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Abstract

Large language model agents are often guided
by reusable natural-language skills that provide
task-specific instructions. Existing work auto-
matically refines these skills by using LLMs
to propose and repeatedly incorporate textual
edits from agent feedback. We find that the
resulting performance depends substantially on
which proposed edits are combined, and adding
an edit can even degrade the skill. We therefore
introduce SkillCombiner, which generates can-
didate edits and explicitly searches over their
combinations. Across various settings, Skill-
Combiner matches or exceeds a strong baseline
in mean performance while reducing optimizer
cost by 75.2% and total optimization-stage cost
by 21.5% on average. These results show that
edit combination is an important optimization
target in agent skill refinement.

1 Introduction

Reusable natural-language skills provide LLM
agents with persistent guidance over strategies, be-
havioral constraints, and task-specific knowledge.
Improving this guidance has become an important
form of textual optimization for agent performance.
Existing textual optimization methods use rollout
feedback to revise natural-language components
(Yuksekgonul et al., 2024; Agrawal et al., 2025).
Recent skill optimization methods use LLMs to
propose textual edits from rollout feedback and it-
eratively refine the skill document (Ni et al., 2026;
Chen et al., 2026b; Zhang et al., 2026; Shen et al.,
2026).

Existing skill optimization methods typically fo-
cus on generating better edits, while the choice of
how to combine the proposed edits is often handled
by accepting them all or delegating their integra-
tion to an LLM. As shown in Figure 1, however,
proposed edits are not uniformly beneficial, and
the resulting performance depends on which edits
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Figure 1: Mean validation accuracy (&£ standard error
over 12 draws) for two combinations that differ by ex-
actly one edit. Adding the edit lowers the mean by 8.3
percentage points (p = 0.047; Appendix A).

are combined. We therefore separate edit proposal
from combination selection, treating the latter as
an explicit optimization problem for identifying an
effective subset of proposed edits. This formulation
is related to prior prompt optimization work that
searches over components distributed across multi-
ple LLM modules (Opsahl-Ong et al., 2024), but
our setting instead considers combinations among
multiple edits applied to a single skill document.
To optimize this choice directly, we introduce
SkillCombiner. Within each optimization step,
SkillCombiner constructs a fixed pool of edits
and searches over their combinations. Across
six model-benchmark settings, SkillCombiner
matches or exceeds a strong baseline in mean per-
formance. In the three Ministral-target settings
used for cost analysis, it reduces optimizer-token
usage by 75.2% and total token usage by 21.5%
on average. Together with our observations, these
results support treating edit combination as an ex-
plicit optimization target in agent skill refinement.

2 Related Work

Agent skill optimization. Agent skill optimiza-
tion refines reusable natural-language skills from
execution trajectories. SkillOpt alternates fast skill
updates with slower meta-level updates under vali-
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dation feedback (Yang et al., 2026b). Trace2Skill
extracts reflections from individual trajectories and
merges recurring lessons (Ni et al., 2026). Recent
methods improve other parts of this pipeline. Skill-
CAT validates patches on the tasks that produced
them, SkillComposer learns to create, refine, and
merge skills, and SkillOpt-Lite allows a general-
purpose coding agent to modify the agent harness
(Chen et al., 2026b; Zhang et al., 2026; Shen et al.,
2026). These methods mainly focus on generating,
validating, or merging edits. We instead search
over combinations of a fixed set of proposed edits.

Optimization of textual components TextGrad
propagates natural-language feedback through an
LLM system in a backpropagation-like manner,
while GEPA evolves multiple prompt candidates
through validation and LLM-based merging (Yuk-
sekgonul et al., 2024; Agrawal et al., 2025). Other
methods structure the edit space or route optimiza-
tion signals within multi-component systems (Liu
et al., 2026; Koh et al., 2026; Huang et al., 2026).
MIPRO generates instruction and demonstration
candidates, then uses Bayesian optimization to se-
lect their configuration across a multi-stage LLM
program (Opsahl-Ong et al., 2024). Concurrent
work also examines interactions among updates.
MAA evaluates whether an update remains useful
across batches, while LASKO studies how patch
order affects the merged result (Yang et al., 2026a;
Mahadevan, 2026). Our setting instead concerns
multiple edits to the same skill document, whose
effects may change when combined.

3 Method
3.1 Problem Setup

We consider the common skill optimization setting
in which a fixed agent is guided by a single natural-
language skill document (Yang et al., 2026b; Ni
et al., 2026; Chen et al., 2026b; Zhang et al., 2026).
Given training tasks Diyain, an optimizer observes
agent rollouts and revises the initial skill s;. The
agent model, tools, and execution framework re-
main fixed. The objective is to find a revised skill
that maximizes held-out validation performance:

1
* .
o =agmax s — > R(A(x9), (O
ZeDval
where A(z; s) denotes the agent’s rollout on task
z when guided by skill s, and R denotes the task
reward.

3.2 SkillCombiner

SkillCombiner separates edit proposal from com-
bination selection. As shown in Figure 2, it first
constructs a fixed pool of ranked candidate edits
from training rollouts. It then searches over budget-
constrained combinations that maximize held-out
validation performance.

Rollout and Edit Proposal. Given an initial skill
S0, the fixed target agent executes the training tasks
to produce trajectories, which are separated into
successful and failed cases and partitioned into m
minibatches {B;}/" ;, each containing at most b
trajectories. For each minibatch B;, the optimizer
receives sg and the corresponding rollout feedback
and proposes up to L candidate edits in priority
order:

€i1 = €2 = = €L, L; <L, (2
where e; 1 is expected to have the greatest perfor-
mance improvement. This proposal stage produces
a fixed candidate pool, which is then mapped to a
discrete coordinate space for combination search.

Combination Search. Each candidate combina-
tion is represented by an integer vector

O0<z <L (3

X = (Z1,...,Tm),

Given a total edit budget L., feasible combina-
tions satisfy

m
> @i < Lo )
=1

Each coordinate z; specifies the number of top-
ranked edits selected from ;. For example, z; = 2
selects e; 1 and e; 2. This parameterization turns
candidate-edit selection into a bounded integer op-
timization problem.

For each feasible x, the selected edits are ap-
plied to sg, and the resulting skill is evaluated on
held-out validation tasks. We search this discrete
space using an integer-grid variant of Nelder—Mead,
which proposes new integer combinations based on
the validation scores of previously evaluated points.
Further details are provided in Appendix B. The
search evaluates at most () unique combinations
and terminates early if the best validation score
does not improve for p consecutive search steps.

Reselection and Final Skill. To mitigate noise
in individual validation results, the top k combina-
tions are re-evaluated over r additional runs, and
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Figure 2: Overview of SkillCombiner. Candidate edits are proposed from minibatch-level rollout feedback and
ordered by priority. SkillCombiner then searches over budget-constrained combinations, re-evaluates the most
promising candidates, and applies the selected edits without an additional LLM-based merge.

the combination with the highest mean score is se-
lected. Its edits are applied to so deterministically
in minibatch order, without LL.M-based merging.
The resulting skill is adopted only if it improves
over the current skill and is returned as sy.

4 Experiments

4.1 Experimental Setup

SkillCombiner is compared with SkillOpt, a strong
iterative baseline that optimizes the same type
of reusable skill document from rollout feedback
(Yang et al.,, 2026b). We take the benchmark-
specific reflection prompt from the released config-
uration of the baseline and only add a single prompt
to sort the edits by rank. The added prompt is in
Appendix D.

Experiments cover LiveMath, Spreadsheet-
Bench, and ALFWorld under two target models,
Qwen3.5-9B and Ministral3-14B, representing
mathematical reasoning, spreadsheet manipulation,
and multi-step interaction, respectively (He et al.,
2026; Ma et al., 2024; Shridhar et al., 2020; Qwen
Team, 2026; Mistral Al, 2025). Each setting is
evaluated over three optimization seeds. We set
SkillCombiner’s within-step total edit-budget up-
per bound to Ly, = 14. SkillCombiner is run
for one optimization epoch, whereas the baseline
follows its released configuration.

4.2 Overall Performance

Table 1 reports test accuracy across two target mod-
els and three benchmarks, averaged over three op-
timization seeds. SkillCombiner remains competi-
tive with SkillOpt across all six settings, achieving
equal or higher mean accuracy in each case. This

result suggests that a single epoch edit-proposal
followed by explicit combination selection can
achieve performance comparable to iterative skill
optimization. ALFWorld with Ministral3—14B
shows the weakest response to skill optimization,
where neither method improves over the no-skill
baseline.

4.3 Optimization Efficiency

Rather than repeating edit proposal and meta up-
dates each round, SkillCombiner proposes candi-
dates once and searches over their combinations,
which requires substantially fewer optimizer calls.
As shown in Table 2, it reduces optimizer-token
usage by 75.2% on average, while reducing total
token usage by 21.5%. It also achieves a 1.84x
speedup in end-to-end optimization wall-clock time
on average (Table 3). The smaller reduction in total
tokens reflects the shared cost of training and vali-
dation rollouts. SkillOpt repeatedly collects train-
ing rollouts across optimization rounds, whereas
SkillCombiner uses validation rollouts to compare
a fixed set of proposed edits.

The reduction advantage is therefore smaller on
rollout-intensive benchmarks such as ALFWorld,
where target-agent execution dominates the total
cost. In contrast, the reduction becomes more valu-
able when the optimizer is a stronger or more ex-
pensive model, since SkillCombiner requires far
fewer optimizer calls. Appendix C further shows
that similar performance can be retained with fewer
validation examples, demonstrating its strong po-
tential as a more efficient method.
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Model Method LiveMath Spreadsheet ALFWorld
No Skill 25.00 26.79 59.38
Base Skill 22.58 2321 81.25

Qwen3.5-98 SkillOpt 5054 £4.06  28.33+1.21  85.42+4.78
Ours 52.15+4.66  28.33+0.45  88.54+4.77
No Skill 29.03 19.29 59.38
Base Skill 24.19 24.64 59.38

Ministral3-14B

inistral3 SkillOpt 56.99+1.00 25214209  58.33+ 1.81

Ours 59.41+3.25 30.71+4.56  59.38 + 6.21

Table 1: Test accuracy (%), reported as mean =+ standard deviation over three optimization seeds. Best means are
bold. ALFWorld uses the same fixed 32-example test subset across methods and seeds. Its Qwen3.5-9B setting
uses GPT-5.4 mini as the optimizer for both methods while all other settings use Qwen3.5-9B.

Total tokens Total Optimizer
Benchmark M) reduction  reduction
LiveMath 1.318/1.846 1 28.6% 1 82.2%
Spreadsheet  10.154/15.612 1 35.0% 1 72.9%
ALFWorld 25.481/25.750 4 1.0% 1 70.3%
Average - 1 21.5% 1 75.2%

Table 2: Optimization cost with Ministral3-14B as the
target model, averaged over three optimization seeds.
Total token usage is reported as SkillCombiner/SkillOpt
in millions. Reductions are measured relative to Skil-
10pt and averaged across benchmarks.

Benchmark SkillOpt SkillCombiner Speedup
LiveMath 36.0 + 8.0 35.0+45 1.03x%
Spreadsheet  466.5 + 18.8 146.4 £ 8.9 3.19x
ALFWorld 698.2+72.7 539.2+74.5 1.29x
Average - - 1.84x

Table 3: Optimization wall-clock time with Ministral3—
14B as the target model, averaged over three optimiza-
tion seeds. Times are reported in minutes as mean +
standard deviation. Speedups are measured relative to
SkillOpt and averaged across benchmarks.

4.4 Effect of Optimization Epochs

The baseline is run for multiple optimization
epochs, whereas SkillCombiner is run for only one
epoch. Figure 3 compares each method across
epochs. SkillOpt does not converge within a single
epoch, and its accuracy increases across epochs
without exceeding SkillCombiner. Although Skill-
Combiner has a higher cost per epoch, a single
epoch matches or exceeds SkillOpt across all of its
epochs, and the total cost remains lower.

Test Accuracy by Optimization Epoch
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Figure 3: Test accuracy of SkillOpt across optimization
epochs on LiveMath and Spreadsheet. Epoch O is the
initial skill document. The dashed line marks SkillCom-
biner’s performance. Results are averaged over three
optimization seeds.

4.5 Cross-Model Transfer

To examine whether SkillCombiner search pro-
duces source-model-specific skills, skills opti-
mized with Ministral3-14B are evaluated on
Qwen3.5-9B without further optimization. As
shown in Table 4, SkillCombiner matches or ex-
ceeds the mean performance of SkillOpt across
all three benchmarks. This result suggests that
SkillCombiner remains effective after transfer to a
different model.

4.6 Search Strategy Ablation

Figure 4 compares random search, hill climbing
(Russell and Norvig, 2020), forward selection (Ko-
havi and John, 1997), and the discrete Nelder—
Mead variant used in SkillCombiner. All search
strategies outperform applying the proposed edits
without search. Forward selection and the discrete
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Benchmark Ours SkillOpt A
LiveMath 59.41 +£5.49 52.69 £ 8.47 +6.72
Spreadsheet  29.17 + 1.69 26.55 + 0.90 +2.62
ALFWorld 80.21 +£7.86 80.21 +10.05 0.00

Table 4: Cross-model transfer from Ministral3-14B
to Qwen3.5-9B. Test accuracy (%) is reported as mean
+ standard deviation. A denotes SkillCombiner minus
SkillOpt in percentage points.
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Figure 4: Test accuracy comparison across search meth-
ods on LiveMath. All methods use the same validation
budget, and results are averaged over three optimization
seeds.

Nelder—Mead variant achieve the largest gains,
while even random search improves test perfor-
mance. These results support the importance of
explicitly searching over candidate-edit combina-
tions.

4.7 Case Study

The effect of applying several edits together is not
determined by the edits themselves. Figure 5 shows
an example of the interaction between the proposed
edits. The first adds local guidelines for writing
formulas in cells. The second adds execution poli-
cies for iteration, row deletion, and None handling.
Each improves test accuracy over the initial skill
by 1.97% and 2.50% while improving disjoint sets
of problems. Their instructions do not conflict and
cover different parts of the task, which suggests
that merging them would improve accuracy further.
Applied together, however, the gain over the initial
skill drops to 0.36%. When the two are combined,
the guidelines of the first edit affect how the exe-
cution policies of the second are applied and offset
its benefit. This reverts what the second edit had
fixed and causes regressions on problems that were
already correct. The optimal solution is to accept
the second edit alone, which is what SkillCombiner
selects. Edits can therefore interact in ways that
their text does not reveal, making the choice of
combination an optimization axis of its own.

(A) Edit 1 - local guidelines

Writing Formulas to Cells
- Always write formulas as strings and assign €2 €1

directly to “cell.value".
+1.97pp

- Do not skip cells in the target range.
- Ensure all target cells are populated.

(B) Edit 2 - execution policy

### Iteration Safety
- Always use ‘values_only=True" with —
‘iter_rows() . €2 €1

### Row Deletion Safety

- Sort row indices in descending order. +2'5opp
### None Value Handling
- Check for None explicitly.
(C) Combined edit
Iteration Safety eyl €1
Writing Formulas to Cells +0 36pp

Figure 5: Two edits proposed for the same initial skill on
SpreadsheetBench with Ministral3-14B. (A) and (B)
apply each edit alone, and (C) applies both. Numbers
are test accuracy gains over the initial skill in percentage
points.

5 Discussion

SkillCombiner is run for a single epoch in our ex-
periments but can be extended to multiple epochs.
Each additional epoch proposes new edits based
on the updated skill, which may further improve
performance.

Token usage and wall-clock time can be affected
by different task- and system-level factors, and their
savings may therefore differ across tasks. For ex-
ample, wall-clock time may depend on the degree
of parallelism available for rollouts, CPU-bound en-
vironment execution, and the sequential decoding
length of the target agent. Therefore, the practical
benefit may vary across tasks and system configu-
rations.

6 Conclusion

We introduced SkillCombiner, a skill-optimization
pipeline that separates edit proposal from combi-
nation search. SkillCombiner explicitly searches
over combinations of proposed edits. Across vari-
ous settings, it remains competitive with iterative
skill optimization while reducing optimizer-side
computation. These results suggest that how pro-
posed edits are combined is an important part of
skill refinement, motivating combination search as
an explicit optimization layer.
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Limitations

Combination-space = parameterization. To
make combination search tractable, our formu-
lation represents each minibatch by the number
of top-ranked edits selected from it. This pa-
rameterization depends on the quality of the
optimizer-generated ranking and does not cover
arbitrary subsets of edits within a minibatch.
It may therefore overlook useful combinations
involving lower-ranked edits.

Scalability. Our experiments cover two target
models and relatively small candidate pools. The
performance and computational trade-offs of com-
bination search may differ with stronger optimizer
or target models, larger edit pools, and longer skill
documents. In particular, validation cost may be-
come more substantial as the search space grows.

Search strategy. We evaluate only a limited set
of search algorithms, with the direct comparison
conducted on LiveMath. While the results support
explicitly searching over candidate-edit combina-
tions, they do not establish discrete Nelder—Mead
as the optimal strategy. The most effective search
algorithm may depend on the candidate space, vali-
dation budget, and task.
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A Statistical Verification
A.1 Combination effect

Let p; denote the expected validation score of com-
bination ¢. We test

Ho:pp = p2 =+ = p3,
Hy : 31 # j such that p; # p;.

Each combination is evaluated three times. We
use the ratio of between-combination variation to
within-combination variation as the test statistic. A
permutation test rejects Hy (p < 0.001), showing
that combination choice affects validation perfor-
mance beyond repeated-evaluation noise.

A.2 Harmful edit effect

For the example in Figure 1, let p_. and p4. de-
note the expected validation scores without and
with edit e, respectively. We test

HO P H—e = Hte,
Hy : e # fie-

Each condition is evaluated 12 times. Their mean
validation accuracies are 0.644 and 0.560, respec-
tively. A two-sided permutation test rejects Hy at
the 0.05 significance level (p = 0.047). These re-
sults show that adding a proposed edit can lower
validation performance.

B Integer-Grid Nelder-Mead

We use the standard Nelder—Mead coefficients
(e, 7, p,0) = (1,2,0.5,0.5)

for reflection, expansion, contraction, and shrink,
respectively. Let x; and x,, denote the best and
worst simplex vertices, and let ¢ be the centroid
excluding x,,. The four operations are

X, = ¢+ a(c — xy),
Xe = ¢+ (%, — €),
X, = ¢+ p(xy — ),

X; = Xp + 0(Xj — Xp).

We otherwise use the standard Nelder—-Mead up-
date rules.

Because these operations produce real-valued
points, we map each proposal to a feasible integer
coordinate (Balaprakash et al., 2011). For each
component, we consider its clipped floor and ceil-
ing values. We enumerate the coordinates formed
from these values and remove those whose sum ex-
ceeds Liot. Among the remaining coordinates, we
choose the nearest one that has not yet been eval-
uated. If all of them have already been evaluated,
we reuse the cached score of the nearest coordinate.
Distance ties are resolved lexicographically.

If none of the neighboring coordinates satisfies
the total edit budget, we round and clip each com-
ponent. We then repeatedly subtract one from the
first largest positive component until the coordinate
sum is at most L.

Integer projection can map several simplex pro-
posals to the same coordinate. We therefore ter-
minate a search start after three consecutive itera-
tions with no new evaluation, or when all simplex
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Figure 6: Effect of validation-set size on LiveMath test
accuracy with Ministral3-14B. We report mean ac-
curacy over three seeds. Performance remains within
approximately one standard deviation of the result re-
ported in Table 1.

vertices map to the same integer coordinate. The
implementation supports random restarts, but all
reported experiments use a single start (Mmstarts =

1).
C Effect of Validation Set Size

Because SkillCombiner makes relatively few op-
timizer calls, most of its optimization cost comes
from validation probes, whose cost scales approxi-
mately with the number of validation examples. We
therefore vary the validation-set size on LiveMath
with Ministral3-14B and examine test accuracy.
As shown in Figure 6, test accuracy varies lit-
tle as the validation set is reduced from 18 to 4
examples. This suggests that useful differences
among candidate combinations can be detected
with a small probe set, leaving room to further
reduce the optimization cost of SkillCombiner.

D Implementation Details

To facilitate a controlled comparison, we align our
implementation and experimental setup with the re-
leased SkillOpt configuration wherever applicable
(Yang et al., 2026b). We describe the remaining
method-specific settings below.

D.1 Optimizer Prompts

Both methods use the benchmark-specific reflec-
tion prompt from SkillOpt’s released configuration.
The prompt asks the optimizer to identify recur-
ring patterns across a rollout minibatch, respect the
current edit allowance, and return a JSON patch
with four edit operations (append, insert_after,
replace, and delete). It is populated with the
same framework-constructed inputs, namely roll-
out trajectories, the current skill, and the current
edit budget.

SkillCombiner appends the following instruction
to this prompt. The resulting order defines the
prefix candidates used in combination search.

The optimizer treats patch.edits emission
order as priority when constructing prefix
candidates; list edits from highest to lowest
expected validation impact.

D.2 Target-Model Configuration

We use Qwen3.5-9B as the optimizer model. Dur-
ing skill optimization and validation, target-model
responses are sampled with temperature 0.7. Final
test and transfer evaluations use temperature 0 with
a single generation per example. The optimizer
uses temperature 0 with thinking disabled. The
maximum generation lengths are 16,384 tokens for
the target model and 64,000 tokens for the opti-
mizer. We fix the optimization seeds to 42, 44, and
45 for all experiments reporting three-seed results.

D.3

We run SkillCombiner for one optimization epoch.
Each optimization batch contains at most m = 6
reflection minibatches, with at most b = 8 rollout
trajectories per minibatch. For each minibatch, the
optimizer proposes at most . = 4 edits. Most
benchmarks use one optimization batch per epoch,
whereas SpreadsheetBench uses two.

We use Lyt = 14 as a fixed within-step upper
bound across all settings, calibrated with reference
to the early-step edit allowances of SkillOpt’s re-
leased SpreadsheetBench configuration. The com-
bination search evaluates at most () = 28 unique
candidates and stops early after p = 7 probes
without improvement. After search, we retain the
top k = 4 combinations and evaluate each with
r = 2 additional draws. The selected combination
is adopted only when it improves on the current
skill; score ties favor the shorter resulting skill.

For SkillOpt, we use its released four-epoch con-
figuration and cosine edit-budget schedule. Unless
otherwise specified, SkillCombiner follows the cor-
responding SkillOpt settings.

Hyperparameters

D.4 Benchmarks

We evaluate on LiveMath, SpreadsheetBench, and
ALFWorld. LiveMath evaluates mathematical rea-
soning on a collection of math problems. Spread-
sheetBench evaluates an agent’s ability to inspect
and modify spreadsheets through multi-step tool in-
teractions. ALFWorld evaluates text-based embod-
ied agents on household tasks that require planning
and interaction with objects in an environment.
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For LiveMath and SpreadsheetBench, we use the
same task splits and benchmark configurations as
SkillOpt. LiveMath contains 35 training, 18 vali-
dation, and 124 test examples, while Spreadsheet-
Bench contains 280 test examples. For ALFWorld,
we retain the SkillOpt training and validation splits,
containing 39 and 18 examples, respectively, but
evaluate on the first 32 examples of the test split.
This fixed subset is used for all methods and opti-
mization seeds.

D.5 Optimizer Configuration for ALFWorld

For the Qwen3.5-9B target-model setting on
ALFWorld, both SkillOpt and SkillCombiner use
GPT-5.4 mini as the optimizer. The long rollout
contexts could not be processed within the mem-
ory constraints of the available hardware, so this
configuration was chosen for execution feasibility
rather than based on comparative performance. We
did not evaluate a Qwen3.5-9B optimizer for this
setting. The optimizer is held fixed across methods
within every setting.

E Detailed Optimization Cost

Table 5 provides the detailed cost composition for
each benchmark, including total token usage and
optimizer-token usage, together with their reduc-
tions relative to SkillOpt.

F Concurrent Work

Several studies on agent skill evolution were re-
leased after our experimental design and base-
line suite had been established. Self-Supervised
Skill Optimization learns from unlabeled tasks us-
ing comparative judgments and behavior-level ev-
idence aggregation (Peng et al., 2026). DecoEvo
jointly evolves solver and rubric-generator skills
using decoupled optimization signals (Chen et al.,
2026a). SkillMentor trains a mentor policy to dis-
cover executor blind spots and convert them into
corrective skills (Bao et al., 2026). Verifiable Self-
Evolution for Open-Ended Dialogue Skills con-
structs a future-feedback prediction objective from
logged user responses, enabling verifiable optimiza-
tion without regenerating user feedback (Zhao and
Jiang, 2026). VeriSkill develops failure-attribution,
lesson-abstraction, and executable-validation mech-
anisms for program-verification skills (Jia et al.,
2026).

These studies address complementary problems,
including learning without ground-truth rewards,

evaluator co-evolution, blind-spot discovery, verifi-
able dialogue feedback, and domain-specific fail-
ure attribution. Our work instead studies the joint
selection of edits proposed for the same skill doc-
ument. Because these methods were released dur-
ing the final stage of our manuscript preparation
and use different optimization objects or feedback
regimes, we discuss them separately rather than
include them as baselines.
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Total tokens

Optimizer tokens

Benchmark Method
Usage Reduction Usage Reduction
LiveMath SkillOpt 1.846 4+ 0.100M - 0.670 + 0.038M -
Ours 1.318 £+ 0.099M 1 28.6% 0.119 4+ 0.003M 1 82.2%
SpreadsheetBench SkillOpt 15.612 + 2.3656M - 0.998 £+ 0.247TM -
preacs Ours 10.154 £ 0.76 7™ 1 35.0% 0.270 £+ 0.024M 1 72.9%
ALEWorld SkillOpt 25.750 + 0.870M - 0.836 £+ 0.061M -
Ours 25.481 4+ 1.869M 3 1.0% 0.248 + 0.023M 4 70.3%
Average reduction - 121.5% - 175.2%

Table 5: Full optimization-cost composition with Ministral3-14B as the target model. We report mean =+ standard
deviation over three optimization seeds for total token usage and optimizer-token usage. Total tokens include both
optimizer usage and target-agent tokens consumed by training and validation rollouts, while optimizer tokens cover
all skill-update calls, including SkillOpt’s fast updates and slow meta updates. Reductions are computed relative to

SkillOpt.

1197



