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Abstract
Large language model (LLM) agents aug-
mented with external tools often struggle
as number of tools grow large and become
domain-specific. In such settings, ambiguous
tool descriptions and under-specified agent in-
structions frequently lead to tool mis-selection
and incorrect slot/value instantiation. We hy-
pothesize that this is due to two root causes:
generic, one-size-fits-all prompts that ignore
tool-specific nuances, and underspecified tool
schemas that lack clear guidance on when and
how to use each tool and how to format its
parameters. We introduce Joint Tool-Prompt
Reflective Optimization (JTPRO), a frame-
work for improving tool-calling reliability in
trace-supervised settings by iteratively using
rollout-driven reflection to co-optimize global
instructions and per-tool schema/argument de-
scriptions for accurate tool selection and ar-
gument instantiation in large tool inventories.
JTPRO is designed to preserve only tool-local
cues needed for correct disambiguation and slot
filling. We evaluate JTPRO across multi-tool
benchmarks, which account for different num-
ber of tools using three metrics: Tool Selection
Accuracy (TSA), Slot Filling Accuracy(SFA),
and Overall Success Rate(OSR) (correct tool +
correct slots + correct values). JTPRO consis-
tently outperforms strong baselines, including
CoT-style agents, and reflective prompt opti-
mizers such as GEPA by 5%–20% (relative) on
OSR. Ablations show that joint optimization of
instructions and tool schemas is more effective
and robust than optimizing either component
in isolation.

1 Introduction

Tool-augmented large language model (LLM)
(Vaswani et al., 2017) agents extend their capa-
bilities by invoking external tools for specialized
operations and up-to-date information (Wang et al.,
2024) and are an important real-world applica-
tion (Singh, 2023) across domains (Zhang, 2024;

Figure 1: Impact of slot-filling accuracy. Slot fill-
ing drives end-to-end success: On the Enterprise Tool-
Inventory Dataset (ETID) with complex schemas, we
report TSA, SFA, and OSR; green overlays show abso-
lute gains from JTPRO over baselines, highlighting that
argument correctness is critical for OSR.

Meghwani et al., 2025; Singh et al., 2025). In this
work1, we focus specifically on trace-supervised
tool-calling settings, where the objective is reli-
able call-level execution: (i) select the correct tool
among many conflicting options, (ii) instantiate
correct arguments from natural language requests;
both suffer when tool/slot descriptions are ambigu-
ous or underspecified (Qin et al., 2023). Figure 2
quantifies this scaling failure on ToolACE (Liu
et al., 2025): (a) tool selection accuracy drops as
the tool universe expands, (b) a basic retrieval filter
(top-20) only partially mitigates the decline . Cru-
cially, end-to-end success is often bottlenecked by
slot/value instantiation: on ETID (Enterprise Tool
Inventory Dataset, a synthetic dataset developed
internally for this study), Figure 1 shows that im-
proving slot filling produces large gains in overall
success. Accordingly, our problem setting centers
on reliable tool invocation under large inventories,
where success depends on both correct tool selec-

1www.sites.google.com/view/jtpro-etid/home
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Figure 2: Tool scaling failures and slot-filling impact. (a) All tools in context: On ToolACE with an augmented
inventory, tool selection accuracy drops as the tool set grows (300 to 1000), even for larger-context frontier models.
(b) Top-k retrieval: A basic RAG with reranker stage (top-20) does not remove the drop, indicating residual tool
disambiguation/argument issues.

tion and correct argument instantiation.
Attempts to encode exhaustive tool and slot

rules in lengthy global prompts are brittle, agents
often fail to reliably follow extensive instruc-
tions, and maintaining cross-tool consistency be-
comes infeasible (Levy et al., 2024). Figure 3
illustrates a representative tool-disambiguation
failure that motivates JTPRO. In this exam-
ple, two tools with overlapping descriptions,
get_all_countries and get_countries_list,
cause the baseline to mis-select the more generic
tool for a request framed around investment anal-
ysis. After applying JTPRO, the tool descrip-
tions are augmented with concise preference rules,
specifying that get_all_countries should be
used for general, non-investing requests, while
get_countries_list should be preferred for in-
vesting or market-related queries. This resolves the
ambiguity and yields the correct tool call, show-
ing that targeted schema-level disambiguation can
substantially improve tool selection in large tool
inventories.

Prior work improves tool use via largely sepa-
rate levers: model tuning, tuning-free prompting/-
documentation, retrieval-based tool filtering, and
prompt/context optimization. Tuning-free prompt-
ing (CoT (Wei et al., 2023), ReAct (Yao et al.,
2023a)) and documentation refinement (DRAFT
(Qu et al., 2025)) avoid weight updates but typi-
cally treat global instructions and tool schemas as
static; retrieval-based selection reduces overload
and iterative variants refine retrievers with agent
feedback (Xu et al., 2024), yet retrieval alone does
not fix downstream argument/format errors when
slot semantics remain unclear. Prompt optimization

and context evolution methods MIPRO (Opsahl-
Ong et al., 2024); GEPA (Agrawal et al., 2025);
AVATAR (Wu et al., 2024c); Dynamic Cheatsheet
(Suzgun et al., 2025); ACE (Zhang et al., 2025) im-
prove instruction-level behavior, but do not jointly
adapt global decision rules and per-tool argument
schemas at scale; similarly, Wu et al. (2025) refine
prompts and tool descriptions but target efficiency
rather than call-level tool/slot/value correctness un-
der large domain tool stacks. JTPRO is best viewed
as building on reflective optimization ideas and ex-
tending them to the joint optimization of multiple
agent operating components, global instructions
and per-tool schema/argument descriptions for reli-
able tool calling.
Our core contributions are as follows:

- Joint optimization of tool/slot-schema and
global instructions (JTPRO). We formulate joint
optimization of (i) the global instruction prompt
P and (ii) per-tool schema/argument descriptions
{Ti}, targeting end-to-end invocation correctness
(tool + slots + values) without model fine-tuning.
This is critical as tool-use failures are inherently
coupled: global policies depend on tool-local dis-
tinctions, and accurate slot/value instantiation re-
lies on global conventions. Isolated optimization
of P or {Ti} is insufficient to address these inter-
dependent failure modes.

- Reflection-driven, localized edits with con-
trolled growth. Inspired by reflection-augmented
prompt engineering (Agrawal et al., 2025), JT-
PRO diagnoses systematic rollout failures (tool
confusion, missing constraints, and formatting/-
value errors) and issues targeted edits to both P
and the relevant tool/slot descriptions. To prevent
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Figure 3: Motivating context refinement with JTPRO, Tool disambiguation: Baseline docs under-specify two
similar tools, causing mis-selection; JTPRO adds brief per-tool decision rules (highlighted) to enable correct choice.

context bloat, we globalize recurring cross-tool
slot semantics including date/time fields, numeric
bounds, boolean parameters, sorting conventions,
and currency/units into P , and replace redundant
tool-local descriptions with short pointers to these
shared rules. This reduces duplicated and poten-
tially inconsistent schema text, while preserving
tool-specific fields, exceptions, and disambigua-
tion cues locally without merging or aliasing tools,
which is important for real-world production sys-
tems; further details and examples are provided in
Figures 9 and 10.

- Empirical evaluation under realistic con-
straints. We benchmark JTPRO in both single-
and multi-tool environments with variable argu-
ment structures, reporting Tool Selection Accuracy,
Slot Filling Accuracy (conditional on tool correct-
ness), and Overall Success Rate. JTPRO demon-
strates clear gains over strong baselines (such as
baseline CoT, GEPA, and MIPRO) and further en-
hances retrieval-based pipelines by improving both
retrieval and downstream slot filling.

2 Related Work

Tool-use learning spans (i) tuning-based adaptation,
(ii) tuning-free prompting and documentation re-
finement, (iii) retrieval-based tool selection, and
(iv) prompt/context optimization. Most methods
improve either the global prompt or tool specifi-
cations, but rarely their joint co-adaptation under

large, evolving tool inventories.

Tuning-based tool learning. Model-tuning
methods learn tool use by updating parameters or
adding trainable modules from tool traces or pref-
erence/reward signals, including supervised fine-
tuning (Qin et al., 2024), (Liu et al., 2025), con-
trastive objectives (Wu et al., 2024a), reinforce-
ment learning (Feng et al., 2025; Qian et al., 2025),
and tool-token embedding extensions (Alazraki and
Rei, 2025). While effective, these methods require
retraining as the underlying tools/schemas evolve.

Tuning-free prompting and documentation
refinement. Prompting approaches like CoT and
ReAct and agentic planners like RestGPT (Song
et al., 2023) and HuggingGPT (Shen et al., 2023)
elicit multi-step reasoning without weight updates,
but usually treat instructions and tool schemas as
static. DRAFT (Qu et al., 2025) improves per-
tool documentation via trial-and-error, yet does not
optimize global instruction policies or multi-tool
interactions mediated by shared prompt rules.

Retriever-based tool selection. Retriever-based
pipelines filter candidates via lexical/dense retrieval
and specialized rerankers e.g., CRAFT (Yuan et al.,
2024), ToolRerank (Zheng et al., 2024), COLT (Qu
et al., 2024), improving scalability but not resolv-
ing argument/format errors when slot semantics are
unclear. Iterative retrieval refinement with agent
feedback (Xu et al., 2024; Agarwal et al., 2025;
Pattnayak et al., 2025) reduces retriever–agent mis-
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Figure 4: JTPRO optimization loop (block-diagram view). JTPRO maintains a pool of candidate contexts (global
instructions P and tool schemas {Ti}) and repeatedly (i) selects a candidate via Pareto-based sampling, (ii) runs
minibatch rollouts on Dtr to compute tool-use metrics (TSA, SFA, OSR) and aggregate error feedback, and (iii)
proposes localized edits to both P and the implicated tool schemas. The edited instructions are merged with the
current global-best (P ⋆, {T ⋆

i }), followed by optional globalization of repetitive slot semantics to avoid duplicated
cross-tool parameter rules. Candidates that improve minibatch performance are validated on Dval; improved
candidates are added back to the pool, and the global best (P ⋆, {T ⋆

i }) is updated when a new highest validation
score is observed.

match, but typically leaves the agent’s instruction
layer largely unchanged.

Tool-using agents, tool construction, and
prompt optimization. Toolformer (Schick et al.,
2023), ReAct (Yao et al., 2023b), and ReWOO
(Xu et al., 2023) integrate tool calls into reasoning
traces; DSPy (Khattab et al., 2024) and AutoPDL
(Spiess et al., 2025) support declarative tool pro-
grams but assume static prompts/schemas. Other
work constructs tools (TOOLMAKER (Wölflein
et al., 2025)), optimizes tool-use prompts (AvaTaR
(Wu et al., 2024c)), calibrates tool use (CITI (Hao
et al., 2025), PROBECAL (Liu et al., 2024)), or im-
proves tool policies via SFT/RL (Sullivan et al.,
2025). Separately, self-refinement and prompt
optimization (Madaan et al., 2023; Shin et al.,
2020; Lester et al., 2021; Pryzant et al., 2023; Yuk-
sekgonul et al., 2025; Singh et al., 2026; Zheng
et al., 2026) and evolutionary search EvoPrompt
(Guo et al., 2024) automate instruction improve-
ment; MIPRO (Opsahl-Ong et al., 2024) optimizes
module prompts and demonstrations, while GEPA
(Agrawal et al., 2025) uses reflection over trajec-
tories with Pareto selection, and AVATAR (Wu
et al., 2024c) applies contrastive feedback. Dy-
namic Cheatsheet (Suzgun et al., 2025) and ACE
(Zhang et al., 2025) motivate maintaining an evolv-

ing, curated context, but focus on strategy/memory
rather than tool/argument schema co-adaptation.

Reflective textual feedback for prompt/text
optimization. Recent work moves beyond scalar
rewards (e.g., accuracy) by using rich textual cri-
tiques as the optimization signal, treating LLMs
as optimizers that make targeted, gradient-like ed-
its in text space. Maestro (Wang et al., 2025)
places prompt optimization in a broader system
loop, jointly updating agent graphs and configu-
rations (including prompts) from reflective feed-
back over execution traces such as constraint vi-
olations and looping, improving reliability and
sample efficiency. Feedback Descent (Lee et al.,
2025) extends this view to an open-ended frame-
work that uses pairwise comparisons, textual ra-
tionales, and accumulated feedback to iteratively
revise prompts and other text artifacts. These ap-
proaches are complementary to tool-use settings:
they show the value of structured, interpretable
feedback for inference-time refinement, but do not
directly address joint co-adaptation of global in-
struction policies and per-tool argument/schema
descriptions in large tool inventories.

Distinction. In contrast to prior work that op-
timizes prompts or tool documentation separately,
JTPRO jointly updates global instructions P and
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per-tool tool/argument schema descriptions {Ti}
using rollout-driven reflection, targeting call-level
correctness (tool, slots, values) without model fine-
tuning. JTPRO also reduces redundancy by ab-
stracting shared slot conventions globally while
preserving tool-specific details locally, leading to
improved results in retrieval-based pipelines.

3 Problem Statement

We consider an LLM agent with access to a set of
N external tools (APIs/functions) {T1, . . . , TN}.
Each tool Ti is specified by a schema/documenta-
tion entry describing its functionality and expected
parameters (slots). Given a user query Q, the agent
must produce an answer A, potentially by issuing
one or more tool calls with structured arguments.
The agent is guided by a global instruction prompt
P and the collection of tool schemas {Ti}Ni=1.

For a query Q, the LLM is invoked with context

C(P, T,Q) = P
∣∣ T1

∣∣ · · ·
∣∣ TN

∣∣ Q, (1)

and produces a tool-call trace τ̂ = τ̂(P, T,Q).
Our objective is to optimize the textual content

of P and {Ti} to maximize tool-use performance
without model fine-tuning. Because tool identi-
ties and interfaces are typically fixed in production,
we do not merge or alias tools. Instead, we allow
edits to P and each Ti, and we globalize recur-
ring slot conventions (e.g., date/time formats, in-
clusive/exclusive bounds, currency/units) by lifting
duplicated per-tool guidance into P .

We evaluate call-level correctness: correct tool
selection and correct slot/value instantiation, sum-
marized by Tool Selection Accuracy, Slot Filling
Accuracy (conditional on correct tool), and Over-
all Success Rate (correct tool + correct slots + cor-
rect values). This emphasis matches deployments
where executing tools and validating response-level
correctness may be infeasible due to security, ac-
cess control, rate limits, or non-deterministic back-
ends.

Given a dataset D = {(Qj , τj)}Mj=1 with gold
traces τ , we optimize only two variables the global
instructions P and tool descriptions T to maximize
expected call-level correctness:

(P ⋆, T ⋆) = argmin
P,T

E(Q,τ)∼D
[
L
(
τ̂(P, T,Q), τ)

]
.

(2)
The loss function can be defined using tool se-

lection, slot filling, and overall success:

L(τ̂ , τ) = λTSA (1− I[t̂ = t])

+λSFA I[t̂ = t]
(
1− Rec(â, a)

)

+λOSR

(
1− I[t̂ = t ∧ â = a]

)
,

(3)

where t̂ and t are the predicted and gold tool iden-
tifiers, I[·] is the indicator function, â and a are the
predicted and gold argument structures, Rec(â, a)
are slot/value recall conditional on t̂ = t, and
λTSA, λSFA, λOSR are nonnegative loss weights.

4 Technique

We present Joint Tool–Prompt Reflective Opti-
mization (JTPRO), a weight-free, context-level
optimizer that iteratively updates (i) global agent
instructions P and (ii) per-tool schemas {Ti}Ni=1

from labeled tool-call traces. Algorithm 1 summa-
rizes the loop.

Setup and objective For each query q, the agent
runs under C(q) = P |T1 | · · · |TN | q and pro-
duces a predicted trace τ̂ . Given gold traces τ⋆,
JTPRO edits P and {Ti} to improve TSA, SFA
(conditional on correct tool), and OSR (correct tool
+ correct slots + correct values).

Candidate selection (Pareto) JTPRO maintains
a pool C of candidate contexts and uses GEPA-style
Pareto selection: retain candidates that achieve the
best score on at least one training instance, prune
strictly dominated candidates, then sample a start-
ing candidate with probability biased toward those
that win on more instances.

Rollouts, diagnostics, and localized edits On
a minibatch B ⊂ Dtr, we compute rollout met-
rics and extract structured failure signals F via
DIAGNOSE(τ̂ , τ⋆) (e.g., tool confusions, missing
required slots, formatting/value violations). A re-
flector proposes targeted edits (∆P, {∆Ti}) ←
PROPOSEEDITS(F , P o, {T o

i }), which are applied
to produce a draft context P d and {T d

i }. Edits are
localized to the implicated global rules and tool/slot
descriptions.

Merge-with-best for incremental tool adap-
tation JTPRO tracks a validation-best context
C⋆ = (P ⋆, {T ⋆

i }). After editing, we merge
P d with P ⋆ using MERGE(P d, P ⋆) to form P ′,
and MERGE(T d, T ⋆) to form T ′, implement-
ing a “growing playbook” that preserves cross-
cutting rules while adding new, rollout-driven guid-
ance. This accumulation also supports incremental
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Algorithm 1: JTPRO: Reflective Schema–
Instruction Co-Optimization with Slot-
Semantics Globalization

Input: initial global instructions P (0), initial tool
schemas {T (0)

i }Ni=1, labeled training set
Dtr = {(q, τ⋆)}, labeled validation set Dval, max
iterations I , batch size B

Output: optimized global instructions P ⋆, optimized
tool schemas {T ⋆

i }Ni=1

Initialize P ← P (0) and Ti ← T
(0)
i for all

i ∈ {1, . . . , N}
Initialize best context C⋆ ← (P, {Ti}Ni=1) and best

validation score s⋆ ← −∞
Initialize pool C ← {(P, {Ti}Ni=1)} // candidate
contexts

for t← 1 to I do // main optimization loop
Sample a minibatch B ⊂ Dtr of size B

(P o, {T o
i }Ni=1)← PARETOSELECT(C)

soB ← SCORE((P o, {T o
i }Ni=1),B)

Initialize aggregated feedback F ← ∅
foreach (q, τ⋆) ∈ B do

Construct context
C(q)← P o |T o

1 | · · · |T o
N | q

Run agent to obtain predicted trace
τ̂ ← AGENT(C(q))

Compute rollout metrics
(TSA, SFA, OSR)← EVAL(τ̂ , τ⋆)

Extract error signals
f ← DIAGNOSE(τ̂ , τ⋆)
F ← F ∪ {f}

(∆P, {∆Ti}Ni=1)←
PROPOSEEDITS(F , P o, {T o

i }Ni=1)

P d ← APPLY(P o,∆P )

T d
i ← APPLY(T o

i ,∆Ti) for all i ∈ {1, . . . , N}
P ′ ← MERGE(P d, P ⋆)

T ′
i ← MERGE(T d

i , T
⋆
i ) for all i ∈ {1, . . . , N}

(P ′′, {T ′′
i }Ni=1)←

GLOBALIZESLOTS(P ′, {T ′
i}Ni=1)

s′′B ← SCORE((P ′′, {T ′′
i }Ni=1),B)

if s′′B > soB then
s′′val ← SCORE((P ′′, {T ′′

i }Ni=1),Dval)
if s′′val ≥ s⋆ then
C ←

ADDTOPOOL(C, (P ′′, {T ′′
i }Ni=1),K)

if s′′val > s⋆ then
C⋆ ← (P ′′, {T ′′

i }Ni=1)

(P ⋆, {T ⋆
i }Ni=1)←

(P ′′, {T ′′
i }Ni=1)

s⋆ ← s′′val

return C⋆ as (P ⋆, {T ⋆
i }Ni=1)

toolset expansion: when new Ti are appended, sta-
ble global conventions remain intact and new tool-
triggered rules are integrated without re-optimizing
from scratch.

Globalizing repetitive slot semantics To reduce
duplicated schema text, JTPRO applies GLOBAL-
IZESLOTS(P ′, {T ′

i}) 7→ (P ′′, {T ′′
i }), which iden-

tifies recurring cross-tool slot conventions and
lifts them into named rules in P ′′ while replac-
ing redundant tool-local descriptions with short
pointers to those rules. Figure 9 motivates this
step: in ETID, a small number of slot fami-
lies, especially identifiers and date/time fields,
but also numeric bounds, boolean flags, sort-
ing parameters, and currency/unit fields—recur
across many tools (up to 77/124), producing
substantial repetition in per-tool schemas. Fig-
ure 10 illustrates the resulting two-level organi-
zation: shared fields such as startDate, endDate,
rangeMinimum, rangeMaximum, and their inclusive
flags point to global rules (e.g., DateTime Fields,
Numeric Bounds, and Boolean Parameters), while
tool-specific fields and local overrides remain in
T ′′
i . This improves slot filling by enforcing con-

sistent semantics across tools, reducing duplicated
and potentially conflicting wording, and preserv-
ing schema space for tool-specific exceptions and
disambiguation rules.

Acceptance and pool update We score
(P ′′, {T ′′

i }) on B and, if improved, evaluate
on Dval. Improved candidates are added to C
(bounded size K), and if a candidate is best on
validation we update C⋆ accordingly.

Summary JTPRO combines Pareto-selected can-
didate search, reflection-driven localized edits to P
and {Ti}, and globalization of shared slot seman-
tics to improve both tool selection and argument
correctness in large tool inventories.

5 Datasets and Evaluation

5.1 Datasets

We evaluate JTPRO on three complementary bench-
marks that stress different failure modes in tool-
using agents: (i) complex, domain-specific slot
filling with a moderate tool inventory, (ii) tool se-
lection under toolset scaling, and (iii) a multi-tool
calling setting where a single query may require
invoking multiple tools in parallel and correctly
instantiating arguments at each step. Our bench-
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mark choices are matched to JTPRO’s core set-
ting: reusable tool schemas and stable train/val-
idation/test distributions that permit transferable
prompt and schema refinement, particularly in large
tool inventories where tool selection and schema-
constrained argument filling are the dominant bot-
tlenecks. We discuss benchmark suitability, includ-
ing the omission of other popular datasets, as well
as the current scope of our evaluation with respect
to sequential tool dependencies, in Appendix C.1.

Enterprise Tool-Inventory Dataset (ETID).
ETID is a domain-specific tool-calling dataset de-
signed to evaluate argument correctness under com-
plex, enterprise-style schemas. It contains 124
tools with an average of 3.4 parameters per tool
(maximum 12) and approximately 13 labeled ex-
amples per tool (minimum 10). We evaluate both
an all-tools setting and value-stream subsets. To
study data efficiency, we use intent-aligned regimes
Train-Nex, where each tool contributes N train-
ing and N validation examples (for a total of
124 × N examples per split), and report results
for Train-1ex, Train-2ex, and Train-4ex. The
test set is fixed at 404 queries. More details on
dataset construction are provided in Section B and
in the project repository2.

ToolACE (tool scaling). ToolACE evaluates per-
formance degradation as the tool universe expands.
We use fixed splits (Train = 199, Validation = 76,
Test = 121) and augment the tool inventory to cre-
ate ToolACE-300/500/750/1000 variants.

SEAL-Tools (parallel multi-tool calling).
SEAL-Tools (Wu et al., 2024b) benchmarks
parallel multi-tool calling across diverse domains.
We use a curated multiple-overlap subset with
1,138 tools and 2,743 arguments, split into Train
= 600, Validation = 100, Test = 100. Each query
requires 3.2 parallel tool calls on average (typically
3), with 5.8 arguments filled per query, stressing
joint multi-tool selection and argument filling.

We use a curated multiple-overlap subset
with 1,138 tools and 2,743 arguments. The split
is Train = 600, Validation = 100, and Test = 100
examples. Each query requires an average of 3.2
parallel tool calls (77% require exactly 3 tools) and
5.8 filled arguments. Tool overlap across splits en-
sures evaluation tools are seen during training. This
setting isolates the challenge of joint tool selection
and slot filling at scale.

2www.sites.google.com/view/jtpro-etid/home

Dataset #Tools Total Args Required Args

Avg Max Avg Max

ETID 124 3.4 12 0.81 6

ToolACE-300 336 2.05 14 1.20 6
ToolACE-500 536 2.14 17 1.20 7
ToolACE-750 786 2.17 23 1.21 7
ToolACE-1000 1036 2.10 23 1.21 7

SEAL-Tools 1138 2.41 8 1.60 5

Table 1: Dataset statistics. “#Tools” denotes the size of
the tool universe available at inference time. “Total Args”
counts all schema parameters per tool, and “Required
Args” counts mandatory parameters.

5.2 Evaluation Metrics

Following prior tool-use evaluations, we measure
call-level correctness rather than answer accuracy.
Specifically, we report:

• Tool Selection Accuracy (TSA): fraction of
queries for which the agent chose the correct
tool(s) required (including choosing none if
no tool needed).

• Slot Filling Accuracy (SFA): recall of correct
slot/value assignments conditional on correct
tool selection.

• Overall Success Rate (OSR): (correct tool +
correct slots + correct values).

This evaluation reflects practical deployments
where executing the true tool backend may be in-
feasible (e.g., security constraints, access controls,
rate limits, or non-deterministic systems), so cor-
rectness must be assessed at the tool-call level.

6 Results and Analysis

6.1 ToolACE: Scaling the Tool Universe

Table 2 reports Tool Selection Accuracy (TSA),
Slot Filling Accuracy (SFA; conditional on correct
tool), and Overall Success Rate (OSR; correct tool
+ correct slots + correct values) for ToolACE with
500 and 1000 tools.

As the tool inventory grows, baseline perfor-
mance drops primarily in TSA, which cascades to
lower OSR even when SFA remains high. GEPA
improves TSA in most settings, but gains in OSR
are limited because failures often stem from tool-
specific disambiguation and argument constraints
that global instruction refinement alone cannot re-
solve.

40579
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Model #Tools
TSA (%) SFA (%) ↑ | TSA OSR (%)

Base GEPA JTPRO Base GEPA JTPRO Base GEPA JTPRO

GPT-4o mini 500 63.832 73.33 75.25 86.996 85.27 88.12 60.00 61.98 69.42
GPT-4o mini 1000 61.115 73.39 75.13 86.67 83.36 83.59 58.18 60.33 63.64

o3-mini 500 70.78 73.33 76.19 84.994 85.27 88.52 59.454 61.98 65.29
o3-mini 1000 58.916 70.11 71.48 85.036 86.59 87.46 51.272 58.68 64.46

GPT-5 500 73.02 77.17 82.28 84.785 85.75 90.00 62.73 66.12 74.38
GPT-5 1000 67.658 75.13 78.72 87.35 86.40 89.26 62.366 67.77 73.55

Table 2: ToolACE results under tool-universe scaling (500 vs. 1000 tools). JTPRO achieves the strongest
end-to-end performance (OSR) by jointly improving tool selection (TSA) and argument correctness (SFA), with
the largest gains appearing in the 1000-tool regime where tool confusions are most frequent.

JTPRO consistently achieves the highest TSA
and OSR across all models and tool counts. Gains
are especially pronounced in the 1000-tool setting
(e.g., +13.2 OSR points for o3-mini over baseline).
While SFA is already strong, JTPRO further boosts
end-to-end success by reducing tool confusions and
encoding missing slot/value conventions. These re-
sults show that, on ToolACE, OSR improvements
are primarily driven by better tool selection, empha-
sizing that accurate TSA is critical for downstream
argument correctness.

6.2 ETID: Complex Slot Filling with
Moderate Tool Counts

We evaluate on the Enterprise Tool-Inventory
Dataset (ETID), which features complex multi-
argument schemas (avg. 3.4 parameters/intent; max
12) and measures correctness at the call level (tool
+ slots + values). Table 3 reports results under
low-supervision regimes (Train-1/2/4 examples per
intent; fixed test set of 404 queries).

Two trends stand out. First, slot/value correct-
ness is the main bottleneck. Baseline TSA is high
(85–94%), yet OSR remains much lower, showing
that SFA errors dominate once the correct tool is
chosen. JTPRO addresses this directly, improving
SFA and boosting OSR—e.g., for GPT-4o mini,
OSR rises from 44.8→60.15 (+15.35) in Train-1ex
and 46.53→66.83 (+20.30) in Train-4ex, despite
similar TSA.

Second, JTPRO delivers robust gains across
models and training regimes. For gpto3-mini,
OSR improves over both baseline and GEPA in
all regimes, with larger gains as supervision in-
creases (Train-4ex: 67.33→82.67). For GPT-5,
GEPA raises TSA, but JTPRO achieves the high-
est OSR by combining strong tool selection with

higher SFA (Train-2ex: SFA 92.77, OSR 85.64).
Overall, ETID shows that optimizing tool selection
alone is insufficient; joint refinement of instructions
and tool/slot descriptions is necessary to convert
high TSA into end-to-end success.

6.3 SEAL-Tools: Multi-Tool Calling

We evaluate on the SEAL-Tools multi-tool sub-
set, which contains 1,138 tools and requires an
average of 3.2 parallel tool calls per query. This
makes both tool disambiguation and argument in-
stantiation challenging, since success depends on
selecting the correct tools and correctly filling their
arguments across multiple calls.

Table 4 shows that JTPRO consistently improves
SFA and OSR across all three models, while keep-
ing TSA stable or slightly improving it. For GPT-
4o, TSA changes only slightly from 81.0 to 82.3,
while SFA rises from 40.4 to 53.51 and OSR from
23.0 to 27.5. For o3-mini, TSA improves from
82.2 to 83.9, with SFA increasing from 52.3 to
60.1 and OSR from 26.3 to 30.1. For GPT-5, TSA
increases from 84.5 to 86.5, alongside gains in SFA
from 56.3 to 65.2 and OSR from 28.8 to 33.6.

Overall, the results reinforce our central finding:
in large, schema-rich multi-tool settings, improving
tool selection alone is not enough. Joint refinement
of agent instructions and per-tool schema descrip-
tions is needed to translate strong TSA into better
end-to-end success.

6.4 Instance-Level Slot Corrections and Tool
Disambiguation

JTPRO improves slot/value instantiation at the ex-
ample level while also making semantically similar
tools easier to distinguish. Figure 12 shows that
for GPT-5 on ToolACE-500, JTPRO corrects pre-
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Model Train
TSA (%) SFA (%) ↑ | TSA OSR (%)

Base GEPA JTPRO Base GEPA JTPRO Base GEPA JTPRO

GPT-4o mini Train-1ex 85.91 86.23 83.14 69.81 78.71 82.72 44.80 50.19 60.15
GPT-4o mini Train-2ex 86.36 85.32 88.27 70.90 77.12 83.37 45.79 52.7 65.10
GPT-4o mini Train-4ex 86.96 88.38 87.18 70.09 74.93 85.16 46.53 54.34 66.83

o3-mini Train-1ex 94.00 95.08 95.78 80.48 83.73 89.77 68.81 75.00 79.46
o3-mini Train-2ex 94.15 94.40 95.40 80.20 85.30 90.01 67.33 73.02 79.70
o3-mini Train-4ex 94.41 94.90 95.95 79.60 87.455 90.98 67.325 77.725 82.67

GPT-5 Train-1ex 94.06 97.27 95.76 82.45 90.21 92.15 68.81 80.20 84.65
GPT-5 Train-2ex 94.03 97.91 95.80 83.90 89.89 92.77 71.53 79.18 85.64
GPT-5 Train-4ex 94.16 98.47 96.81 83.29 88.80 92.30 70.54 80.69 85.15

Table 3: ETID results under low-supervision training regimes. JTPRO yields the most consistent OSR
improvements, indicating that improved argument semantics are crucial for complex enterprise schemas.

Model
TSA (%) SFA (%) ↑ | TSA OSR (%)

Base GEPA JTPRO Base GEPA JTPRO Base GEPA JTPRO

GPT-4o 81 82.11 82.3 40.4 43.51 53.51 23 24.51 27.5

o3-mini 82.2 82.1 83.9 52.3 56.9 60.1 26.3 27.5 30.1

GPT-5 84.5 85.2 86.5 56.3 61.3 65.2 28.8 31.1 33.6

Table 4: SEAL-Tools results (multi-tool calling). JTPRO consistently improves SFA and OSR across all models,
while keeping TSA stable or slightly improved.

viously incorrect slot/value assignments on 26 of
121 test examples (21.48%), while on ETID (Fig-
ure 13) it improves slot correctness on 94 of 403
examples (23.33%). Because these gains are dis-
tributed across many test instances, they indicate
that JTPRO’s improvements are broad rather than
driven by a small number of outliers.

Another key reason of these gains is improved
tool description disambiguation. On ToolACE-500,
JTPRO updated 11% of tool descriptions (55/500)
with explicit cues that better separate confusable
tools. We quantify this effect using intra-group
cosine similarity across 37 groups of semantically
similar tools; the group with the largest improve-
ment reduced similarity from 0.668 to 0.502 (-
16.6%), indicating clearer differentiation.

7 Conclusion

We presented Joint Tool–Prompt Reflective Op-
timization (JTPRO), a weight-free reflective con-
text optimization framework for improving tool-
calling reliability in trace-supervised settings by
jointly refining global agent instructions and per-
tool schema/argument descriptions from rollout-

driven feedback. JTPRO targets the two domi-
nant failure modes in large, domain-specific tool
inventories: tool mis-selection and argument mis-
instantiation. The method uses reflective diagnos-
tics to produce localized edits, maintains a candi-
date pool with Pareto-style selection to preserve
diverse effective behaviors, and prevents context
bloat by globalizing recurring slot semantics into
the instruction layer while retaining tool-specific
disambiguation cues in local schemas. Across
ToolACE tool-scaling experiments, ETID enter-
prise slot-filling tasks, and SEAL-Tools multi-tool
calling, JTPRO improves tool selection, slot filling,
and overall success relative to strong baselines in-
cluding reflective prompt optimizers (e.g., GEPA),
highlighting that accurate argument semantics are
necessary to translate high tool selection accuracy
into end-to-end tool-use success. Overall, these
results position JTPRO as a practical reflective op-
timization approach for jointly adapting multiple
agent operating components, global instructions
and tool schemas, to improve reliable tool invoca-
tion under evolving tool inventories without model
fine-tuning.
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Limitations

Our study has limitations that motivate future work.
First, our experimental scope is centered on trace-
supervised tool-calling reliability. We evaluate (i)
single-tool, single-slot/value cases and (ii) multi-
tool parallel calling with single-slot/value instan-
tiation; we do not evaluate sequential multi-tool
workflows that require multi-step dependencies, in-
termediate state, or long-horizon planning (e.g.,
tool chains where earlier outputs condition later
calls). Extending JTPRO to such settings will re-
quire modeling stepwise credit assignment across
tool sequences and validating robustness under
longer rollouts.

Second, while ETID captures complex multi-
argument schemas, our current evaluation does
not systematically stress deeply nested argument
structures (e.g., multi-layer JSON objects, lists-of-
objects with constraints, or schema-dependent com-
position rules) at scale; future benchmarks should
include nested-slot correctness and structure-aware
metrics beyond scalar slot/value matching.

Third, our evaluation focuses on call-level cor-
rectness (tool, slots, values) in trace-supervised
settings rather than executing tools and verifying
response-level correctness; when tool execution
is available, future experiments should extend JT-
PRO to end-to-end evaluation that includes tool
responses and downstream post-processing logic
(e.g., response parsing, aggregation, and business-
rule enforcement), since these components can in-
troduce additional failure modes beyond argument
correctness.

Fourth, ETID is currently not publicly released,
which limits external reproducibility and bench-
marking by the community.

Finally, our empirical study is limited to 3 bench-
marks; future work should broaden coverage to
additional public and proprietary tool-use datasets
spanning more domains, tool granularity, and inter-
action styles, to better characterize generalization
under diverse tool inventories and schema conven-
tions.
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A Method prompts and details

A.1 Update Global Instructions and Tool
Revisions Prompt

Prompt Template: Propose Updated
Global Instructions and Tool Revisions (JT-
PRO Reflector)

Goal: produce clean, minimal updates to the global
instructions and only the tools that require revision,
based on the feedback trace.

Task. Update the global instructions and tool descrip-
tions using the feedback on the current context.

Current Global Instructions
<curr_instructions>

Current Tool Definitions (Full List)
<tools_list_to_update>

Objective. Produce:

• global_instructions: updated system-level
guidance.

• example_specific_instructions: batch-
specific guidance to append to prior exam-
ples/hints.

• tool_revisions: only the tools you modified
(not the entire tool list).

Feedback Trace
<dataset_with_feedback>
For each example, the feedback indicates whether the
model:

• failed to call a tool that should have been called,
or

• called the wrong tool instead of the correct one,
or

• selected the correct tool but produced incorrect
action_inputs (missing/wrong parameters), or

• selected the correct parameters but assigned incor-
rect slot names/values (formatting/value errors).

Instructions Revision Rules (Important)

• The instructions may already contain prior revi-
sions and examples.

• Always preserve previously incorporated
example_specific_instructions and
example hints; do not alter them.

• Modify existing
example_specific_instructions only
if there is a direct conflict with the current
feedback.

• Add new guidance as bullet points
appended to the existing list under
example_specific_instructions.

Tool Revision Rules (Important)

• If an answer is marked wrong, check two cases:
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– Case 1 (Model error): If a tool-selection
error occurred (a tool should have been cho-
sen but was not, or was chosen but should
not have been), you must revise the relevant
tool description(s) to make correct usage
clearer. Otherwise, you may leave the tool
unchanged.

– Case 2 (Documentation/data issue): Tool
documentation may be ambiguous or in-
complete, and ground-truth traces may con-
tain incorrect tool arguments or values. If
you detect such issues, revise the tool doc-
umentation to remove ambiguity so future
runs avoid the same failure.

• Return only the tools you modified from the pro-
vided tool list.

Output Format (Strict)

• Return a single JSON object immediately after
the literal text Answer:

• Do not add any extra text before or after the
JSON.

Required JSON Schema

{
"global_instructions": "UPDATED
GLOBAL INSTRUCTIONS HERE",
"example_specific_instructions":
"UPDATED INSTRUCTIONS AS PER THE
CURRENT BATCH",
"tool_revisions": [
{
"name": "<tool1_name>",
"description":
"<tool1_description>",
"parameters": {
"type": "dict",
"properties": {
"<property1>":
{"description": "<updated
tool1_property1_description>",
"type": "<property1_type; same as
original>"},
"<property2>":
{"description": "<updated
tool1_property2_description>",
"type": "<property2_type; same as
original>"}
},
"required": ["<property1;
required parameters; identical to
original>"]
},
"required": null
}
]
}

Final constraint: Answer: must be followed by only
the JSON object.

Figure 5: JTPRO reflector prompt for proposing new
global instructions and tool candidates. The reflector
updates system-level guidance and selectively revises
only the implicated tools/slots based on rollout feed-
back, while preserving prior batch-specific examples
and enforcing a strict JSON-only output format.

Prompt Template: Merge Draft In-
structions with the Global Best (Merge-
WithBest)

Role. You are the instruction merger in agent. Your job
is to combine a draft update with the current best global
instructions into a single improved instruction prompt.

Inputs

• Global best instructions (P ⋆):
<best_global_instructions>

• Draft instructions from current rollout (P d):
<draft_global_instructions>

• (Optional) Newly added tools since P ⋆:
<new_tools_summary>
(Names + 1–2 lines per tool describing the new
capability.)

Objective. Produce merged instructions P ′ that:

• preserve stable, broadly useful guidance from P ⋆

(the “growing playbook”),

• incorporate new and validated guidance from P d

additively,

• remain concise and non-redundant (avoid restat-
ing the same rule twice),

• support incremental toolset growth: keep cross-
cutting rules stable while adding any new decision
rules introduced by newly appended tools.

Merge Rules (Strict)

• Do not overwrite: never delete a rule from P ⋆

unless P d provides a clearly conflicting correc-
tion.

• Prefer generalization: if P d adds a rule that
generalizes an existing one, keep the generalized
version and remove the narrower duplicate.

• Resolve conflicts explicitly: if a draft rule con-
tradicts an existing rule, keep the version that is
more precise and operational (clear triggers, clear
expected behavior), and remove the other.

• Tool-growth compatibility: if a draft rule is spe-
cific to a newly added tool, include it only if it
can be stated as a general decision rule (when-to-
use / how-to-fill), otherwise keep it minimal and
non-invasive.

• No tool merging: do not rename, alias, or merge
tools; only adjust global instruction text.

Output Format (Strict)

• Return only the merged global instructions P ′ as
plain text.

• No JSON. No commentary. No additional sec-
tions.
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Figure 6: MergeWithBest prompt. The merger com-
poses rollout-specific draft instructions P d with the
current global best P ⋆ to form P ′, preserving stable
cross-cutting guidance while integrating validated new
rules. This “growing playbook” mechanism supports
incremental toolset expansion by keeping existing con-
ventions stable and appending new decision rules when
new tools are introduced.

Prompt Template: Slot-Semantics Global-
ization (Two-Level Context Editing)

Role. You are a context editor for a tool-using
LLM agent. You may revise (i) Global In-
structions P and (ii) per-tool schemas {Ti}
(tool and argument descriptions).
Objective. Reduce repeated slot/argument
guidance across tools while preserving tool-
specific distinctions needed for correct tool
selection and slot filling.

Step 1: Scan for repeated slot seman-
tics. Read each tool schema Ti and its ar-
gument descriptions carefully. Identify re-
curring slot conventions that appear across
many tools, such as: date/time windows,
identifier formatting, numeric bounds (inclu-
sive/exclusive), units/currency normalization,
boolean/defaulting rules, pagination parame-
ters, and sorting conventions.

Step 2: Globalize shared rules. For each
repeated convention, write a single, canoni-
cal rule in the Global Instructions P that: (a)
states the default interpretation and formatting
requirements, and (b) specifies when to apply
default values versus using user-provided con-
straints. The global rule should be phrased
generically so it applies to any tool that con-
tains the relevant slot(s).

Step 3: Keep exceptions local. Do not
merge, alias, or rename tools. For each tool
schema Ti:

• Remove redundant restatements of glob-
alized rules and replace them with a short
pointer (e.g., “See Global Instructions:
[Rule Name]” ).

• If a tool requires different semantics
(e.g., a different date format, special
rounding, a stricter constraint), keep that
information locally in Ti and explicitly

mark it as an override of the global rule.

Constraints.

• Do not change tool interfaces: do not
add/remove arguments or invent fields.

• Prefer minimal, high-impact edits: glob-
alize only clearly repetitive conventions;
keep tool-unique decision rules and edge
cases local.

Output.

• An updated Global Instructions block to
append to P (named rules + concise def-
initions).

• Updated schemas for only the tools you
modified (short pointers + explicit over-
rides).

B Enterprise Tool-Inventory Dataset
(ETID): Synthesis Methodology

Design objective. ETID can be synthesized as a
privacy-preserving benchmark for tool use in real-
istic enterprise settings, where agents must operate
over a large catalog of domain-specific tools with
heterogeneous schemas, overlapping capabilities,
and multi-argument interfaces. Rather than relying
on proprietary traces, the dataset can be constructed
from an abstracted enterprise tool inventory that
preserves only the structural properties needed for
evaluation: tool granularity, schema complexity,
required/optional argument patterns, and regions
of semantic overlap.

Constructing an enterprise-style tool inventory.
A practical synthesis recipe begins by assembling
tools from multiple enterprise workflows, for exam-
ple, search, analytics, reporting, inventory, finance,
support, scheduling, and operations. Each tool is
represented by a name, a concise description, and a
typed parameter schema. The inventory should be
synthesized to exhibit a realistic argument distribu-
tion, with many tools requiring only a small number
of fields and a meaningful long tail of more com-
plex schemas. To preserve realistic routing failures,
semantically adjacent tools should remain distinct
rather than being merged or aliased; instead, they
should differ in scope, triggering conditions, or
argument constraints so that tool disambiguation
remains a central challenge.
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Injecting overlapping field semantics. To repro-
duce the schema redundancy typical of enterprise
tool stacks, the synthesis process should explic-
itly reuse recurring slot families across many tools.
As discussed in the global slot-semantics analysis,
these families include identifier fields, date/time
windows, numeric bounds, boolean flags, sorting
controls, and currency/unit parameters. One ef-
fective procedure is to define a library of canon-
ical slot families and instantiate them repeatedly
across tools with minor naming variation and tool-
specific overrides. For example, many tools may
expose fields analogous to startDate, endDate,
rangeMinimum, rangeMaximum, and associated in-
clusivity flags, while retaining local fields such as
item names, location names, account identifiers, or
business-specific selectors. This creates the heavy-
tailed overlap pattern that motivates globalizing
shared semantics while keeping tool-specific ex-
ceptions local.

Generating user requests and gold traces.
Given the synthesized inventory, natural-language
requests can be generated by sampling intents per
tool and paraphrasing them across diverse linguis-
tic forms. To make the benchmark challenging, the
generator should include (i) direct requests, (ii) am-
biguous requests that could plausibly match mul-
tiple nearby tools, and (iii) requests that require
normalization of dates, identifiers, numeric ranges,
booleans, or units. Gold traces are then constructed
as structured tool calls with the correct tool and
fully specified arguments, including canonical for-
matting and defaulting rules for recurring slot fam-
ilies.

Privacy and validation. Because the benchmark
is synthetic, all values can be produced from con-
trolled non-sensitive templates or vocabularies,
with explicit exclusion of personally identifiable
information (PII), proprietary identifiers, and real
customer artifacts. A final validation stage should
verify schema consistency, argument-type correct-
ness, intended ambiguity among overlapping tools,
and coverage across train, validation, and test splits.
Low-shot regimes can then be created by allocating
a small number of labeled examples per tool while
maintaining broad tool coverage in evaluation.

C Experimental Setup

C.1 Benchmark Suitability and Scope of
Evaluation

Our benchmark selection is guided by the core de-
sign assumption of JTPRO: prompt and schema
refinements should be learned over a reusable tool
set with stable schema semantics, so that improve-
ments transfer across train, validation, and test
splits rather than overfitting to individual instances.
This makes benchmarks with persistent tools and
large schema-rich tool inventories especially suit-
able for evaluating our method.

Why we do not use BFCL. BFCL defines tools
on a per-instance basis rather than as a single con-
sistent tool inventory. In practice, we observed
cases where the same tool name appears with dif-
ferent parameter definitions across examples. This
makes it difficult to construct the stable, reusable
tool universe required by JTPRO without substan-
tially modifying the dataset. For this reason, we
considered BFCL unsuitable for our study setting.

Why τ -bench is only partially aligned. τ -bench
is closer to our setting, but it uses relatively small
tool inventories (e.g., 15 APIs in Retail and 13 in
Airline). By contrast, our main claim concerns set-
tings with large toolsets, where tool selection and
schema-constrained slot filling become the dom-
inant sources of failure. We therefore prioritize
benchmarks that more directly stress this scaling
regime.

Scope with respect to sequential planning. Our
current evaluation focuses on single-tool, paral-
lel multi-tool, and schema-constrained argument
instantiation settings. It does not yet evaluate long-
horizon sequential workflows in which the output
of one tool determines the choice or arguments of
a subsequent tool. We view this as an important
next step, but also as a distinct source of difficulty
from the large-inventory tool selection and slot-
filling problems targeted by JTPRO. Extending the
framework to sequential planning benchmarks is a
natural direction for future work.

C.2 Evaluation protocol and reporting.

To reduce variance from stochastic decoding and
optimization dynamics, all results are aggregated
over multiple independent runs. Unless otherwise
stated, each experiment is repeated 5–10 times and
we report the average performance across runs.
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Figure 7: ToolACE scaling results across models and metrics. For each model, we report TSA, SFA (conditional
on correct tool), and OSR at 500 and 1000 tools. Tool-universe growth primarily reduces TSA for the baseline,
which cascades to lower OSR; GEPA partially mitigates this via global instruction refinement, while JTPRO
provides the most consistent improvements in OSR by jointly refining global instructions and tool/slot descriptions.

For fair comparison, we run JTPRO and GEPA
under matched optimization budgets: both meth-
ods use the same maximum number of rollouts and
identical optimization settings (including the same
minibatch size and the same reflector configura-
tion). Across all experiments, we use o3-mini as
the reflector model and set the LLM temperature
parameter to 1.

D Additional Figure Discussion

D.1 Repetitive slot semantics across tools

Figures 9 and 10 motivate GLOBALIZESLOTS. Fig-
ure 9 shows a heavy-tailed distribution of parameter
families across the tool inventory: a small number
of recurring semantic classes, especially identifier
and date/time fields, appear across a large frac-
tion of tools (up to 77/124), while numeric bounds,
boolean flags, sorting parameters, and related fields
also recur repeatedly. This pattern indicates that
many tools restate nearly identical guidance for
formatting and interpretation, such as ISO-8601
date handling, inclusive versus exclusive numeric
bounds, defaulting behavior, boolean semantics,
and currency normalization.
Figure 10 shows how JTPRO converts this re-
dundancy into a compact global rule layer. In-
stead of repeating the same instructions inside each
tool schema, JTPRO lifts shared conventions into
named global rules such as DateTime Fields, Nu-
meric Bounds, Boolean Parameters, Sorting Con-

ventions, and Currency and Units, and replaces du-
plicated local text with short pointers to those rules.
In the illustrated ItemOverageRequest schema,
for example, startDate and endDate now re-
fer to the global date/time rule, rangeMinimum
and rangeMaximum refer to the global numeric-
bounds rule, and rangeMinimumInclusive and
rangeMaximumInclusive refer to the global
boolean rule, while tool-specific fields such as
locationName and itemName remain local. This
two-level organization improves slot filling by en-
forcing consistent semantics across tools, reducing
duplicated and potentially conflicting wording, and
preserving schema space for the tool-specific ex-
ceptions and disambiguation cues that matter for
correct invocation.

D.2 Figure 7: ToolACE scaling results

Figure 7 evaluates robustness under tool-universe
growth (500 vs. 1000 tools). The dominant fail-
ure mode under scaling is reduced TSA: as inven-
tories expand, overlapping tool descriptions and
increased distractors cause more routing errors,
which then cascade into lower OSR. GEPA par-
tially mitigates this via global instruction refine-
ment, but it does not directly repair tool-local am-
biguity or slot semantics. JTPRO delivers the most
consistent OSR gains because it jointly revises
global policies and the specific tool/slot descrip-
tions implicated by observed failures, improving
both selection and downstream argument correct-
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Figure 8: ETID performance across supervision levels. Grouped bars show TSA, SFA (conditional on TSA), and
OSR for three models under Train-1ex/2ex/4ex regimes. Baselines achieve high TSA but substantially lower OSR,
revealing slot/value errors as the dominant failure mode; JTPRO improves SFA and therefore OSR consistently
across regimes, while GEPA primarily improves TSA for larger models.

ness.

D.3 Figure 8: ETID performance across
supervision levels

Figure 8 studies data efficiency on ETID under
Train-1ex/2ex/4ex regimes. Across models, base-
lines often achieve relatively strong TSA but sub-
stantially lower OSR, indicating that slot/value
instantiation is the primary bottleneck under com-
plex schemas. JTPRO improves SFA (condi-
tional on TSA) and therefore consistently lifts
OSR across supervision levels, reflecting that many
ETID failures stem from underspecified or incon-
sistent argument semantics that can be corrected
through targeted tool/slot documentation edits plus
strengthened global tool-calling rules.

D.4 Figure 11: Per-example slot-filling
improvement rate

Figure 11 reports the fraction of test instances for
which JTPRO improves per-query slot/value cor-
rectness over the baseline. The gains are larger on
ETID (complex schemas) than on ToolACE, align-
ing with the hypothesis that real-world OSR is of-
ten bottlenecked by argument instantiation even af-
ter correct tool selection. Importantly, the improve-
ments occur on a non-trivial fraction of held-out
examples across all evaluated models, suggesting
that joint context refinement yields robust, example-
level corrections rather than isolated wins.

D.5 Figure 12: ToolACE-500 example-wise
corrections (GPT-5)

Figure 12 provides an example-wise view of slot/-
value corrections on ToolACE-500 for GPT-5.
Each bar corresponds to a test instance, contrast-
ing baseline vs. JTPRO slot correctness. Overall,
JTPRO improves slot correctness on 26/121 exam-
ples (21.48%). This plot highlights that improve-
ments are distributed across the test set (rather than
concentrated in a single cluster), consistent with
JTPRO correcting recurring slot conventions and
tool-specific documentation ambiguities that mani-
fest in diverse queries.

D.6 Figure 13: ETID example-wise
corrections (GPT-5)

Figure 13 shows the analogous example-wise com-
parison for ETID (GPT-5). JTPRO improves slot
correctness on 94/403 examples (23.33%), rein-
forcing that complex multi-argument schemas ben-
efit strongly from (i) tightening global tool-calling
policies (e.g., required-field completeness, no hallu-
cinated keys) and (ii) clarifying per-tool parameter
semantics. Together with Figures 8 and 11, this
example-level view supports the claim that SFA is
a major driver of end-to-end OSR gains on ETID.
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Figure 9: Parameter frequency across tools. The distribution is heavy-tailed: a small number of parameter families,
especially identifier and date/time fields, recur across a large fraction of the tool inventory (up to 77/124 tools), while
numeric, boolean, sorting, and related fields also appear repeatedly. This motivates lifting shared slot semantics into
a global instruction layer rather than restating them in each tool schema.

Figure 10: Example of globalizing slot semantics. JTPRO moves repeated guidance for date/time formatting,
numeric bounds, boolean interpretation, sorting conventions, and currency normalization into named global rules, and
replaces redundant tool-local descriptions with short pointers to those rules. In the example ItemOverageRequest
schema, shared fields such as startDate, endDate, rangeMinimum, rangeMaximum, and their inclusive flags
reference global instructions, while tool-specific fields and local overrides remain in the tool schema.
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Figure 11: Per-example slot-filling improvements from JTPRO. For each base model and dataset, we report
the average percentage of test instances on which slot filling is more accurate after JTPRO optimization than the
corresponding baseline (i.e., per-query slot/value correctness improves). Gains are larger on the complex slot-filling
ETID benchmark (e.g., 34.99% for GPT-4o mini) and remain substantial on ToolACE (e.g., 23.97% for o3-mini),
indicating that JTPRO improves argument instantiation on a non-trivial fraction of held-out queries across models.

Figure 12: Per-example slot/value corrections after JTPRO (ToolACE-500, GPT-5). Example-wise comparison
of slot-filling outcomes on the ToolACE test set with 500 tools for GPT-5: each bar corresponds to a test instance
(x-axis indices), highlighting instances where JTPRO fixes previously incorrect slot/value instantiations relative to
the baseline. Overall, JTPRO improves slot correctness on 26 out of 121 test examples (21.48%).
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Figure 13: Per-example slot/value corrections after JTPRO (ETID, GPT-5). Example-wise comparison of
slot-filling outcomes on the ETID test set for GPT-5: each bar corresponds to a test instance (x-axis indices),
highlighting instances where JTPRO fixes previously incorrect slot/value instantiations relative to the baseline.
Overall, JTPRO improves slot correctness on 94 out of 403 test examples (23.33%).

Figure 14: JTPRO convergence on validation OSR. Validation OSR over optimization iterations for three base
models (GPT-4o mini, o3-mini, GPT-5); ⋆ marks final test OSR for the best validation-selected context. OSR rises
quickly in early iterations and then plateaus, indicating rapid correction of high-impact errors followed by smaller
refinements that transfer to held-out data.
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D.7 Figure 14: Convergence behavior
Figure 14 plots validation OSR over JTPRO iter-
ations for three base models, with ⋆ denoting the
final test OSR obtained using the best validation-
selected context. The curves show rapid early gains
followed by saturation, consistent with the reflec-
tor first correcting high-impact, systematic errors
(e.g., frequent tool confusions, missing required
slots, formatting/defaulting mistakes) and later iter-
ations focusing on smaller refinements. The sepa-
ration between validation trajectories and the final
test markers indicates that improvements transfer
to held-out queries rather than merely optimizing
minibatch idiosyncrasies.

D.7.1 Embedding-Based Disambiguation
Metric

D.8 Tool Description Disambiguation Analysis
We study how joint optimization improves tool
selection by analyzing semantic changes in tool
descriptions on the ToolAce-500 benchmark.

D.8.1 Description Enrichment
The optimizer modifies 55 out of 500 tool descrip-
tions (11%), increasing the average description
length from 86.1 to 100.1 characters (+16.3%).
These edits primarily target disambiguation, ex-
plicitly differentiating tools with overlapping se-
mantics.

Example: search vs. web_search

• search (before): “Perform Google search and
get results.”

• search (after): “Perform Google search with
advanced locale controls (gl/hl), country re-
strictions (cr), and time filters (tbs). NOT for
general web article or paper discovery, prefer
web_search for generic queries.”

• web_search (after): “Search the web for rele-
vant pages. PREFERRED for general-purpose
web, article, and paper discovery. Do not con-
fuse with similarly named search tools.”

D.8.2 Confusable Tool Groups
We identify tools sharing common name prefixes
(e.g., get_user_*, get_all_*) as potentially con-
fusable. This yields 37 groups comprising 109
tools, representing high-risk ambiguity regions
where models frequently select semantically simi-
lar but incorrect tools.
To quantify disambiguation quality, we compute
pairwise cosine similarity between tool descrip-

Tool Group Before After ∆

get_ip_* (2) 0.668 0.502 −0.166
get_page_* (2) 0.849 0.736 −0.113
get_languages_* (2) 0.676 0.584 −0.092
get_trending_* (3) 0.437 0.377 −0.060
search_by_* (2) 0.281 0.265 −0.016

Table 5: Intra-group cosine similarity (lower indicates
better disambiguation) for the most improved confus-
able tool groups. Parentheses denote group size.

Metric Value

Total tools analyzed 500
Modified descriptions 55 (11.0%)
Avg. length (before) 86.1 chars
Avg. length (after) 100.1 chars
Relative increase +16.3%

Confusable groups 37
Confusable tools 109
Groups improved 6 (16.2%)
Avg. similarity reduction 0.012

Table 6: Summary of tool description disambiguation
on ToolAce-500.

tions within each confusable group using sentence
embeddings (all-MiniLM-L6-v2). Lower intra-
group similarity indicates stronger semantic sepa-
ration.
The get_ip_* group exhibits the largest improve-
ment, with similarity reduced from 0.668 to 0.502.
This change reflects the addition of explicit pref-
erence guidance, e.g., “Preferred for general
IP geolocation requests. Use this instead of
get_geolocation_by_ip unless extended fields
are required.”

D.8.3 Disambiguation Patterns Learned
Across the 55 modified tools, we observe four re-
curring disambiguation strategies:

1. Parameter format guidance (28 tools): e.g.,
“Pass country_code as a 2-letter lowercase ISO
code.”

2. Explicit preference signals (9 tools): e.g.,
“PREFERRED for. . . ”

3. Negative constraints (5 tools): e.g., “NOT for
general web article discovery.”

4. Cross-tool references (3 tools): e.g., “Use this
instead of get_geolocation_by_ip.”

D.8.4 Summary Statistics
Overall, joint optimization learns to resolve tool
ambiguity through targeted description edits, com-
plementing instruction-level optimization and im-
proving tool selection robustness.
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Per-tool length changes for the 55 modified tools.

ge
t ip

* (
2)

ge
t p

ag
e*

 (2
)

ge
t la

ng
ua

ge
s* 

(2)

ge
t tr

en
din

g*
 (3

)

sea
rch

 by
* (

2)

ge
t a

ll*
 (1

8)

ge
t to

p*
 (3

)

ge
t u

ser
* (

8)

ge
t in

sta
gra

m* (
6)

ge
t ra

nd
om

* (
3)

ge
t p

rod
uc

ts*
 (3

)

ge
t a

va
ila

ble
* (

3)

Confusable Tool Group

0.0

0.2

0.4

0.6

0.8

1.0

In
tra

-g
ro

up
 C

os
in

e 
Si

m
ila

rit
y

-16.6%

-11.3%

-9.1%

-6.0%

-1.5%
-1.0% 1.5%

Intra-group Similarity (Lower = Better Differentiation)

Before
After

Figure 16: Intra-group cosine similarity for the top 15 confusable tool groups. Lower values indicate stronger
semantic differentiation.

40595


