced a no-skill baseline (8 baseline-failed, never
produced a usable trajectory); 59 further completed a Skil-
10pt phase comparable to the baseline (4 no-SkillOpt-phase,
3 skillopt_giveup); of those 59, 33 are positive-reward
wins and a further 16 are efficient failures, for 49 efficiency-
improving runs in total.

5.1 Headline numbers

The conservative headline is the 33 positive-reward wins
(Table 3, top two rows), where SkillOpt produced a working
skill (reward>0) at non-regressing reward while strictly re-
ducing at least one efficiency axis. Across these 33, median
reductions relative to the no-skill baseline are —40% tool calls,
—63% tokens, and —62% latency. Fig. 2 shows the per-family
breakdown: deterministic-procedure-heavy families domi-
nate every efficiency axis, the judgment-required family is
the failure mode. The 33 wins comprise two operationally
different modes:

e Strict optimization (baseline reward > 0, n=20): me-
dian —33% tool calls, —60% tokens, —57% latency. The
optimizer compresses an already-working trajectory.

e Verifier-guided rescue (baseline reward = 0, Skil-
10pt > 0.5, n=13): median —44% tool calls, —68% to-
kens, —66% latency. The optimizer is given the same
standard inputs (instruction, verifier, the failing no-
skill trajectory, human skill if present, and the KB), but
the no-skill trajectory contains no working solution;
the optimizer must construct one from the verifier and
the KB rather than compress an existing trajectory.

A further 16 tasks improve efficiency without earning re-
ward (both baseline and SkillOpt scored 0, SkillOpt cheaper);
we report these as “efficient failures” because they re-
duce wasted spend but do not solve the task. Counting all
efficiency-improving runs together, SkillOpt is cheaper on
49 of the 60 comparable pairs (median —44% tool calls, —63%
tokens, —57% latency); per-task averages over the 49 are 10.6
fewer tool calls, 598k fewer tokens, and 273 seconds saved.

What this evaluation does and does not show. The
reported wins are same-task, verifier-grounded compilations:
each SkillOpt skill is optimized for one task whose verifier
source is in the optimizer’s prompt, and we measure the cost
of the agent re-running that same task with the new skill
loaded. We do not claim generalization to held-out fixtures or
unseen tasks; the empirical contract is amortized agent-side
cost reduction across repeated runs of the same task in the
same environment. Fig. 3 reports the second cut over all 59
tasks that completed both phases (33 + 16 + 4 + 4 + 2 = 59),
counting each axis where SkillOpt strictly improved and did
not regress reward; the win-rate fraction differs from the 33-
positive-reward headline because the 59-task denominator
includes the 8 ties and 2 regressions.

5.2 Where it works, and where it doesn’t

The  biggest wins are  deterministicc,  com-
putable tasks. Standout reductions include
earthquake-phase-association 24 — 6 calls, 610k— 78k
tokens; energy-ac-optimal-power-flow 30 — 11
calls, 922k— 156k tokens; lab-unit-harmonization
2.5M— 121k tokens (reward 0.65 — 0.73);



Median efficiency change (lower = better; blue = improvement)

Tool calls

Deterministic data pipelines (n=13)
Code fixes / det. procedures (n=5)
Document / structured text (n=4)
Image / video / spatial (n=4)
Judgment-required (n=2)

Other / uncategorized (n=5)

All positive-reward wins (n=33)

Tokens
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Mean A (higher = better)
Reward A

Latency

+0.24

+0.40

+0.00

+0.40

+0.43

Figure 2. Median efficiency change and mean reward delta across the 33 positive-reward wins, grouped by task family.
Negative % (blue) is improvement on calls / tokens / latency; positive Reward A (green) means rescues from 0 towards 1.
Deterministic-procedure-heavy families dominate every efficiency axis; the judgment-required family is the failure mode
(Section 5.2). The bottom row is the headline median across all 33 wins.

SkillOpt improvement landscape across N = 59 completed-pair tasks

Reward maintained or improved +0.25 mean A (13 rescues) 57/59
Tool calls reduced median —47% (when improved) 41/59

Total tokens reduced median -64% (when improved) 47/59

End-to-end latency reduced median —56% (when improved) 52/59

Figure 3. SkillOpt improvement landscape across all N=59
completed-pair tasks. Each bar’s filled portion is the count
of tasks improved on that axis; the right-side annotation is
the count out of 59; the in-bar annotation is the median %
reduction conditioned on improvement. Reward row reports
mean A across the 57 tasks where reward was maintained
or improved (the 13 rescues drive the +0.25 mean A).

software-dependency-audit 1.1M— 76k tokens (re-
ward 0.0 — 1.0); flood-risk-analysis 594k— 75k tokens
(reward 0.0 — 1.0). Across rescues, the no-skill agent
either depends on a sandbox-unavailable tool (Trivy / npm-
audit / external NWS feed) or makes a silent correctness
mistake (degrees-as-meters for geospatial distance) that
the optimizer’s pre-computed or invariant-encoded skill
sidesteps.

Where losses come from, and a strategic-optimization
pattern. Losses share a shape: tasks whose answer requires
model judgment (research-literature classification, prompt
design, long-form code review, open-ended debugging). No
script encodes the work; SkillOpt’s script is a no-op or worse.
Within the wins, 4 tasks show a striking pattern in the oppo-
site direction: SkillOpt issued more tool calls than the base-
line yet reduced total tokens, choosing heavier per-call work

that paid off in cache-read savings on later calls. SkillOpt
optimizes for token density per call and cache utilization,
not raw step count, and sometimes deliberately adds calls to
reduce total cost — a lever human-authored skills typically
miss.

6 Knowledge base evolution

Across the sweep, the KB grew from 5 seeded patterns (Sec-
tion 3) to 19: the 5 originals plus 14 auto-extracted pat-
terns, of which 2 are anti-patterns (“Don’t add scripts to
documentation-only skills..”, “Don’t strip dependencies if
the task fundamentally requires them.”). The growth is mono-
tonic and slows after the first ~ 25 successful optimizations;
on a large fraction of the sweep the extractor returned SKIP,
indicating an existing pattern already covered the case. We
treat this growth as evidence of reusable memory construc-
tion; for causal evidence we ran a small KB-ablation, reported
below:.

Fig. 5 plots the per-task efficiency curve across the sweep,
which is what we can observe directly. It is suggestive but
not causal: a downward trend in token-reduction rank-order
would be consistent with the KB helping, but is also consis-
tent with a confound (e.g. the easier wins coming first as the
SkillsBench environment stabilized). The ablation below is
the actual causal probe.

The patterns cluster into recognizable families: domain-
specific gotchas the LLM gets silently wrong (e.g. “Project to
metric CRS for geospatial distance calculations” — distance
on EPSG:4326 returns degrees, not km, which the agent re-
produces unless told otherwise; “Encode Azure routing classi-
fication mappings when LLM knowledge is unreliable”); pre-
compute X (when input/parameter set is fixed, run X offline
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Per-task efficiency landscape across SkillsBench (each bubble is one task)
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Figure 4. Per-task efficiency landscape across the SkillsBench sweep: each bubble is one task. Token reduction (x) and latency
reduction (y) are both “— better”; bubble size is proportional to tool-call reduction; color is task family; X marks reward
regressions (n=2). Wins cluster in the top-right quadrant where SkillOpt reduced both tokens and latency; the judgment-
required family (red) drifts left and the regressions sit in the bottom-left, consistent with Fig. 2. The full per-category SkillsBench

mapping is in the artifact.
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Figure 5. Efficiency learning curve: per-task token reduction
(%) at non-regressing reward versus task completion index,
with rolling median (window = 5). This plots an outcome
(efficiency) per task in completion order; it is not a causal
claim about the KB. The KB-growth count itself (5 — 19
patterns, with most flat regions) is reported as a textual
claim rather than a separate plot.

and embed the results — calibration on glm-lake-mendota,
fixed-time-window API queries on flood-risk-analysis,
batch item mappings on organize-messy-files, extraction
targets on paper-anonymizer, sandbox-unavailable scan-
ners on software-dependency-audit); deterministic pro-
cedures encoded as code (CVE-fix patch scripts; complete
Lean proofs; cumulative-state FJSP algorithms); substrate
quirks (Word placeholder fragmentation across XML runs;
range-based unit detection; preferring official CLI tools
over raw API calls); and anti-patterns (“Don’t add scripts
to documentation-only skills if the task requires the agent
to write code”; “Don’t strip dependencies if the task funda-
mentally requires them”).

That a single human-readable Markdown file captures
all of this — and is loaded verbatim into every optimizer
call — is the most consequential design choice in the system:
the optimizer’s prior failures and successes shape its future
attempts without any fine-tuning. We treat the KB itself as a
publishable artifact.

6.1 Input ablation: trajectory and KB

To causally separate the contributions of the no-skill tra-
jectory and the learned-pattern KB, we selected 10 tasks
covering the KB pattern families and ran two ablation arms
holding everything else fixed: no-KB (the optimizer keeps
the no-skill trajectory but the KB is blanked to an empty file)
and naive (the optimizer gets only the instruction and veri-
fier — no trajectory, no KB). One task (glm-lake-mendota)
hit a Docker infra failure on the no-KB rerun and is excluded;
the remaining 9 are plotted in Fig. 6.

Two findings. The KB does measurable work on this
stratified sample. Full beats no-KB on 9/9, with 3 rescues
entirely lost without it (AC-OPF solver setup, file-mapping
pre-computation, FJSP cumulative state) and 2 same-reward
tasks burning 3.1x and 7.9X more tokens. The KB’s effect
is not just additional prompt tokens: no-KB and naive differ
only in the trajectory, and they trade wins (5/9 vs. 4/9), so
the trajectory alone is not sufficient. The trajectory also
contributes: Full beats naive on 7/9. The two surprises in
the other direction — energy-ac-opf (naive 1.00/103k vs.
Full 1.00/156k) and paper-anonymizer (naive 1.00/61k vs.
Full 1.00/656k) — are real signal: on these two tasks, the no-
skill trajectory was hurting rather than helping the optimizer
(the trajectory invited a long-context detour the bare-bones
naive prompt avoided). The combined ablation supports a
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Figure 6. 3-arm input ablation. Each colored line is one of
the 9 comparable tasks; y is total tokens (log scale). Marker
style encodes reward: filled = 1.0, hollow = in (0,1), X =
0.0. Full beats no-KB on 9/9 under lexicographic prefer-
ence (reward primary, tokens secondary). The dramatic up-
ward swings at no-KB on earthquake-phase-association,
paper-anonymizer, manufacturing-fjsp-optimization
are the KB’s most visible contributions; energy-ac-opf and
paper-anonymizer are the two tasks where naive beats Full
(the trajectory was hurting).

measured claim: on this stratified 9-task sample, each input
does real work, though neither is strictly necessary on every
task. We treat the small sample as suggestive rather than a
tight effect-size estimate, and note that the no-KB and naive
arms have not been controlled for prompt-position effects
(e.g. a shuffled or inert-token KB).

7 Discussion

Why script-maximized skills win on every axis. Each
tool call costs a round-trip latency plus a token sequence
(instruction reload, tool-result inclusion, model thinking). Re-
placing N tool calls with one Bash invocation collapses both
costs; tokens drop disproportionately because each saved
call also saves the conversation-history tokens of every later
call. The 3d-scan-calc unit-error variance also shows skills
doing two jobs simultaneously: procedural compression and
constraint enforcement. Prose can do the first but not the
second; only compiled skills close the gap, which is why sev-
eral KB patterns are constraint-enforcement (CRS projection,
unit detection, Word placeholder rewriting). More broadly,
SkillOpt is a shift from a reasoning-per-run paradigm to a
compiled-for-deployment paradigm: by moving computation
from online inference into offline compilation, operators can
deploy workflows that would otherwise be cost-prohibitive
or too latent for real-time use.

Is this just prompt engineering? “Ship the working
code” is in spirit a prompt-engineering trick, but SkillOpt dif-
fers in three ways: edits are systematic and machine-recorded
(the skill_optimizer.yaml schema is auditable); gains are
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large enough (—63% tokens at reward maintained) that the
deployment cost question changes in kind, not degree; and
the KB-extraction loop is a verifier-grounded growing mem-
ory the prompt-engineer-by-hand picture lacks. The input
ablation (Section 6.1) shows the memory and the trajectory
each contribute. Cross-harness portability is a structural
property of the emitted scripts (script-relative paths plus a
CLI entrypoint), not an empirical claim in this submission.

Limits of this study. Infra: 13/87 tasks (~ 15%) never
reach the agent (SkillsBench Docker compose). Single-trial
sweep: the 87-task sweep is N=1 per task; in particular, the
13 verifier-guided rescues establish same-run success but
not stability under repeated stochastic trials. Mis-encoded
extraction: rarely (court-form-filling) the script fills
empty fields correctly but skips required content; some exit
as skillopt_giveup. Verifier exploitation and drift: the
optimizer maximizes whatever the verifier rewards, so a
buggy verifier is exploited as cleanly as a correct one, and
robustness to later verifier changes is unmeasured — same-
task amortization is faithful only when the verifier is. Input
ablation small (n=9): directional; no shuffled-KB control,
so prompt-position effects within the KB are not bounded.
No cross-harness evaluation: sweep is Claude-Code-only;
portability is a structural property, not empirically validated
on Codex or Gemini CLI. Token-pricing: totals include
cache-write, which is provider-specific; breakeven is in to-
kens, not dollars.

8 Related work and future work

Skill ecosystems and benchmarks. The Agent Skills
standard [1] defines the SKILL.md format consumed by
Claude Code [2], Codex [25], and Gemini CLI [15]; two
recent surveys map the lifecycle [7, 35] and Liang et
al. [8] argue for structured replacements (we instead op-
timize the text form empirically). SkillsBench [3] is the
substrate; we extend its pass-rate framing with token /
tool-call / latency metrics. awesome-11m-skills [9] cata-
logs community-authored skills. SWE-bench [18, 37], Agent-
Bench [20], GAIA [23], and OSWorld [34] are the dominant
agentic benchmarks, mostly pass-rate-only.

Verifier-guided iteration and prompt/pipeline opti-
mization. Reflexion [29], Self-Refine [22], LATS [43], Tree
of Thoughts [39], and AgentCoder [17] iterate on veri-
fier feedback; APE [44], OPRO [36], ProTeGi [28], Prompt-
breeder [14], and DSPy [19] optimize text or pipelines using
measured fitness. LATM [4] is the closest cost-amortization
ancestor: a stronger model builds a tool once so later execu-
tions are cheaper; SkillOpt applies that economic pattern to
deployable skill directories and measures tool/token/latency
reductions. ADAS [16] and AFlow [12] automate agentic
system or workflow design. SkillOpt shares the verifier-
grounded loop but the target is a fixed-task SKILL . md+scripts
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directory, not runtime memory, generated code, an instruc-
tion string, a DSPy program, or a general workflow.

Memory, knowledge bases, and trajectory mining. Gen-
erative Agents [27], MemGPT [26], ExpeL [42], Voyager [32],
and Tulip Agent [24] build agent-side memories or skill li-
braries; Agent Workflow Memory [33], LEGOMem [6], and
AgentTuning [40] mine past trajectories into reusable work-
flows or training data. ACE [41] and Metacognitive Reuse [5]
evolve or compress context for recurring LLM behavior. Skil-
10pt’s KB is a single Markdown file loaded into the optimizer
(not the task-running agent), verifier-gated, monotonic, and
guides skill generation for new tasks rather than runtime
action selection.

Closest contemporaneous work. Recent 2025-2026 sys-
tems require explicit differentiation. SkillX [11] auto-
constructs hierarchical, agent-internal skill KBs; SkillOpt
emits flat directories of deployable artifacts pinned to a task’s
verifier. Memento-Skills [13] stores evolving Markdown
skills as agent memory; SkillOpt’s outputs are deployable
SKILL.md+scripts that ship with the task. SAGE [10] runs
RL over a skill library to reduce tokens/steps; SkillOpt is non-
parametric and offline. ProcMEM’s Skill-MDP framework
treats procedural memory as a learned policy; SkillOpt is a
flat verifier-gated retry. CoEvoSkills [30], SkillClaw [21],
SkillFoundry [31], and Federation over Text [38] study
concurrent skill evolution, discovery, or insight sharing. Skil-
10pt is narrower and more operational: same-task verifier-
grounded compilation, portable-by-design SKILL . md+scripts
artifacts, verifier-gated KB writes, and SkillsBench-scale effi-
ciency measurements.

Future work and artifact availability. Larger ablation
with shuffled-KB positional control; cross-harness sweep on
Codex/Gemini CLI; skill generation on tasks without a base-
line trajectory; trajectory-quality pre-filtering (motivated
by the 2 tasks where naive beat Full because the trajec-
tory was a long-context detour); a lightweight pre-classifier
on the instruction text that gates SkillOpt invocations on
judgment-required tasks before burning the ~ 225k-token
skillopt_giveup budget; trial multiplicity (N >3); held-out
or drifted-verifier variants; verifier-quality auditing. We pro-
vide optimizer source, per-task skills, sweep + ablation CSVs,
the KB, prompts, the BenchFlow patch, and figure scripts as
supplementary artifacts.
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