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Abstract

Enterprise Al agents route user queries to spe-
cialized skills by matching queries against nat-
ural language skill descriptions. When two
skills share overlapping descriptions, the rout-
ing LLM misroutes queries, a failure we term
skill collision. As agents scale to dozens of
skills, manually tuning descriptions to main-
tain routing accuracy becomes a significant en-
gineering bottleneck. We deploy an automated
description optimization pipeline on a produc-
tion enterprise group chat agent (9 skills, 372
regression cases). The pipeline produces de-
scriptions averaging 79.2% F1, matching man-
ually tuned descriptions at 79.4% F1 (average
per-skill difference -0.20%, within the +0.78%
multi-seed noise floor), while reducing per-skill
engineering effort from 120 minutes to 3.8 min-
utes (32x speedup). We then examine which
pipeline components actually drive this match.
Systematic ablation on both the production sys-
tem and ToolBench (~16k tools) reveals that a
single LLLM rewrite using any available false-
positive and false-negative cases captures most
of the available improvement. Other design
choices we tested (iteration budget, feedback
signal composition, dual editing of confused
pairs, and training set size) each affect final F1
by less than 0.5%. Description optimization ad-
dresses skill collisions caused by overlapping
descriptions but cannot resolve cases where two
skills’ intended scopes genuinely overlap. We
identify a diagnostic (a large train—validation
F1 gap) that flags the latter cases for architec-
tural rather than text-level intervention.

1 Introduction

Modern enterprise Al assistants are built as orches-
trated agent systems where an LLLM-based plan-
ner routes user queries to specialized skills (Yao
et al., 2023; Wu et al., 2023). Routing decisions
are driven by comparing the query against each
skill’s natural language description. When descrip-
tions are insufficiently discriminative, the planner

misroutes queries, causing what we term skill colli-
sion: semantically overlapping skills compete for
the same query population (Figure 1).

Skill collision is most acute during onboarding.
Adding a new skill to a deployed agent forces its
description to be precisely positioned relative to all
incumbent skills. In practice, this requires iterative
manual tuning: a developer writes a description,
deploys the skill, observes routing errors from real
or synthetic traffic, and edits accordingly. This
loop is slow, requires expertise in both the skill’s
functionality and the planner’s decision boundaries,
and does not scale as agent capabilities grow.

We deploy an automated description optimiza-
tion pipeline that replaces this manual loop. The
pipeline initializes a candidate description with an
LLM, then iteratively refines it using false-positive
and false-negative cases from a labeled training
set. On a production enterprise group chat agent
(9 skills, 372 regression cases), the automated de-
scriptions match manually tuned ones in routing
quality (79.2% vs. 79.4% average F1, per-skill dif-
ferences within the +0.78% multi-seed noise floor)
while reducing per-skill engineering effort from
120 minutes to 3.8 minutes (32x speedup).

Given that the automated pipeline reaches man-
ual quality, we ask which of its components ac-
tually matter. As originally implemented, the
pipeline combined several mechanisms motivated
by intuition: contrastive feedback presenting FP,
FN, and TP cases simultaneously; iterative refine-
ment up to a fixed budget; dual editing of the
most-confused rival skill; tuned training set sizes.
Through systematic ablation on the production sys-
tem and at scale on ToolBench (Qin et al., 2023)
(~16k tools), spanning closed-world (per-query
candidate pool) and open-world (retrieval over the
full corpus) routing regimes, we find that most
of these design choices change final routing F1
by less than 0.5%. A single LLM rewrite using
any available FP/FN cases captures the bulk of
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Figure 1: Skill collision and automated resolution via error feedback. (a) Before optimization: two skills share
nearly identical descriptions; the LLM planner cannot distinguish them and misroutes the query to PeopleSearch
(incorrect, x). (b) After error-feedback-guided rewriting: the false-positive case is fed back to an LLM, which
produces a discriminative description for GetUserManager; the planner now routes correctly (v').

available improvement: on production, single-shot
achieves 79.2% F1 (per-skill -0.12% from human-
written descriptions, matching iterative refinement
within noise); on ToolBench open-world, single-
shot achieves a +4.45% F1 gain, within 0.2% of
iterative refinement.

Not all routing failures are description failures.
Two further findings characterize where descrip-
tion optimization applies, and where it does not.
First, closed-world (fixed candidate pool) and open-
world (retrieval-based) routing require separate op-
timization: descriptions tuned in one regime trans-
fer poorly to the other, and LLM initialization helps
in one setting but hurts the other. Second, when
two skills’ intended scopes genuinely overlap (as
opposed to merely sharing under-discriminative
wording), no description rewrite can resolve the col-
lision; these skills exhibit large training-validation
F1 gaps regardless of optimization signal quality.
We identify this gap as a diagnostic signal that flags
skills for architectural intervention (scope restruc-
turing, intent-specific routing rules) rather than con-
tinued description refinement.

Taken together, these findings yield a compact
operational picture for skill onboarding: optimize
with a single-shot LLM rewrite, match the opti-
mization regime to the deployment regime, and use
the train-validation F1 gap to triage which skills
need architectural intervention instead of more de-
scription tuning. We make three contributions: (1)
a deployed production system that replaces man-
ual description tuning at enterprise scale, validated
as non-inferior to manually tuned baselines with
a 32x engineering speedup; (2) systematic abla-
tion across production and ToolBench showing that
pipeline complexity—feedback type, iteration bud-

get, dual editing, training size—has negligible im-
pact, and a single LL.M rewrite suffices; (3) char-
acterization of where description optimization ap-
plies, including a diagnostic signal for skills requir-
ing architectural intervention and the separation of
closed-world and open-world routing into distinct
optimization regimes.

2 Related Work

Tool selection for LLM agents. LLM tool se-
lection encompasses routing models and planners
over large API collections (Qin et al., 2023; Shen
et al., 2023; Li et al., 2023), generating accurate
calls from documentation (Patil et al., 2023), and
retrieving candidate tools for orchestrators (Liu
et al., 2025; Jia and Li, 2025; Lumer et al., 2025).
These upstream retrieval methods complement our
work; we optimize the descriptions used within the
established candidate pools.

Tool description optimization. Recent methods
use LLMs and execution traces to rewrite tool doc-
umentation, aiming to improve downstream task
completion (Yuan et al., 2024; Qu et al., 2025; Fang
et al., 2025; Guo et al., 2026). Instead of target-
ing downstream execution success via execution
traces, we target upstream routing decisions us-
ing objective false positive and negative cases to
diagnose skill collisions. Furthermore, we rigor-
ously evaluate against manually tuned descriptions
in a production deployment and demonstrate that
a single LLM rewrite captures the vast majority of
available improvements.

Prompt optimization & self-refinement Numer-
ous frameworks optimize overarching task prompts
or refine outputs using textual gradients, demon-
strations, or LLM self-criticism (Khattab et al.,



2023; Opsahl-Ong et al., 2024; Yang et al., 2024;
Zhou et al., 2023; Yuksekgonul et al., 2025; Pryzant
et al., 2023; Madaan et al., 2023; Shinn et al., 2023;
Agrawal et al., 2026). Instead of optimizing aggre-
gate task prompts, we focus exclusively on per-skill
descriptions evaluated via discrete routing errors.
Furthermore, while many of these methods rely on
multi-step evolutionary search or iterative closed-
loop refinement, we demonstrate that a single-shot
rewrite using objective routing feedback captures
the vast majority of available improvements for
tool description optimization.

3 Method

The skill onboarding pipeline takes as input a skill
name and outputs an optimized routing description
for use by the LLM planner. The pipeline has
two stages: LLM initialization and error-feedback
refinement. We additionally describe a single-shot
variant which section 5.2 shows is sufficient to
match the full iterative pipeline.

Stage 1: LLM initialization. We prompt an LLM
with the skill name to generate a candidate routing
description. The initialization prompt requests a
description of what the skill does. The initialized
description serves as both the starting point for
refinement and a standalone baseline for evaluation.
Stage 2: Error-feedback refinement. The initial-
ized description is evaluated on a labeled training
set of queries with ground-truth skill labels. We col-
lect false positives (FP: queries routed to the skill
that should not be), false negatives (FN: queries
the skill misses), and true positives (TP: correctly
routed queries). At each iteration, we prompt the
LLM with the current description, up to 5 FP and
5 FN cases (a practical token-budget choice; §5.2
confirms performance is insensitive to this limit),
and a TP set matched to the number of negative
cases (to balance the prompt context across posi-
tive and negative examples). The LLM is asked
to identify routing failure patterns and revise the
description. The refined description replaces the
current one, and the process repeats up to a fixed it-
eration budget or until per-skill training F1 exceeds
a 90% threshold (in practice, the iteration budget is
the effective stopping criterion; see §5.2). At each
iteration ¢, the routing evaluation produces error
cases & = (FPy, FNy, TP,); the description with
the highest training F1 across iterations is selected.
Algorithm 1 summarizes the loop.

Single-shot variant. We additionally evaluate a

Algorithm 1 Error-Feedback Refinement

Input: skill s, training queries (), budget 7', threshold 7
Output: optimized description d

1: do < INITIALIZE(s)
s d do, f +~—0
cfort=1,...,7T:
4:  fi,E < EVALUATE(d¢—1, Q)
50 iffi>frddioa, f— fe
6: if f; > 7 : break
7
8

> Stage 1

W

dy < LLMREWRITE(d;—1, SAMPLE(&}))
: return d

single-shot configuration where the LLM is given
the initialized description and all available FP and
FN cases in a single prompt, producing one revised
description without further iteration. This simu-
lates the approach a developer would take with a
complete training set, and §5.2 shows it is sufficient
to match iterative refinement.

Open-world adaptation. In the retrieval setting,
all tools are indexed by description and candidates
are retrieved per query via hybrid sparse-dense
retrieval (BM25 (Robertson and Zaragoza, 2009)
combined with text-embedding-ada-002 (Ope-
nAl, 2022) cosine similarity, with per-query min-
max normalization). The refinement loop runs iden-
tically, but FP cases now correspond to tools re-
trieved into the top-20 candidate pool that should
not be invoked, providing a targeted disambigua-
tion signal that reflects retrieval errors. Only tools
that appear in at least one FP query’s retrieved pool
are eligible for refinement.

4 Experimental Setup

Production setting. The production system is
an enterprise group chat agent whose LLM-based
planner routes queries to one of 9 skills spanning
people search, web search, calendar scheduling,
internal knowledge retrieval, organizational hierar-
chy lookup, email, and document generation. We
use 372 synthetic test cases with ground-truth skill
labels, created by product and engineering experts.
Each query may target one or more skills; all tar-
geted skills are labeled as positives. Per-skill train-
ing queries are synthesized separately from the
372-case test set; positive examples range from 10
to 119 per skill depending on skill scope, with nega-
tive examples sampled from queries targeting other
skills to ensure label balance. We compare four
conditions: HUMAN (currently deployed manu-
ally tuned descriptions, our primary comparison
baseline), OLD (skill disabled, system-level pre-
deployment baseline), INIT (LLM-initialized de-



Table 1: Per-skill skill-selection F1 on the production agent. Each row corresponds to replacing a single skill’s
description with an automatically generated variant, while keeping all other skill descriptions fixed at their human-
written versions. HUMAN: all skills use the currently deployed, manually tuned descriptions (hence identical F1
across rows); INIT: the target skill’s description is LLM-initialized with no error feedback; SS: single-shot LLM
rewrite given all training FP/FN cases; Iter: iterative refinement loop (max 10 iterations). Average A(HUMAN—SS)
of —0.12% and A(HUMAN—Iter) of —0.20% are both well within the multi-seed per-skill noise floor of +0.78%
(Appendix E). Skills sorted by A(HUMAN—1Iter) in descending order.

Skill HUMAN INIT SS  Iter AMH—SS) A(H—Iter)
IntKnowledge 794 77.1 80.1 81.0 +0.7 +1.6
PeopleSearch 794 792 78.6 799 —-0.8) +0.6
Email 794 786 804 79.8 +1.1 +0.4
UserManager 794 794 78.8 79.7 —0.64 +0.4
WorkbackPlan 794 783 80.8 79.7 +1.5 +0.3
DirectReports 794 795 79.1 78.6 —-0.24 -0.74
WebSearch 794 784 81.0 78.1 +1.6 —-1.30
Calendar 794 776 769 779 —2.5] —1.5]
StatusReport 794 71,6 715 717 —-1.94 -1.70
Average 794 784 792 792 —-0.12 —-0.20

scription, no error feedback), and Iter (optimized
description after refinement). Training set is the
full set of available examples per skill (referred to
as trainmax); a smaller train20 variant is reported
in Appendix C.

ToolBench setting. ToolBench (Qin et al., 2023)
covers ~16k RESTful API tools across 11, 12, 13
splits. 12 is the primary split for skill collision eval-
uation, because it requests multiple tools from the
same API category to fulfill the query. ToolBench
descriptions are developer-facing API stubs (e.g.,
“Search Book by its name”, “This endpoint will re-
turn back all news about Climate Change from all
over the world”) rather than routing instructions,
which makes description quality directly measur-
able but also inflates the absolute gain numbers
relative to systems with already-curated descrip-
tions. We frame the task as single-turn tool routing:
given a query and a candidate pool, predict the cor-
rect tool, with no API execution. We treat the first
non-terminal tool call from the official ToolBench
trajectories as ground truth; the original trajecto-
ries are LLM-generated and we did not manually
verify each label. We study two candidate pool
regimes. Closed-world uses the per-query pre-
defined available_tools list (3 to 15 tools) from
the ToolBench dataset as the full candidate pool.
Open-world retrieves the top-20 candidates per
query from the full ~16k corpus via hybrid re-
trieval. For each split, we select the top-100 tools
by positive sample count (requiring at least 25 pos-
itive and 25 negative queries); these subsets are
fixed across all ablations. Per tool, we allocate 20
positive and 20 negative queries as the training set

and hold out a balanced validation set of up to 50
positive and 50 negative queries, identical across
all training-size ablation runs so that comparisons
reflect only the change in training signal. We track
three description states: ORIG (iteration 0, origi-
nal placeholder), INIT (iteration 1, LLM-generated
with no error feedback), and Iter (best description
across up to 10 refinement iterations).

Ablation dimensions. On ToolBench we ablate:
error signal type (FP+FN+TP / FP-only / FN-only /
FP+FN without TP), iteration budget ({5, 10, 30}),
per-iteration sampling (5 cases per category vs.
all available), training size ({5, 10,20} examples
per class), dual editing (simultaneously refining
the rival tool’s description), and three BM25 to
dense retrieval weight combinations (0.2,0.8),
(0.5,0.5), (0.8,0.2). Default settings unless speci-
fied are train=20, max iterations=10, BM25=0.2,
EMB=0.8.

5 Results

5.1 Automated optimization matches manual
tuning at production scale

Table 1 reports per-skill HUMAN, INIT, single-
shot (SS), and iterative (Iter) F1 on the produc-
tion agent. The average A(HUMAN—Iter) across
the 9 skills is —0.20% and A(HUMAN—SS) is
—0.12%. To characterize run-to-run variance of
the live regression API, we ran 3 independent seeds
of the trainmax pipeline; the average per-skill stan-
dard deviation of AF1 is +0.78%, with 8 of 9 skills
below +1% std (Appendix E). Both averages are
well below this per-skill noise floor; the largest



Table 2: Five design choices originally motivating the pipeline complexity, evaluated on ToolBench 12 open-world
(BM25=0.2, EMB=0.8, max-10 iterations, train=20 unless ablated). A is the gain from orig to best across variants
of each design choice. n is the tools eligible for optimization (those with at least one retrieval false positive in the
candidate pool); n varies across rows because eligibility depends on the configuration. Detailed per-variant numbers

in Appendix A.
Design choice Variants A range n
Feedback signal FP+FN+TP / FP-only / FN-only /no TP 4.51 - 4.60 48
Iteration vs. Single-Shot  SS/max-10 sampled / max-10 full 4.45-4.85 47
Dual editing on/ off 4.51-4.54 48
Sampling 5 cases / all cases 4.51-4.85 47
Training size 5/10/20 per tool 4.51-4.92 31-48
per-skill differences are +1.7% for Iter and +2.5% o
for SS (Table 1). Per-skill outcomes split nearly +5.07
. 5 N
evenly under both methods: 5 skills favor Iterand & | __ .45 . __ . _ . Single-shot (+4.45%)
4 favor manual tuning; SS splits 4 vs. 5. We inter- 4
pret this as both single-shot and iterative automated L3
©
optimization being non-inferior to manual tuning 9,
at production scale, but not exceeding it. <
The value of automated onboarding is therefore "
operational. An applied scientist manually tuned 0-— T
@a"f’ a{\g ?ﬁ’“

descriptions for one skill using the standard pro-
cess (write, regression test, observe failures, edit),
recorded wall-clock time, and compared against
the automated pipeline. Manual tuning required
120 minutes for this skill, whereas the automated
pipeline produced comparable descriptions in 3.8
minutes, which is a 32x speedup.

Notably, the single-shot variant achieves this
match without iteration or any of the additional
pipeline mechanisms. The next section examines
which components of the pipeline actually con-
tribute to this result.

5.2 A single LLM rewrite captures most of the
improvement

Table 2 summarizes ablations of five design choices
originally motivating the elaborate pipeline: feed-
back signal composition, iteration budget, dual
editing of confused tool pairs, per-iteration case
sampling limit, and training set size. All five vary
final F1 within 0.5% on ToolBench 12 open-world.
Specifically: feedback signal type (FP+FN+TP vs.
FP-only vs. FN-only vs. FP+FN without TP) yields
gains within 0.1% of each other; dual editing pro-
vides negligible benefit; sampling 5 cases per cate-
gory per iteration achieves similar gain as passing
all available cases; training size effects (5 vs. 10
vs. 20 examples per tool) are within 0.5%, with
train=10 marginally best. The implication is that
the per-example error feedback signal is the domi-
nant driver of optimization quality. How that signal

Iteration budget

Figure 2: Average F1 gain on validation across differ-
ent max iteration budget on ToolBench I2 open-world
(BM25=0.2, EMB=0.8). Single-shot rewriting matches
max-10 iterative refinement within 0.2%.

is packaged into the LLM rewrite prompt is has
less effect. Detailed per-variant numbers are in
Appendix A.

Figure 2 shows the iteration budget sweep. On
ToolBench open-world, gains increase monoton-
ically with iteration budget: +4.24% at max-5,
+4.65% at max-10, +5.07% at max-30. Approxi-
mately 90% of tools hit the iteration cap without
reaching the 90% stopping criterion at max-10, in-
dicating optimization is still progressing when trun-
cated. However, single-shot rewriting (one LLM
call given all available training FP and FN cases)
achieves +4.45%, matching max-10 within 0.2%
and exceeding max-5. Iterative refinement with
sampled feedback adds little when single-shot has
access to the full training signal. The production
pattern reported in Section 5.1 confirms this finding
at production skill.

For practitioners trading compute against perfor-
mance, single-shot is the dominant choice across
both settings. Long iteration budgets capture
marginal additional gains in open-world ToolBench
but the additional cost is rarely justified.



5.3 Optimization regimes diverge between
retrieval-based and fixed-pool routing

Closed-world baseline F1 is high (~91% on 12)
and gains from optimization are correspondingly
modest (0.6-0.9% across I1, 12, 13, Appendix H).
Open-world baseline F1 is lower (~70% on 12)
and gains are substantially larger (+4.5%, Ap-
pendix B). More striking than the magnitude differ-
ence is a directional one: LLM-initialized descrip-
tions Aurt closed-world F1 by 0.8-1.4% comparing
to the original placeholder text, while improving
open-world F1 by 1.5-2.1%.

The two regimes require separate optimization.
We re-evaluated closed-world-optimized descrip-
tions in the open-world setting without further re-
finement: gains are modest (0.4-1.0%), well be-
low in-setting open-world optimization (3.7-4.5%).
Descriptions tuned against a fixed candidate pool
do not generalize to the dynamic retrieved pool:
closed-world optimization improves routing preci-
sion among a small known set of competitors, while
open-world optimization additionally improves re-
trieval recall.

Description optimization is qualitatively differ-
ent in retrieval-based vs. fixed-pool routing. Prac-
titioners should determine which regime their de-
ployment matches and optimize within that regime:
LLM initialization is a useful starting point for
retrieval-based routing but should be avoided when
the candidate pool is fixed and small.

5.4 Initial training F1 as a diagnostic signal

Figure 3 examines whether iter-0 training F1 (the
routing F1 of the original placeholder description
on the training set, before any optimization) pre-
dicts the value of optimization on held-out data. On
ToolBench open-world, tools with iter-0 training F1
below 65% (n = 33) achieve an average held-out
gain of +6.27%, approximately 10 times the gain
of tools with iter-0 training F1 at or above 65%
(n = 15, +0.63%; t-test p < 0.001). The pattern
is robust to threshold choice (Appendix G), and all
tools with validation gains above 10% fall in the
low iter-0 region. Iter-0 training F1 is a useful prior-
itization signal: tools below 65% are the candidates
where optimization adds substantial value.

On ToolBench, most training improvements
transfer to held-out performance. Per-tool train-
ing and validation F1 gains on ToolBench are pos-
itively correlated (Spearman p = 0.66); only 2 of
48 tools (4%) exhibit an overfitting signature where

30

20-|

Validation F1 gain (%)

0 20 40 60 80 100
Iter-0 training F1 (%)

Figure 3: Each dot is one ToolBench 12 tool (n = 48).
Tools with iter-0 training F1 below 65% (vertical dashed
line) achieve substantially higher validation F1 gains.

training gains substantially exceed validation gains
(Appendix I).

A subset of skills cannot be resolved by descrip-
tion optimization alone. On the production agent,
two skills (IntKnowledge and WorkbackPlan) fol-
low this pattern: low iter-0 training F1, large train-
ing gains, but failure to exceed the HUMAN base-
line on the held-out test (Table 1; multi-seed con-
firmation in Appendix E). Both skills carry inher-
ent semantic overlap with other skills in the de-
ployment: IntkKnowledge retrieves person-related
organizational data, overlapping PeopleSearch;
WorkbackPlan produces structured plans, overlap-
ping StatusReport in surface form. Description
text alone cannot disambiguate skills whose in-
tended scopes overlap, regardless of training sig-
nal quality. Practitioners encountering a skill with
low iter-0 training F1 and a large Atrain versus
Aval gap should consider architectural intervention
(e.g., intent-specific routing rules, restructured skill
scopes) rather than description refinement.

6 Conclusion

We deployed an automated description optimiza-
tion pipeline on a production enterprise group chat
agent and validated findings at scale on ToolBench.
Systematic ablation showed most of the originally
designed mechanisms are unnecessary; a single-
pass LLM rewrite given any FP/FN cases cap-
tures the bulk of available improvement and is non-
inferior to manually tuned descriptions at produc-
tion scale.



Limitations

We acknowledge several limitations. Our produc-
tion system has 9 skills and 372 synthetic test cases,
limiting statistical power for per-skill claims. The
ToolBench original descriptions are placeholder
text, which inflates the absolute gain numbers com-
pared to systems with already-curated descriptions;
the system’s value in such settings remains to be
characterized. Open-world ablations are conducted
on 12 only; I1 and I3 open-world experiments are
left for future work. The semantic overfitting obser-
vation in production is based on 2 of 9 skills; while
ToolBench data falsifies the original “low iter-O pre-
dicts failure” hypothesis at scale, the production-
specific pattern in low-data settings warrants vali-
dation on additional production deployments.
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A Ablation Tables

We ablate on the error signal type, iterative refine-
ment, dual editing, and training size in Tables 3, 4,
5,6,7,and 8.

Table 3: Error signal type ablation on 12 open-world (48-
tool intersection, BM25=0.2/EMB=0.8, train_size=20,
max10). All conditions within 0.09%.

Feedback signal Orig Best Aonr
FP+FN + TP (full) 70.6 75.1 +4.5
FP-only (TP+FP) 708 753 +4.5
FN-only (TP+FN) 708 753 +4.5
FP + FN (no TP) 708 754 +4.6

B Open-World Detail (ToolBench)

Table 9 reports the full open-world results refer-
enced in §5.3. Transfer re-evaluates closed-world-
optimized descriptions in the open-world retrieval
setting without further refinement. In-setting runs
the full optimization loop using the retrieved candi-
date pool. Embedding-heavy retrieval (BM25=0.2,

Table 4: Error signal type ablation on the production
agent (9 skills, trainmax). All conditions within 0.69%,
inside production API non-determinism noise. A = avg.
New F1 — avg. OLD F1 across all 9 skills.

Feedback signal Avg. A
FP + FN + TP (full) +3.65
FP-only (TP + FP) +2.99
FN-only (TP + FN)  +3.47
FP + FN (no TP) +2.96

Table 5: Single-shot vs. iterative refinement on 12
open-world (47-tool overlap, BM25=0.2/EMB=0.8,
train_size=20).

Method n  Orig Aosr
Single-shot 47  71.0 +4.4
Iterative, sampled (max10) 47 707 +4.6
Iterative, full-context (max10) 47 709 +4.9

EMB=0.8) consistently outperforms BM25-heavy
across both transfer and in-setting; BM25 fails to
differentiate tools with generic placeholder names.
n is the tools with at least one retrieval false posi-
tive; transfer evaluates all 100 tools (no FP require-
ment), while in-setting requires at least one FP per
tool to be optimizable.

C Production train20 Results

Trainmax (used in the main paper, §5.1) uses
all available positive examples per skill (10 to
119, varying by skill). For comparison, train20
caps the training set at 20 positive plus 20 neg-
ative examples per skill (or fewer when the
skill has fewer positives available; SendEmail,
generate_status_report, WorkbackPlan fall
back to all available data). Table 10 reports per-
skill F1 for the train20-standard run. On aver-
age, train20 yields A(OLD—Iter) = +1.71% ver-
sus trainmax-standard’s +3.65%, indicating that
more training data helps in aggregate but not uni-
formly: 5 skills are within 1% of their trainmax
result, while GetUserManager regresses sharply
at train20 (an outlier we attribute to API non-
determinism, since the multi-seed trainmax results
show GetUserManager is otherwise stable; Ap-
pendix E).

D OLD Baseline (Production Agent)

OLD measures the system-level F1 with the new
skill disabled, evaluated on the subset of test cases
that do not target the skill. Because OLD uses a dif-
ferent test subset than HUMAN/INIT/Iter (which
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Table 6: Dual editing ablation on ToolBench 12 open-
world (BM25=0.2/EMB=0.8, train_size=20, max10).
n differs because dual editing fails on one tool whose
training cases trigger the Azure content filter. Difference
of 0.03% is well within experimental noise.

Setting n  Orig Best Ao
Standard 48 706 751 +4.51
Dual editing 47 703 749 +4.54

Table 7: Dual editing ablation on the production agent
(trainmax). A =TIter F1 — Avg OLD baseline (averaged
across 4 settings, 75.6% overall). Average effect of dual
editing is —0.11%, well within the per-skill +0.78%
noise floor.

Skill Std A Dual A
IntKnowledge —-1.7) —-3.50
PeopleSearch +13.3 +12.5
Email +1.0 —-0.30
UserManager +7.5 +6.9
WorkbackPlan —-0.1} +0.6
DirectReports +3.2 +3.8
WebSearch +5.7 +5.8
Calendar +2.7 +3.6
StatusReport +0.9 +2.0
Average +3.6 +3.5

evaluate on the full 372 cases with the skill en-
abled), OLD—Iter gains conflate skill availability
with description quality and are not directly com-
parable to HUMAN—Iter. We report OLD here
for completeness; §5.1 uses HUMAN—Iter as the
primary comparison.

E Multi-Seed Variance (Production
Agent)

To characterize run-to-run variance, we ran 3 in-
dependent seeds of the trainmax-standard pipeline.
Each seed includes a fresh optimization run (LLM
calls at temperature > 0) and a fresh regression
evaluation (live API calls at temperature > 0).
The HUMAN baseline (79.4%) was evaluated
in a single regression run; we did not charac-
terize HUMAN-specific run variance. The re-
ported per-skill noise floor of AF1 (£0.78% std
on average; Table 12) bounds Iter variance di-
rectly; A(HUMAN—Iter) variance includes addi-
tional HUMAN evaluation noise we did not mea-
sure. The mean A(OLD—sIter) is +3.27 &+ 0.78%
across the 3 seeds, with 8 of 9 skills below 1%
std. IntKnowledge regresses against OLD in all
3 seeds (—1.90%, —3.72%, —2.04%), confirming
this is a robust failure rather than a single-run arti-

Table 8: Training size ablation on ToolBench I2 open-
world (BM25=0.2/EMB=0.8, max10). n varies because
tool eligibility (at least one retrieval false positive in
the train set) increases with train size. A values within
0.5%.

Train size n Orig Best Ag,r
5 31 67.8 727 +4.9
10 42 698 748 +5.0
20 48 70.6 75.1 +4.5

Table 9: Open-world results on ToolBench 12. Trans-
fer re-evaluates closed-world descriptions; in-setting
re-optimizes against the retrieved candidate pool.

Setting BM25/EMB n Orig Best Ag,r

Transfer (re-evaluate closed-world descriptions)

0.2/0.8 100 709 718 +1.0

0.5/0.5 100 71.8 726 +0.7

0.8/0.2 100 70.0 705 +0.4
In-setting optimization (max10)

0.2/0.8 48 706 751 +4.5

0.5/0.5 45 689 728 439

0.8/0.2 43 70.0 737 +3.7

fact.

F Production Training F1 Dynamics

Table 13 reports per-skill training-set F1 at iter-
ation O (the initial LLM-generated description)
and the best across iterations on the trainmax-
standard production setting. Two skills exhibit
large training F1 gains: IntKnowledge (+30.8pp)
and WorkbackPlan (+28.1pp). Both also start with
low iter-0 training F1 (< 67%), and neither trans-
lates the training gain into a held-out F1 improve-
ment above the HUMAN baseline (Table 1). The
other 7 skills show no training F1 movement: each
begins at or above the 90% stop criterion and the
optimization loop terminates at iter-0. The pattern
matches the small-data overfitting characterization
in §5.4.

G Iter-0 Training F1 as a Failure
Predictor (ToolBench)

We test whether the production observation in
§5.4, that low iter-O training F1 predicts fail-
ure, generalizes to the 48 ToolBench open-world
tools (12, BM25=0.2/EMB=0.8, train_size=20,
max10). For each tool, we extract iter-0 training
F1 (train_f1@0) and the held-out validation gain
Aval from the existing optimization logs; no new
LLM calls are required.



Table 10: train20-standard production results (per-skill
F1; train pos/neg = 20/20, capped by availability). A =
Iter — OLD.

Skill OLD INIT  Iter A
PeopleSearch 66.7 784 785 +11.8
WebSearch 73.0 785 78.0 +5.0
Calendar 752 757 710 +1.8
IntKnowledge 82.6 787 79.1 —-3.4]
UserManager 71.5 789 66.7 —-4.9]
DirectReports 76.0 793 793 +3.2
Email 79.1 788 79.6 +0.6
StatusReport 771 71.8  78.1 +1.0
WorkbackPlan 804  79.0 79.3 —-1.1]
Average +1.7

The 65% threshold derived from production
is highly significant on ToolBench (Welch’s ¢,
p = 0.0008, N = 48): tools below 65% iter-0
training F1 gain +6.3% on validation on average,
vs. +0.6% for tools above (Table 14). However,
the direction is opposite to the production failure
mode: at ToolBench scale, low iter-0 F1 predicts
larger held-out gains, not failure to generalize.
Spearman correlation between Atrain and Aval
is +0.66 (p < 10~%): in the open-world retrieval
setting, large training gains generalize. We in-
terpret the production overfitting (IntKnowledge,
WorkbackPlan) as a small-data-regime artifact of
low-positive-sample skills (10-119 positives), not
a general property of the pipeline.

H Closed-World Results

Table 15 shows validation F1 in the closed-world
setting, where the candidate pool is the per-query
available_tools list (3—15 tools) rather than the
full retrieved corpus. A consistent pattern emerges
across all splits: LLM initialization (init) reduces
F1 by 0.8-1.4% relative to the original placeholder
descriptions (orig), while iterative refinement re-
covers and surpasses the original. Despite be-
ing completely uninformative text, placeholder de-
scriptions perform comparably to zero-shot LLM-
generated ones in this setting; the gains come en-
tirely from error feedback, not initialization. This
contrasts with the open-world setting (§5.3) where
initialization helps, suggesting description quality
matters more when retrieval recall is the bottleneck.

On 12, the training size sweet spot is 10 exam-
ples per class (+1.0%); additional examples do not
consistently improve the refinement signal. Iter-
ative refinement (4+0.9%) modestly outperforms
single-shot (4+0.6%), consistent with per-example
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Figure 4: Per-tool Atrain versus Aval on ToolBench
12 open-world (n = 48). Spearman p = 0.66. Two
outliers in the lower-right exhibit overfitting.

signal being weaker in the fixed small candidate
pool.

I Training versus validation gain at
ToolBench scale

Figure 4 plots per-tool training F1 gain against
validation F1 gain for the 48 tools optimized in the
open-world setting. Training and validation gains
are positively correlated (Spearman p = 0.66); 2
tools (4%) exhibit an overfitting signature (Atrain
> 20%, Aval < 5%).



Table 11: Production results (trainmax, standard optimization) including the OLD baseline. OLD evaluates the
system with the new skill disabled on a different test subset; it is not directly comparable to HUMAN/INIT/NEW.
ADeploy = OLD—NEW (deployment + quality). Averaged OLD baseline across runs.

Skill OLD HUMAN INIT NEW AbDeploy
PeopleSearch 66.7 794  79.2 79.9 +13.31
WebSearch 72.4 794 784  78.1 +5.71
Calendar 75.3 794  77.6 77.9 +2.71
IntKnowledge  82.7 794  77.1 81.0 —-1.7]
UserManager 72.2 794 794 79.7 +7.57
DirectReports 75.4 794 795 78.6 +3.27
Email 78.8 794  78.6 79.8 +1.07
StatusReport 76.8 794 716 71.7 +0.97
WorkbackPlan ~ 79.8 794 783 79.7 -0.1
Average 794 784 79.2 +3.67

Table 12: Per-skill AF1 (NEW — OLD) across 3 independent seeds of the trainmax-standard pipeline. Std is sample
standard deviation across seeds. The average per-skill std is +0.78%.

Skill Seed1l Seed2 Seed3 Mean Std
PeopleSearch +13.0 +10.7 +11.8 +11.8 +£1.2
WebSearch +5.7 +6.2 +5.7 +5.9 +£0.3
Calendar +2.7 +1.9 +2.8 +2.5 £0.5
IntKnowledge -1.9 —3.7 —-2.0 —-2.6 =*£1.0

UserManager +6.5 +7.1 +5.5 +6.4 £0.8
DirectReports +4.2 +3.8 +2.8 +3.6 £0.8

Email +0.6 +1.3 —0.2 +0.6 +£0.8
StatusReport +1.9 +0.9 +0.1 +1.0 =£0.9
WorkbackPlan +0.1 +1.2 —-04 +0.3  +£0.8
Average +3.6 +3.3 +2.9 +3.3 0.8

Table 13: Per-skill training-set F1 at iter-O (initial LLM
description) vs. best across iterations on the production
agent (trainmax-standard). Atrain is the iterative refine-
ment gain on the training subset. Skills ordered as in
Table 1.

Skill iter-0 best Atrain

IntKnowledge 58.1 889 +30.87
PeopleSearch 97.0 97.0 +0.0
Email 90.3 90.3 +0.0
UserManager 96.2 96.2 +0.0
WorkbackPlan 66.7 947 +28.17
DirectReports 95.5 95.5 +0.0
WebSearch 92.6 92.6 +0.0
Calendar 90.0 90.0 +0.0
StatusReport 100.0 100.0 +0.0




Table 14: Threshold sweep: mean Aval for tools below vs. above each iter-0 training F1 threshold 7. The 65%
threshold from production is highly significant (p = 0.0008). At ToolBench scale, low iter-0 F1 predicts larger
validation gains, not failure.

T mn<r meanAvale; n>, mean Aval>, D
55% 26 +6.4 22 +2.3 0.052
60% 28 +5.9 20 +2.5 0.093
65% 33 +6.3 15 +0.6 0.0008
70% 35 +5.9 13 +0.9 0.002
75% 38 +5.5 10 +0.9 0.005
80% 41 +5.2 7 +0.3  0.0003

Table 15: Closed-world results. Top: 11/12/13 under standard optimization (train_size=20, max10). Bottom: 12
training size ablation and single-shot comparison. Val F1 averaged over 100 tools.

n Orig Init Best Ags1  Aosr

I 100 90.6 894 915 -1.2  +0.97
12 100 90.6 892 915 -1.4  +0.97
I3 100 828 82.0 835 -0.8 +0.67

12 training size ablation

train=>5 100 90.7 895 91.1 =12  +0.47
train=10 100 90.7 89.3 917 -14 +1.07
train=20 100 90.6 892 915 -1.4  +0.97

12 single-shot vs. iterative (train=20, max10)

Single-shot 100  90.6 — 913 —  +0.67
Iterative 100 90.6 892 915 -1.4  +0.97
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